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Abstract

Enterprise Search (ES) is an organisation’s use of Information Retrieval
(IR) technologies to find content from multiple databases (e.g. corporate
directories), intranet document repositories and the organisation’s web pages.
A consequence of the ubiquity of commercial Web Search (WS) is that users
have high expectations when interacting with their organisation’s ES service.
As with WS, ranking is also a major challenge for ES deployments.

In many organisations, the ES service is said to be ‘relevance-blind’. Users
or employees cannot find the information they seek within an acceptable time
because of poor ranking in the search results or inappropriate ‘wording’ of
the initial query. ES is an area of enormous importance for businesses yet
has attracted relatively little academic interest, partly due to researchers’
difficulties in gaining access to corporate intranets and datasets.

Two methods for improving ranking are Learning to Rank (LTR) and Lan-
guage Modelling (LM). LTR is the application of supervised machine learning
techniques for training a model (with labelled data) to provide the best rank-
ing order of documents for a given query item. LM is a foundational com-
ponent of Natural Language Processing (NLP) and, when applied to ranking
tasks, can learn text features that bridge the gap between query and document
vocabulary (semantic matching).

LTR with LM also enables the discovery of the best candidates for Query
Auto-Complete (QAC). QAC for ES can inform new staff members about the
range of selections available to them and assist in narrowing that selection
even before the user has finished typing a query. Query suggestions can steer
searchers to use the appropriate organisational jargon/terminology and avoid
submitting queries that produce no results.

This thesis investigates whether LTR and LM can significantly enhance
the ranking of both search results and query auto-completions in ES. Ranking
models are trained and evaluated on real-world ES data from a large third-
level academic institution.

A custom Language Model, built using LLM techniques, detects enterprise-
specific jargon and is integrated as a feature in the ranking pipeline. LTR
is used to weigh feature contributions and create ranking models for a live
Enterprise Search service. Offline experiments and online A/B tests show
improvements in Mean Reciprocal Rank (MRR) and normalized Discounted
Cumulative Gain (nDCG) scores, with up to a 15.3% improvement in MRR
for QAC and an nDCG@5 gain of 5.85% for search results.

The overarching contribution is a bridge of the gap between academic AI
ranking models and real-world Enterprise Search implementations. Addition-
ally, an LTR-formatted ES ranking dataset is generated and made publicly
available to support reproducibility and future research.
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1
INTRODUCTION

1.1 Motivation and Problem Statement
A consequence of the pervasive use of commercial/internet Web Search (WS) is that
users have high expectations with regard to the ranking of search results. Similarly,
the ranking of query auto-completions should match users’ intentions. Cleverley and
Burnett refer to these elevated expectations as the ‘Google Habitus’ [1].

Searching for intellectual assets within an enterprise has traditionally been a less
satisfactory experience. As far back as 2003, a paper entitled ‘the high cost of not
finding information’ describes how productivity is lost when employees can’t find
the information they need on the intranet and have to resort to asking for help from
colleagues [2]. In a 2011 study, managers in the US, UK, Germany and France say
that their internal enterprise search service falls short of expectations and that over
half (52%) of surveyed users “cannot find the information they seek within an ac-
ceptable amount of time, using their own enterprise search applications” [3]. A 2023
survey by Gartner found that 47% of workers struggle to find the information or
data needed to effectively perform their jobs [4]. More recently, Microsoft reported
that this figure has risen to 62% [5]. Taken together, these findings indicate that in-
formation fragmentation within organisations is worsening despite the proliferation
of digital collaboration tools and content management systems. As enterprise data
volumes continue to expand across heterogeneous repositories, intranets, and cloud
services, employees are spending more time searching for information and less time
applying it productively. This growing inefficiency underscores the increasing impor-
tance of effective Enterprise Search (ES) systems as a core enabler of organisational
productivity and knowledge management. A key contributor to this underperfor-
mance is the difficulty ES systems face in ranking documents appropriately for a
particular query [6].

In addition to ranking of search results, searchers may also experience difficulties
identifying the appropriate vocabulary for effective query formulation [7]. For new-
comers, this challenge is compounded by the prevalence of specialised jargon and
terminology unique to an organisation. Although much research has been under-
taken by commercial search engine providers, ranking performance on smaller and
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more focused collections has, to date, attracted less attention [6]. This has led Kr-
uschwitz to state that ‘Search has become ubiquitous, but that does not mean that
search has been solved’ [6].

Enterprise Search (ES) is a service that provides unified and secure retrieval of organ-
isational data. The content components may be internally and/or externally acces-
sible. This may include confidential content such as committee papers, blueprints,
and internal messaging boards, as well as published content such as corporate direc-
tories, marketing material or web pages intended for public viewing (Figure 1.1). An
effective ES service can help users avoid navigating hierarchical menus and hyper-
links as it facilitates the search of assets within an organisation via a single window
to the enterprise [8]. ES searches typically comprise queries for persons, usernames,
course codes, tracking numbers, purchasing codes, intranet documents or any datum
specific to the organisation. ES content is often imbued with organisational termi-
nology/jargon (i.e., words, phrases, expressions, and idioms that are not universally
familiar).

Figure 1.1: Typical Enterprise Search content showing both internal and external-
facing components.

As with WS, ranking is also a major challenge for ES deployments [6,9,10]. Ranking
is typically applied twice per search:

• The ranking of Query Auto-Completions (QAC) for a typed prefix during
the Query Formulation phase.

• The ranking of search results for a submitted query as presented for the
Results Inspection phase.
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The search results and QAC ranking applications are complimentary links of a cycle,
as shown in Figure 1.2. The query can be refined at the end of the cycle if the user’s
information need is unsatisfied. In this respect, the search process is often described
as a loop [11]. QAC can reduce the number of iterations and help to ‘shorten the
loop’ by enhancing the Query Formulation phase, even before a query is submitted.

Figure 1.2: The Search Process as a ‘loop’ and QAC contribution to the Query
Formulation link.

1.1.1 Ranking Of Search Results

Ranking refers to ordering results based on the most appropriate and useful informa-
tion in response to a query. The most relevant web pages are presented at the top of
the list. By convention, search engines display just ten results per page. According
to a 2025 study, less than six per cent of Google WS users navigate further to the
second page [12].

Early search engines relied on similarity matching, where documents containing the
exact terms from the user query were retrieved and displayed. Documents were
ranked using similarity functions, which produced a relevance score. The BM25 [13]
similarity function emphasises important terms within a specific document while
downplaying those common across the entire corpus and incorporates other factors
like adjusting the relevance score based on the length of the document. Both the
Apache Solr and Elasticsearch enterprise search engines are built on Apache Lucene,
and since the release of Lucene version 6 in 2016, BM25 has been used as the default
similarity function across the Lucene ecosystem [14,15].

Apart from similarity matching, additional signals of usefulness and importance can
boost the relevance score. For example, in WS, link analysis uses the Internet’s
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hyperlink structure to determine a page’s importance. Pages linked to by many
other pages, especially those that are important, are considered of greater utility
and ranked higher. An example of link analysis is Google’s PageRank [16, 17]. In
ES, link analysis is less effective, as much of the organisation’s content is created
in documents without hyperlinks (or even publishing intent). For example, an MS
Word document stored on a network share might not contain any hyperlinks.

The accepted metric for evaluating ranking performance for search results is nor-
malised Discounted Cumulative Gain (nDCG). It measures the perceived utility of
search results by a user performing sequential browsing of a ranked list [18]. nDCG
captures how far an ordered set of search results is from the ideal (annotated) rank-
ing order. The nDCG metric depends on the availability of an agreed ‘ideal’ ordering
of documents, D, for a particular query, Q. This ideal ordering is typically recorded
as Q-D pairs annotated by human judges. Precision is not used to directly measure
ranking performance, as it merely records the proportion of relevant or non-relevant
items in a list - it does not factor the order or degree of relevance. If human judges
are unavailable, a click model can be used to record end-user Q-D pair preferences
on search results. In WS, click models effectively infer search importance to a doc-
ument for a given query [19]. Commercial WS providers have researched harnessing
click-through data and using it as a surrogate for preference judgements. Its use in
Enterprise Search (ES), however, has not been explored.

1.1.2 Ranking Of Query Auto-Completions

Google incorporated QAC into its search engine in 2008. Since then, QAC has
gradually become a ubiquitous function in modern search systems. Given a prefix
consisting of a number of characters entered into the search box, the user interface
proposes alternative ways of extending the prefix to a full query candidate [20]
as shown in Figure 1.3. Traditionally, QAC candidates have been ranked using
Term Frequency (TF) and query history [21]. In addition to saving typing effort
and time [22], QAC helps users formulate their query when they have an intent in
mind but not a clear articulation (i.e. ‘wording’) for their organisation’s specialised
language and jargon/terminology. Since most organisations have their own local
lexicon [23], QAC can play a role in bridging this gap [24].

As with search results, the ranking of QAC candidates in ES exhibits numerous
distinctions from WS. For example, query auto-completion suggestions submitted to
the engine in ES must produce one or more results. Suggestions that could produce
‘no results found’ must be avoided (as this would undermine users’ confidence in the
ES service). This differs from the domain of WS, where larger indices are unlikely
to produce suggestions that produce no results. Moreover, searches on an ES service
are usually undertaken by ‘knowledge workers’ attempting to carry out a specific
work task. Any delay in retrieving the desired information has a monetary cost for
the organisation.

The Mean Reciprocal Rank (MRR) is widely accepted as the principal metric for
evaluating QAC ranking performance [20,25]. Unlike nDCG, only the first ‘correct’
candidate is considered for MRR. Computing MRR depends on the availability of an
agreed ‘preferred’ ordering of candidates, C, for a particular prefix, P. This ordering
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Figure 1.3: Query Auto-Completion for the prefix ‘machine’ with five candidates
presented in the drop-down box. QAC not only saves effort and time for end-users
but may also inspire new query possibilities.

is typically recorded as P-C pairs and is usually generated using a click model that
records user choices.

Research for the ranking of QAC has been primarily based on datasets created for
WS. AOL released a benchmark dataset designed to foster improvements in ranking
query auto-completions [26]. The dataset is based on web content from 2006 and
includes P-C pair preferences. Mirroring the situation with search results, there are
few if any query autocompletion datasets specifically designed for enterprise search
applications.

Table 1.1: Inputs, Outputs and Metrics for Ranking Applications
Ranking Application Input Output

(Ranked List)
Dataset

Pairs
Ranking

Metric
Search Results Submitted Query Documents Q-D nDCG

Query Auto-Complete Typed Prefix Completion
Candidates

P-C MRR

Table 1.1 outlines the key inputs and outputs for ranking search results and Query
Auto-Completions and the principal metrics used to measure ranking performance.

1.1.3 AI Methods

For modern WS engines, the traditional methods have been augmented and in some
cases superseded by the following state-of-the-art AI methods, which improve rank-
ing performance for both search results and QAC:

• The Learning To Rank machine learning method is considered “a standard
workhorse” [27] for ranking.

• The Language Modelling method involves contextualising a corpus to enable
synonym generation and next word prediction [28].
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Learning To Rank (LTR) Adding ever-more ranking functions has the inherent
problem that it is very difficult and eventually impossible to apportion the ‘correct’
weighting to each function. For example, the BM25 ranking function can be com-
puted for individual fields (title, content, anchor text, etc.), raising the question of
what importance should be assigned to each field. The importance of an anchor text
field likely outweighs that of the content field, but by what margin? LTR answers
these questions by apportioning a ‘weight’ to the contribution of each of the ranking
functions (or ‘features’, as they are referred to when using LTR). LTR involves ap-
plying supervised machine learning techniques to train a model (with labelled Q-D
or P-C data) to provide the best ranking order. The ranked items can be docu-
ments in the case of search results or candidates in the case of QAC. LTR differs
from classic ML problem types such as classification or regression (which produce
a single label or numeric value) because its output is an ordered sequence of items
(i.e. a ranked list).

Microsoft and Yahoo have released benchmark datasets designed to foster improve-
ments for LTR algorithms [29–31] in the domain of internet WS. Much of the current
LTR research pertains to comparing and evaluating the numerous ranking algo-
rithms and novel features using these datasets. A limitation of this research is that
it is specific to web content and has not been applied to enterprise content [8]. A
test collection or dataset based on Enterprise Search is hard to come by, as organisa-
tions are not inclined to open their intranet to public distribution, even for research
purposes [1, 10].

Language Modelling (LM) Bridging the gap between a user’s query intention
and retrievable content is a more difficult problem than traditional ‘similarity match-
ing’. The problem is sometimes referred to as ‘vocabulary mismatch’ [32]. LM has
the ability to discover hidden meanings, structures, relationships, and features that
inform ranking, thus bridging the gap between query and document vocabulary (in-
cluding jargon/terminology) by interpreting user intent and returning content that
matches that intent. Increased retrievable content improves recall and is sometimes
called ‘semantic matching’. Google pithily refers to the task as matching ‘things,
not strings’ [33]).

LM is a foundational component of Natural Language Processing (NLP) and spe-
cialises in tasks such as synonym generation or auto-completion. Advances in lan-
guage modelling, particularly through models like word2vec [34], RoBERTa [35],
GPT [36], and others, have significantly improved the capabilities of LM/NLP sys-
tems, leading to a better contextualisation and understanding of language in an ES
corpus.

Little research has been undertaken in the ES domain to investigate or apply the LTR
and LM state-of-the-art AI methods to the search results and QAC applications.
This leads us to three problem statements:

• PS-1: In the field of Enterprise Search, users often see the relevance ranking
of search results as poor, especially compared to commercial search engines.

• PS-2: A mismatch between publisher and user intent is often encountered in
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ES. This leads to documents not being appropriately ranked or recalled for a
given query.

• PS-3: Users may struggle to formulate their query when they have an in-
tent in mind but not a clear articulation or ‘wording’ for their organisation’s
specialised jargon/terminology.

1.2 Research Question
The research question can be broadly framed in a single overarching sentence:

To what extent can Learning to Rank and Language Modelling methods,
tailored to enterprise content and information needs, boost traditional ES
ranking performance for both search results and query auto-completions?

More specifically, the above can be trisected into the following constituent questions:
• RQ-1: Compared to the traditional methods, to what extent can Learning to

Rank improve relevance matching and ranking performance of search results
for Enterprise Search? This addresses PS-1.

• RQ-2: To what extent can Language Modelling address ‘vocabulary mis-
match’ by improving semantic matching for Enterprise Search? This ad-
dresses PS-2.

• RQ-3: To what extent can LTR and LM methods be used to suggest and
improve the ranking of candidates generated for Query Auto-Complete for an
organisation’s specialised jargon/terminology? This addresses PS-3.

1.3 Research Objectives
Research objectives that arise from the research questions are:

• OBJ-1: Develop and evaluate a Learning to Rank model for ES search results
and compare it with the effectiveness of traditional ranking methods. This
objective addresses RQ-1 and is achieved via experiments EXP-1 and EXP-2.

• OBJ-2: Compare the effect of using implicit feedback such as click-through
data instead of human judgements in LTR training data gathered from an
online ES service. If organisations can safely use CTR in place of costly
human annotations, this objective has implications for datasets like the one
used in RQ-1 and is tested in experiments EXP-3 and EXP-4.

• OBJ-3: Detect jargon/terminology in enterprise content and decode jargon
terms for query expansion via synonyms to unlock Semantic Search.This ad-
dresses RQ-2 and is achieved via experiments EXP-5 and EXP-8.

• OBJ-4 Develop and evaluate a ranking model for Query Auto-Completion
candidates customised for enterprise content and associated specialised jar-
gon/terminology. This addresses RQ-3 and is achieved via experiments EXP-6,
EXP-7 and EXP-8.
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1.4 Research Methodology
The approaches and techniques used to investigate the research questions and ob-
jectives are outlined in terms of data collection/solicitation, technical approach,
and evaluation strategy. The research ethics that governs the methodology is also
described here.

1.4.1 Data Collection/Solicitation

In this study, data is gathered for a ‘live’ ES service of a large third-level academic
institution. The data includes the organisation’s intranet and public-facing internet
components. The data is gathered using two techniques:-

• Soliciting samples of qualitative relevance judgements from expert (human)
annotators.

• Extracting quantitative data from the ES system (e.g., use of search log files
and indexed documents). This data can be used as a proxy for human relevance
annotations.

1.4.2 Technical Approach

The Apache Solr open-source search platform [14] is used to build an Enterprise
Search service. On top of this platform, Solr supports an LTR ‘contrib module’ that
can be configured to run ranking models. Solr also supports a ‘SuggestComponent‘,
which enables QAC to be implemented in a highly configurable way (OBJ-4). Out-
side of Solr, offline LTR frameworks such as XGBoost [37] and RankEval [38, 39]
are used to train and evaluate ranking models based on feature weights (OBJ-
1). LM and word embedding technologies like OpenAI’s GPT-4 model [36] and
RoBERTa [35] are employed for semantic matching and to capture representations
of jargon/terminology used in organisations (RQ-2, OBJ-3).

1.4.3 Evaluation Strategy

To evaluate the impact of LTR and LM methods on the ranking performance of a
model, two methods are used:

• Conducting offline statistical and ranking experiments with an ES dataset
generated from an ES service (RQ-1,OBJ-2).

• Conducting online experiments (such as A/B tests) via a load-balancer on
a live ES service to select and eventually adopt the best-performing model
(RQ-3,OBJ-4).

The results of the evaluation of the ES data are compared with the corresponding
results of published studies from the domain of WS.

1.4.4 Research Ethics

Experimenting with ES data required a data protection impact assessment to en-
sure that personal information processing and controlling complied with EU GDPR
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(2016) and AI Act (2024) principles, requirements and risks. The subsequent ap-
proval of the research proposal involved sign-off from both a Research Ethics Com-
mittee and also the IT Services/IT Security departments responsible for the service
provision. Conditions for approval were that personal data (and meta-data) should
be anonymised or pseudorandomised to protect individuals’ identities (GDPR Arti-
cle 25) and a mechanism to facilitate the rights of data subjects, including the right
to opt out of the study (GDPR Articles 7 and 17). A record of all processing ac-
tivity was maintained (GDPR Article 30). A copy of the Research Ethics Approval
form, together with recorded approvals, is included in Appendix C. A proviso was
stipulated by IT Security that the name of the enterprise should not be documented
in any published material. For this reason, some minor details have been redacted in
Appendix C. Additionally, IT Security did not authorise the publication of the raw
queries. This restriction does not affect the utility of the released LETOR-formatted
dataset, as the standard format is designed to work with anonymised Q-D pairs (the
original query strings are not a requirement). Finally, henceforth the organisation
will be referred to as simply ‘The University’.

1.5 Research Contributions
The overarching intended outcome of this research is a bridge of the gap between
state-of-the-art AI ranking models and real-world Enterprise Search implementa-
tions, while introducing novel features to detect and decode organisational jargon.
More specifically, this can be broken down into the following constituent contribu-
tions:

• RC-1 LTR Models to rank search results and QAC candidates for ES content
and information needs.

• RC-2 A comparison of the effectiveness of traditional ES ranking methods
with ranking performance achieved using LTR and LM methods.

• RC-3 An Enterprise Search dataset based on document characteristics and
search log data from a ‘real world’ ES service. The dataset is in the LTR
format and is publicly available1.

• RC-4 Evidence that click-through rate can be used in place of human relevance
judgements in training data for ES search results.

• RC-5 Novel Language Model algorithms that improve ranking and recall for
jargon/terminology specific to an organisation (for both search results and
QAC).

Table 1.2 provides a mapping of the problem statements to each of their associated
research Questions, objectives and contributions.

The research results are disseminated to peer-reviewed venues and the publications
arising from this research are outlined in Section §6.4.

1https://github.com/ColinDaly75/ES-Ranking
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Table 1.2: Problem Statement mapping via Research Problem, Question, Objective and
Thesis chapter.

Research Problem
Statement

Research
Question

Research
Objective

Research
Contribution

Thesis
Chapter

PS-1 RQ-1 OBJ-1 RC-1,2,3 3
PS-1 RQ-1 OBJ-2 RC-3,4 3
PS-3 RQ-3 OBJ-4 RC-5 4
PS-2 RQ-2 OBJ-3 RC-5 3,4

1.6 Thesis Outline
This chapter one is an introduction to the topics and research motivation while
stating the research problem and corresponding questions. Additionally, the objec-
tives and contributions are presented in this chapter.

The remainder of this document is organised as follows.

Chapter 2 presents a literature survey and describes the state-of-the-art with gap
analyses focused on the research questions above. The core topics of the literature
survey are i) Enterprise Search, ii) Ranking of ES search results, iii) Ranking of
Query Auto-Completions, iv) Learning to Rank and v) Language Modelling.

Chapter 3 describes the research on using LTR and LM approaches for ranking
ES search results, addressing RQ-1,2 and OBJ-1,2,3.

The research on using LTR and LM approaches for ranking Query Auto-Completions,
addressing RQ-3 and OBJ-4, is described in Chapter 4.

Chapter 5 is an expanded discussion, interpretation and critical analysis of the
experimental results (of both search results and query auto-completions) and their
implications, generalisability and limitations.

Finally, Chapter 6 presents a conclusion and includes a reflective evaluation as
to the extent to which the research addresses the research questions and fulfils the
contributions. Several avenues and agendas for future research are suggested.

Supplementary Information:
Additional supplementary information related to the software in this thesis is stored
in the repositories outlined in Table 1.3:

Table 1.3: All code used in this document is stored in these GitHub Repositories.
GitHub repository location Description
https://github.com/ColinDaly75/ES-Ranking Search results ranking
https://github.com/ColinDaly75/QAC_LTR_for_ES QAC ranking
https://github.com/ColinDaly75/JARGES JARGES
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2
LITERATURE SURVEY

The title of this thesis document is “AI Approach to Ranking of Search Results and
Query Auto-Completions for Enterprise Search”. This title encompasses five key
research topics:

• Enterprise Search (ES)

• Ranking of Search Results

• Ranking of Query Auto-Completions (QAC)

• Learning to Rank (LTR)

• Language Modelling (LM)
AI Approach methods

This chapter describes and analyses the state of the art in each topic with respect
to its relation with, and application to, Enterprise Search. A definition (or multiple
definitions) is offered for each topic, followed by a discussion of the topic’s key
challenges, problems and research gaps pertinent to ES.

2.1 Enterprise Search
ES refers to the retrieval of information from within an organisation’s internal and
external repositories. While small and well-organised organisations might not re-
quire a dedicated search function, efficient ES is essential in complex organisations
for retrieving diverse and distributed information assets.

2.1.1 Background

ES can be conceived of as occupying a middle ground between Web Search (WS),
which indexes content across the open internet, and desktop search, which indexes
the contents of a single device [6, 40]. As personal drives are gradually replaced
by shared storage on organisation’s intranet, desktop search within an enterprise is
becoming less relevant [6]. ES aggregates structured and unstructured data from
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multiple organisational sources, such as intranet shares, document management sys-
tems, emails, social media, and web servers (both internal and external-facing).

Depending on a researcher’s field, several related terms are used when studying ES.
Synonyms include ‘workplace search systems’ [41], ‘enterprise document search’ [42],
‘workplace web’ [43], ‘Enterprise Information Portal’ [43], ‘Business Portal’ [44],
‘corporate search’ [45] and ‘Enterprise AI search’ [46]. Lewandowski [47] laments
the lack of a consistent and unified terminology in the field of search engines between
information scientists and search engine optimisers.

Although scholarly discourse persists regarding the inclusion of external-facing web-
sites within ES systems, prevailing definitions recognise that both internal and
public-facing content may be indexed. According to Craswell [10], enterprise con-
tent includes intranet pages, email archives and document repositories. Kruschwitz
expands this content to also include an organisation’s external-facing documents
and web pages [6]. In either case, the primary focus of ES systems remains oriented
toward serving employees (or members) of an organisation rather than prospective
customers or the broader public.

By its very nature, the primary goal of knowledge workers is to access and retrieve
information. Examples include programmers, physicians, pharmacists, architects,
engineers, scientists, design thinkers, public accountants, lawyers, editors, and aca-
demics, whose job is to ”think for a living”. Accounts of the average time spent
looking for a document vary widely. Software engineers are estimated to spend
25% of their workday searching [41]. Design engineers and technical professionals
in six high-tech organisations were observed to average 25.6% of their time search-
ing [48]. In an R&D organisation, knowledge workers spend between 10 and 30
minutes daily [49]. Whatever the figure, most people would acknowledge that it
is intuitively time-consuming. According to Orbital Media [50], 53% of websites
have a search tool in their header, reflecting the fundamental importance of search
functionality even outside large enterprises.

Organisational knowledge may include deliverables created explicitly through knowl-
edge work (e.g., patents and reports). It also comprises the codes (rules, formal and
informal procedures and policies) and routines (strategies for performing complex
tasks) that guide organisational action and decision-making [51]. Ideally, Enter-
prise Search should also facilitate discovering relationships between entities in the
organisation. This involves both understanding user needs in enterprise search and
development of appropriate IR techniques [10].

In addition to time loss, any delay in retrieving the desired information or document
that describes relatively simple work tasks is also a source of frustration and leads
to negative feelings toward the service [42,52,53]

An organisation’s information assets may be stored in different systems and formats.
When employees leave the organisation, important knowledge and information may
become irretrievable. Without an efficient ES service, employees may find it diffi-
cult to retrieve quickly, collate and cross-reference. This can slow the ’onboarding’
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process for new employees. Moreover, it can lead to project delays and decision-
making [53].

Managers in the US, UK, Germany and France say that their internal enterprise
search service falls short of expectations and that over half (52%) of surveyed users
”cannot find the information they seek within an acceptable amount of time, using
their own enterprise search applications” [3]. Similarly, many end-users (‘enterprise
searchers’) express low satisfaction with the precision and recall of their workplace
search service [52].

2.1.2 Definitions

Enterprise search can be simply defined as finding the information needed from
within an organisation [3]. This chimes with White’s definition of ES as a service
that “enables employees to find all the information the company possesses without
knowing where the information is stored” [54].

As illustrated in Figure 1.1, ES is a federated store of workplace information with
data gathered from multiple sources, such as intranets, document management
systems, e-mail and social media [6, 10] and may also include the organisation’s
external-facing HTTP web servers [44, 55]. The data can be structured or unstruc-
tured [52, 55]. In his book entitled ‘Enterprise Search’, White defines enterprise
search as a service that ‘enables employees to find all the information that the com-
pany possesses without the need to know where the information is stored’ [54]. While
this definition does not exclude the corporate website, it clearly prioritises employ-
ees over external website visitors as the primary end-users. According to Maiworm
et al., the contents of an ES service should simply incorporate ‘all available data
sources’ [53]. White says that there is ‘no right answer’ to the question of whether
‘a search application optimised for internal information will be a good solution for
external users of corporate web sites’ [54]. Kruschwitz distinguishes ES from WS by
the predominance of documents, memos, books and spreadsheets [6]. No definition
of ES explicitly excludes externally available website content.

Consequently, it is expedient in this study to define Enterprise Search as covering
both publicly accessible and internally restricted content, as this aligns with the
hybrid nature of The University’s search environment, where staff and students
access a shared search service.

2.1.3 Distinguishing Enterprise Search from Web Search

Despite a substantial body of research on WS, ES has not been explored to the
same depth [6]. A key starting point is understanding the differences between ES
and WS. ES differs from WS insofar as content may be indexed from multiple
internal data sources (e.g., corporate directories, SharePoint repositories, intranet
file systems), rather than being crawled from publicly accessible web pages. ES
datasets therefore contain non-HTML content, legacy files not designed for search,
and materials with sparse metadata (e.g., no <title> tags, inconsistent headings,
or missing hyperlinks). ES also commonly features alphanumeric lookup queries for
internal identifiers such as usernames, course codes, tracking numbers, or purchasing
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codes (query types for unstructured content that are comparatively rare in WS [56]).

These differences extend beyond content type and format. ES usage behaviour
tends to be more navigational, with users seeking a specific known item (e.g., a
policy document, local jargon terms, or the homepage of a department) [57], whereas
WS supports a broader range of exploratory information needs that often include
full sentence queries and question answering [58]. Consequently, ES queries are
generally shorter than WS equivalents, and question-form queries are significantly
less frequent. Moreover, the absence of a rich hyperlink graph in ES means that
ranking functions relying on link-based authority signals (e.g., PageRank or anchor-
text distributions) are less meaningful, whereas field-aware textual relevance signals
and domain-specific terminology often dominate.

Finally, ES environments impose practical constraints that are rarely present in WS.
ES relevance judgments cannot be crowdsourced because internal content is not
externally visible, resulting in annotation by domain experts who share context and
knowledge of organisational terminology. This typically yields higher inter-annotator
agreement but at smaller scale [59]. Personalisation, session-based profiling, and
location-aware ranking (standard in WS) are constrained by privacy expectations
and regulatory compliance (e.g., GDPR), limiting the use of behavioural signals that
power modern WS models.

For these reasons, not all WS practices are transferable to ES. As White notes, “the
determination of a good answer for intranet search is quite different than on the
internet” [60, 61]. The following sections outline how ES/WS differences influence
ranking functions, feature engineering, evaluation methodology, and the design of
Query Auto-Completion (QAC) systems. Appendix A provides a catalogue of every
difference encountered during the course of this research.

2.1.4 Lookup and Exploratory Search

ES Searches are often for known documents (such as this year’s college calendar), or
other well-structured objects (such as a person’s contact details). This is sometimes
referred to as a ‘lookup search’ [62]. Lookup search relies heavily on users’ ability
to recall and recognise information [52]. In contrast, WS users are more likely to
perform exploratory searches, where the information need is broad, evolving, poorly
defined and ‘exploratory’ in nature. This distinction influences query formulation,
ranking strategies, and evaluation metrics.

2.1.5 Words per Query

In the field of WS, the number of terms in queries (sometimes referred to as query
length) has been steadily increasing over time [63]. Queries are becoming more
conversational and often mimic natural language questions. This trend is influenced
by several factors, including advancements in search technology, the proliferation
of voice assistants, and changing user behaviour. In the context of voice search or
AI-powered assistants like Amazon’s Alexa, and Google Assistant, queries are more
likely to be phrased as questions or full sentences.
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Over time, WS users have learned that search engines are capable of understanding
detailed and specific queries, leading to more elaborate input. Users therefore feel
less restricted by the need to craft keyword queries. WS user expectations and
behaviour has gradually spilled over to the field of ES [1].

A 2013 study of search queries by Kruschwitz [64] on a university web site observed
an average length of 1.81 query terms and this length will be compared to that of
The University’s ES service in Section §3.4.2 and Table 3.1. In a 2006 study for
WS, the average number of terms per query of the AOL dataset was 2.99 [26].

2.1.6 Query Clustering

Query clustering is the process of grouping similar queries into clusters based on
their lexical or semantic similarity. Clustering enables pattern identification of re-
lated topics among the queries [65]. For example, in ecommerce, queries like ”best
smartphones 2021” and ”top phones 2021” could be clustered to retrieve overlapping
results.

Lexical clustering is achieved via word overlap or surface-level similarity, while se-
mantic clustering uses embeddings (e.g., Word2Vec, BERT, described in Section
§2.5) to capture deeper semantic relationships. By understanding shared intent
among queries, search systems can better align with user needs and improve the
overall search experience. Query clustering is applied to The University’s queries in
Section §3.4.2, where examples of both lexical and semantic clustering are given for
some frequently queried terms.

2.1.7 Search Demand Curve

The Search Demand Curve (SDC) is a graph used to plot the outsize impact that a
small number of popular queries has on the overall volume of search activity. The
term “fat head” refers to the portion of search queries that are highly popular and
repetitive, often dominated by a relatively small number of keywords or search terms.
This zone of the curve represents the top-ranked results that receive a significant
portion of clicks and traffic [66].

In some cases, researchers or practitioners may use arbitrary thresholds or cutoff
points to segment the SDC into different categories, such as fat head, chunky mid-
dle, and long tail. However, these thresholds are often chosen based on empirical
observations or practical considerations rather than a fixed standard.

The specific percentage of 18.5% is not a universally agreed-upon threshold for
defining the fat head segment of the SDC [66]. Instead, the fat head segment
is typically characterised by a relatively small percentage of highly popular and
competitive search queries that generate the majority of clicks and traffic. The
exact percentage may vary depending on the context, industry, and dataset being
analysed.

Overall, the fat head segment of the SDC represents the most relevant portion of
search queries. It consists of the most frequently queried and high-volume keywords
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that further attracts traffic to the highest ranked search results. The SDC for The
University’s query history is plotted in Figure 3.3.

The SDC helps characterise how users interact with The University’s ES service
and provides context for the evaluation of ranking models. In ES, a small number
of high frequency queries often dominate traffic, meaning that improvements (or
regressions) in ranking performance for this segment can have a disproportionate
effect on overall user experience. Conversely, long tail queries are sparse and difficult
to evaluate, which influences the choice of metrics, the design of experiments, and
the interpretation of generalisation performance. Thus, the SDC helps explain which
parts of the query distribution our experiments are most likely to affect and how
representative the evaluation dataset is of real usage.

Since the segments are expressed as percentages, there is no reason the SDC graph
and analysis cannot be applied to both WS and ES, even though typical ES indices
are only on the order of hundreds of megabytes. This is tiny compared to WS, where
systems operate at petabyte scale (the Google search index is estimated to exceed
100 PB in size [67]). Figure 2.5 compares the shape of the Search Demand Curves
between WS and ES.

2.1.8 Jargon/Terminology

Newcomers to an organisation often struggle with unfamiliar internal vocabulary,
which can affect their ability to retrieve relevant information. Jargon is enterprise-
specific vocabulary that employees/members can understand. It encompasses words,
phrases, expressions, and idioms that are not universally familiar or properly under-
stood. While familiar to long-term employees, jargon can impede effective searches
by new staff or external stakeholders. This is sometimes referred to as ‘vocabu-
lary mismatch’ [32]. Query formulation using incorrect terms or phraseology can
lead to poor ranking and recall of query results, with a potential reduction in staff
productivity.

The same term can have a different meaning outside of the organisation. A search
for ‘timetable’ in WS will probably return departure times for the nearest bus or
train. Kruschwitz gives the example that the same search in a third-level education
institution might be aimed at lecture timetables (in Autumn) or exam timetables (in
Spring) [64]. This demonstrates that a jargon term not only has a different meaning
inside an organisation, it may have different meanings over time.

Although excessive use of jargon and terminology in organisations is often perceived
as exclusionary, we use the terms here in a positive context for conveying complex
ideas, processes, or services among employees/members who share common knowl-
edge of the enterprise. In this context, jargon and terminology facilitate efficient
communication.

In addition to jargon, organisations use abbreviations as a shortened form of a word
or phrase. Abbreviations include initialisms and acronyms. Initialisms are usually
created by omitting certain letters or components while retaining the essential mean-
ing, typically to enhance efficiency in written or spoken communication. Examples
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include ‘MBA’ for ‘masters of business administration’ or ‘AR’ for ‘academic reg-
istry’. An acronym is a specific type of abbreviation where a pronounceable word
is formed from the first letters of other words, pronounced as a single word. An
example at The University is ‘SITS’, which is short for the ‘student information and
tracking system’. The usage of initialisms and acronyms often depends on context,
domain, or convention, and they may require disambiguation, especially in technical,
academic and organisational settings [68].

As we will see in §4.5, the challenge of detecting and decoding enterprise jargon/ter-
minology within a corpus lends itself to the fields of natural language processing
(NLP) and large language models (LLM). LLMs, such as OpenAI’s GPT (Genera-
tive Pre-trained Transformer), are trained on large datasets containing vast amounts
of text from diverse sources. Word embeddings can capture semantic relationships
between words in text data [69]. While LLMs and embeddings are regularly used
in ecommerce [70] and commercial search engines [25], their application for ES has
not been sufficiently explored.

As antidote to the use of jargon is the ‘Explain Like I’m Five’ (ELI5) pedagogical
and communicative device. It is designed to distil complex concepts into simple,
relatable explanations, analogous to how one might explain a topic to a child aged
five. The method emphasises clarity and minimalism, aligning with principles from
cognitive load theory [71]. However, while ELI5 may be suitable for a one-off expla-
nation, it could quickly become a hindrance in organisations if repetition is involved.
Additionally, much of the organisational terminology does not lend itself to simpli-
fication. Jargon is here to stay!

2.1.9 Gaps in the Literature

Kruschwitz and Hull, in their 2017 book ‘Searching the Enterprise’ write that ‘Search
has become ubiquitous, but that does not mean that search has been solved’ [6].
ES is a growing industry and is now worth hundreds of millions of euros in Europe
alone [72]. In spite of this growing commercial importance, ES seems to be widely
under-studied by the academic community. Few academic case studies and very few
user evaluations are reported [6, 73].

The outstanding challenges in ES include:

• The heterogeneous content sources (e.g., intranets, databases, document sys-
tems) make ES content fundamentally different from WS content (as cata-
logued in Appendix A). Consequently, the ranking signals for ES are unlikely
to be the same as for WS.

• The motivation of enterprise searchers is likely to be different to users of ecom-
merce or commercial WS search engines. ES users use shorter queries with
greater emphasis on lookup rather than exploratory searches.

• Academic literature has detailed no mechanism to deal specifically with jar-
gon/terminology and the challenge that it presents for newcomers to the or-
ganisation.
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Thus, while users expect the sophistication of WS, organisational constraints and
enterprise content often inhibit similar levels of search quality in ES (as outlined in
PS-1).

2.2 Ranking of Search Results
The ranking of search results is the cornerstone of any Information Retrieval (IR)
service, including ES services. A basic definition of ranking is that it determines
the order in which documents are presented to the ES users. The most useful and
relevant items are ideally presented near or at the top of the list. The success of a
search system is thus highly dependent on its ranking performance.

This section reviews foundational and contemporary approaches to ranking search
results, with emphasis on their application and limitations within the context of ES.

2.2.1 Traditional Relevance Ranking: TF-IDF and BM25

Early IR systems primarily relied on term matching techniques, where the relevance
of a document was assessed based on the overlap of terms between the query and
the document text.

Term Frequency–Inverse Document Frequency (TF-IDF) measures the importance
of a term within a document relative to its frequency across the entire corpus.
Term Frequency (TF) captures how often a term appears within a document, while
Inverse Document Frequency (IDF) penalises terms that are common across many
documents, under the assumption that rarer terms are more informative.

BM25 [13] is a refinement of the classical TF–IDF model that introduces a probabilis-
tic term-frequency saturation and document-length normalisation. While TF–IDF
assumes a linear relationship between term frequency (TF) and relevance, BM25
adjusts the TF component to account for diminishing returns: the gain from each
additional occurrence of a term decreases asymptotically. In effect, BM25 can be
viewed as a modified TF–IDF weighting scheme in which the TF component is
redefined as a non-linear saturation function.

The BM25 relevance score for a document D and query Q can be expressed as:

BM25(D, Q) =
∑
t∈Q

IDF(t)︸ ︷︷ ︸
global term weight

· TFBM25(t, D)︸ ︷︷ ︸
local term weight

where the modified term-frequency weighting function is:

TFBM25(t, D) = f(t, D) (k1 + 1)
f(t, D) + k1

(
1 − b + b |D|

avgdl

)
and

• f(t, D) is the raw frequency of term t in document D;
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• |D| is the document length, and avgdl is the average document length in the
corpus;

• k1 controls term-frequency saturation (typically 1.2);

• b controls document-length normalisation (typically 0.75);

• IDF(t) is the inverse document frequency, e.g., log N−nt+0.5
nt+0.5 , where nt is the

number of documents containing term t.

This formulation makes explicit that BM25 replaces the linear TF component of
TF–IDF with a probabilistically motivated saturation function, producing a score
that balances term frequency, document length, and corpus-level discrimination.

The TF contribution is asymptotically bounded by k1, preventing overly frequent
terms from dominating the score. In this respect, BM25 is regarded as a probabilistic
approach to relevance estimation. It remains widely used in both web and enterprise
search applications, including as the default ranking function in Apache Solr and
Elasticsearch, where the default parameters are typically k1 = 1.2 and b = 0.75 [74].

BM25F [45] extends BM25 to multiple fields. It treats a document as weighted
“streams” such as title, anchor, and body. For each query term, it first aggregates
evidence across streams, applies BM25 saturation at that stage, then combines across
terms. Some fields are more predictive of relevance than others (e.g., title could
be expected to carry more weight than body). BM25F can use stream specific
parameters like bs.

In its simplest form, BM25F is equivalent to BM25 applied to a document where
fields are replicated according to their weights. However, a more complex treatment
is when BM25F approximates inference within the probabilistic relevance frame-
work for multi-field documents. Each field has its own length and noise. BM25F
first normalises per field, weighs the evidence, then applies BM25 saturation after
aggregation. This step is non-linear. The weights thus behave like log-odds style
coefficients that balance heterogeneous sources under a shared (field-aware) IDF.

BM25F is not employed as an explicit ranking feature in the experimental setup
described in Chapters 3 and 4, as the LTR models are configured with field-based
features that enable them to learn the relevant weights directly.

However, TF-IDF, BM25 and BM25F are limited by their reliance on surface-level
lexical similarity, failing to account for semantic matches or contextual nuances,
which are increasingly important in ES scenarios characterised by diverse jargon
and varied document formats.

2.2.2 Importance-Based Ranking

Reliance on TF-IDF and BM25 for WS ranking had a major flaw. In WS, a publisher
or advertiser was able to promote the ranking of their page simply by increasing the
number of times the term is mentioned in the web page!
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Hence, in addition to similarity measures like TF-IDF and BM25 (which assess
relevance based on term frequency and document structure), importance signals
offer an alternative ranking criterion. These signals, which may include factors
such as document authority, user engagement metrics, or domain-specific relevance,
can enhance ranking by prioritising utility (described in Section §2.2.15) over mere
lexical overlap.

LTR frameworks (described in Section §2.4) enable the weighted combination of
relevance and importance signals (features) into a unified ranking model, providing
considerable flexibility and performance optimisation.

2.2.3 Re-Ranking

Query re-ranking (Figure 2.1) is a technique wherein an initial, computationally effi-
cient sub-query function (A) is executed to identify a subset of matching documents
(x). Subsequently, the top k documents of this subset are re-ranked based on the
ranking scores generated by a more complex or computationally intensive sub-query
function (B).

Ranking function A is typically BM25, whereas the ‘B’ ranking function is often
some proxy measure of popularity or recency (described below).

Figure 2.1: Query re-ranking involves processing a regular query for matching
x number of documents and then secondary processing (re-ranking) of the top k
documents using the scores from a different, more complex query. In Apache Solr,
a re-ranking query is specified with the rq parameter.

Limiting the application of function B’s complex scoring mechanism to a smaller
subset of documents significantly reduces the overall computational cost (i.e., com-
pared to applying function B directly to the entire index). However, this approach
introduces a trade-off: documents that receive low relevance scores during the initial
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function will be excluded from the re-ranking phase, even if their relevance scores
under function B would have been high.

Multiple iterations of re-ranking can be employed. This is sometimes referred to as
multi-stage re-ranking [75]. Balancing objectives across stages can be challenging,
as optimising for one may degrade performance of another (especially as the subset
is smaller for each stage). Moreover, latency (query response time) can become an
issue as each additional re-ranking stage adds query processing time.

2.2.4 Views

In enterprise environments, document popularity (measured by access frequency)
can serve as a useful heuristic for importance. However, reliance on views can
introduce bias towards historically popular content, potentially overlooking more
current or contextually appropriate documents. The implementation of a ranking
function based on view-count for The University’s ES service is described in Section
§3.7.1.

2.2.5 Link Analysis

Prior to 1998, the online search experience was predominated by relevance ranking
(term matching). Relevance scores were computed by algorithms such as TF-IDF.
Examining the returned low quality matches was laborious and it was common for
users to sift through several pages of search results. As was the case in non-linked
collections of old, word of mouth and the advice of a subject expert were common
pointers to quality information.

Such was the limitation of ranking based on relevance scores alone, Yahoo! devel-
oped and maintained their own hierarchical directories for popular subject areas.
Searchers used the ‘Yahoo Directory!’ table of contents to navigate to a desired
subject area and then browse listings selected by Yahoo!.

While hyperlinks existed in earlier hypertext systems [76], what makes the web
transformative is its open, internet scale design that allows anyone to publish and
interlink documents (without central control). Hyperlinks are a linking feature that
uses descriptive anchor text to conveniently direct or recommend a user to another
web page. A Webgraph is a visual representation of these relationships. Prior to
1998, webgraphs had been simply used to understand relationships between pages,
especially to visualise the quantity of ’inlinks’ and ’outlinks’ of a particular site. The
meta-content of hyperlink structure remained unexplored.

By 2009, when the GOV2 corpus was published (which consists of web pages crawled
from the .gov domain and described in Table 2.3), it included ranking features that
leverage link analysis. Of the 46 features defined, 4 are based on link analysis
(PageRank, Inlink number, Outlink number, and Number of child pages) [77, 78]

Not until the innovation of the Hypertext-Induced Topic Search (HITS) algorithm
in 1998 [79], was the potential of webgraphs to improve search results understood.
HITS uses mutually reinforcing authorities (pages pointed to by many ‘good’ hubs)
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and hubs (pages pointing to many ‘good’ authorities). Whereas PageRank (de-
scribed below) is query independent, HITS is typically query dependent. HITS
starts from a small ‘root set’ of top matches and expands to a ‘base set’, so the
discovered hubs/authorities are tailored to the search topic. This focus could be
useful for enterprise or site-level search where topical communities are strong. Un-
fortunately, Grover notes that HITS is considered too heavy to compute in real-time
using Solr [80] (though a practical way would be to compute HITS offline and feed
the scores into Solr as fields that could be boosted).

Furthermore, while HITS is query dependent, it can still be combined with term-
relevance scores (such as TF-IDF or BM25) by applying HITS to the query-specific
base set and then merging its authority/hub scores with the traditional term-matching
scores during ranking. In this setup, BM25 selects the candidate documents, while
HITS refines their ordering based on link structure rather than used as a relevance
ranking on its own [79,80].

PageRank At about the same time that Kleinberg was developing HITS, Larry
Page and Sergi Brin developed, implemented and published a similar algorithm
called PageRank2 [16,17], which would become the driving force behind the Google
Search engine.

According to Google3, ‘the underlying assumption is that more important websites
are likely to receive more links from other websites’. For example, if an important
website such as CNN.COM links to my personal blog, this is seen by Google as a
great endorsement for my blog. However, if it transpires that CNN is also linking
to thousands of other blogs, then this will attenuate the weight of the original
endorsement.

Mathematically, the PageRank score of page i, denoted PR(i), is defined as:

PR(i) = 1 − d

N
+ d

∑
j∈In(i)

PR(j)
outdeg(j) .

where:

• d ∈ (0, 1) is the damping factor (typically 0.85);

• N is the total number of pages;

• In(i) is the set of pages linking to page i;

• outdeg(j) is the number of outgoing links from page j.

The score produced by PageRank is sometimes referred to as the ‘popularity score’
[17]. This is unrelated to the relevance score. PageRank measures the intrinsic
importance of a page in relation to a collection; it does not measure relevance for

2The word PageRank is a double-reference to the author’s surname and a web ‘Page’
3https://www.google.com/competition/howgooglesearchworks.html, accessed 7th March

2019
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a given query. The popularity score for each page is determined and indexed prior
to the execution of a search term. As such, PageRank is a Query-Independent
re-ranking function.

The effectiveness of PageRank catapulted Google to become the dominant search
engine by the early 2000s [17]. While Yahoo! initially focused on curating a hi-
erarchical directory and later incorporated conventional web search, link-analysis
approaches such as PageRank ultimately proved far more effective at handling the
web’s dynamic and unstructured nature.

Google no longer depends on the PageRank algorithm alone, as the ‘social proof’
and popularity that it tries to quantify are no longer seen as exclusive measures of
importance.

LinkRank In 2009, a new suite of analysis tools called ‘LinkRank’ was devised
as a directed network equivalent of Google’s proprietary PageRank [81]. LinkRank
is a PageRank-like link analysis program. According to its authors, “LinkRank can
be considered as the PageRank of links”. It starts by assigning a common score
for all URLs. It then creates a global score for each URL based on the number of
incoming links and the scores for those links and the number of outgoing links from
the page. The process is iterative and scores tend to converge after a given number
of iterations. It is different from PageRank in that links between different websites
or domains are not included.

LinkRank can be used as an information retrieval ranking algorithm particularly
for ranking nodes in a graph based on their connectivity and structural importance.
Importance is propagated through the graph, with nodes transferring their own
importance scores to others via outgoing links.

Mathematically, LinkRank assigns a score to each directed edge i → j by estimating
the probability that a random surfer located at page i follows the outgoing link to
page j [17]. It is defined as:

LR(i, j) = PR(i) · 1
outdeg(i)

if a hyperlink from i to j exists; otherwise LR(i, j) = 0 and where:

• PR(i) is the PageRank score of page i;

• outdeg(i) is the number of outgoing links from page i;

• LR(i, j) represents the joint probability that a random surfer is on page i and
traverses the specific outgoing link to page j.

LinkRank has been incorporated into the Apache Nutch web crawler4. It works
by first creating a webgraph which stores output scores for each URL in the node

4java class is org.apache.nutch.scoring.webgraph.LinkRank as described at https://cwiki.
apache.org/confluence/display/NUTCH/NewScoring, accessed 20th March 2020
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database. LinkRank then combines the anchor text associated with each URL’s
inlinks and outlinks.

The advantage of PageRank is that it has a view of the entirety of the world
wide web, where the Google web crawler is not restricted to a particular domain.
LinkRank is conceptually related to PageRank, but can be adapted to various types
of networks and link-based structures. As with PageRank, LinkRank can calculate
the weight of an inlink between domains and/or documents.

Enterprise websites typically have a ‘directed network’ nature and are often confined
to one specific DNS domain or community of domains. To understand why the
LinkRank ranking algorithm is particularly suited for sites consisting of webpages,
we first examine the hierarchical structure of The University’s website (Fig 2.2).
While the precise nature of the hierarchy departmentalisation will be different for
every organisation, it is safe to assume that any medium or large enterprise will not
have a flat structure.

Figure 2.2: The hierarchical (departmental) structure common to many large
organisations. The hierarchy at The University follows a faculty / school structure.

An orphaned document is one that is not (or no longer) linked to or from any other
documents in the ES index. The isolated document may not be discovered by a
crawler [82], and therefore overlooked by the LinkRank scoring mechanism.

While highly effective on webpages, link analysis may have limited applicability in
ES, where documents (e.g., reports, spreadsheets) are often orphaned or lack explicit
hyperlink structures. Thus, while importance signals can enrich ranking models,
they are often less informative in the fragmented, link-poor landscapes typical of
enterprise corpora.

LinkRank serves as a versatile algorithm for ranking entities in networks, leveraging
the structure of links to determine node importance. Its adaptability and foundation
in graph theory make it an essential tool across disciplines such as web search,
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social science, and bibliometrics. The implementation of a ranking function based
on LinkRank is described in Section §3.7.1.

Microsites Large websites are commonly subdivided into topically coherent re-
gions. In the same way that a newspaper is organised into sections (e.g., world news,
finance, sport), with each section having its own editorial focus and visual identity,
large organisations structure their sites into distinct domains or ‘microsites’. These
microsites often have their own homepage, navigation, branding, and content owners
(Figure 2.2).

Such structural segmentation is also typical of university websites, where facul-
ties, schools, research centres, and administrative units each maintain their own
microsite [83].

As an example, The University’s web pages include over 300 microsites. Each mi-
crosite has at least one editor. In this case, the role of the editor includes publishing
content on behalf of colleagues in their department. The microsite owner must be
very familiar with published content, so as to avoid replication and ensure consistent
messaging. These microsite editors are subject matter experts and are well placed
to ‘judge’ the ranking order of their pages for a particular term (Section §3.4.4
describes how a representative dataset is created).

This division is relevant for enterprise search because queries and content are fre-
quently scoped, interpreted, and ranked within the context of a specific microsite,
and the search engine’s indexing and ranking behaviour can vary depending on where
content resides within this organisational structure.

2.2.6 Elevation

Query elevation allows for the manual setting of the top result (or results) for a query
regardless of the computed rank score. This may be useful when business priorities
dictate that particular documents receive the top ranking spot for particular keyword
queries. This functionality diverges from the traditional concept of ranking insofar
as it operates as a manual override or customised enhancement to regular ranking
functions. The Apache Solr documentation describes elevation as ‘sponsored search’
and ‘editorial boosting’ [84].

For each keyword query, a predefined query-document (Q-D) pair is specified in
Solr’s elevate.xml file, ensuring that certain documents appear at the top of search
results. However, query elevation only works for preconfigured queries and cannot
handle unseen data, necessitating regular manual updates.

While this approach is useful for manually prioritising documents to align with
organisational objectives, it focuses on result positioning rather than ranking. As
such, it falls outside the scope of this research.
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2.2.7 Multi-Objective Ranking Optimisation

Multi-objective ranking optimisation (MORO) is a methodology where the ranking
model optimises for multiple objectives or criteria simultaneously when determining
the order of documents in the search results. Whereas ranking usually focuses on a
single goal (e.g., maximising relevance to a query), multi-objective ranking seeks to
balance or prioritise multiple and sometimes conflicting objectives.

Multi-objective ranking is a powerful approach for tackling complex ranking scenar-
ios where multiple, sometimes conflicting goals must be addressed. By balancing
objectives like relevance, diversity, fairness, and monetization, it enables search and
recommendation systems to deliver results that align with user expectations and
organizational priorities.

However, MORO’s success depends on careful management of trade-offs. As with
elevation (Section §2.2.6), it poses the risk that these objectives may diverge from the
preferences or expectations of the ES end-users. A high-profile example of this came
to light during the 2023 US Department of Justice’s antitrust case against Google,
where concerns were discussed that Google’s WS ranking algorithm was “getting too
close to the money” as revenues sometimes trumped the end-user preferences [85].

In Section §3.3.5 and in EXP-3, the multiple objectives of human annotations (by
microsite editors) and surrogate annotations gathered using click-through data (from
end-users) are explored.

2.2.8 Anchor Text

Anchor text refers to the clickable, visible text in a hyperlink. But it also provides
context about the linked document’s content to the search engines to assist relevance,
ranking and recall. In Section §3.7.1, the anchor text data in The University’s corpus
is used a ranking function. While anchor text is proven to boost ranking in Web
Search [86], it may be of limited use with enterprise content, where many documents
are simply placed on a drive and contain no inlinks, without ever having had an
indexing or search intent, much less anchor text.

2.2.9 Recency

Recency refers to time-based relevance. The assumption is that the newer the docu-
ment, the fresher the information it contains and ultimately has more utility for the
searcher. This is especially important in organisations where multiple near identical
versions of a document exist on the intranet. For example, in The University, a
search for ‘college calendar’ should list the current one over previous years.

The ‘recip’ operator is a mathematical function provided by Apache Solr. It simply
applies a reciprocal transformation to a field value. It is commonly used in conjunc-
tion with the ms() function, which calculates the difference between the current time
and a document’s timestamp. The age of a Web page is the time interval between
when it was last modified and when it was collected. Recip is defined as follows:
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recip(x, m, a, b) = m

a · (x + b)

where:
x: is the input value, often calculated as the time difference using ms().
m: is the multiplicative constant for scaling.
a: is the slope, controlling how steeply the score decays as x increases.
b: is the offset, controlling the minimum value of the denominator to prevent divi-
sion by zero.

The default values for the m, a and b parameters are 3.16e-11, 1 and 1 respectively
and are geared for WS. This raises the question of whether these defaults are suitable,
or require adaptation, when applied to ES. One way to determine this is to examine
the website recency plot and compare it to an ES document recency plot. Figure
2.3 plots the number of websites in existence (in billions) against the their creation
timeline [87]. The rate website growth was steep until about 2020 when there was
a “shift to mobile apps, the consolidation of web services, and the change in how
websites are tracked today” [88].

Figure 2.3: Website Recency Plot showing the age (i.e, ‘recency’) distribution for
all websites on the internet. Website age data provided by Semrush [88].

In Figure 3.1 (Section §3.2.3), the shape of this plot, which is based on websites,
will be compared to that in an organisation’s ES index (based on documents).
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2.2.10 Document Type

Ranking by document type involves prioritising or differentiating documents in
search results based on their type, such as format, source, or purpose. Document
types can include categories like PDF files, HTML web pages, research papers, news
articles, images, videos, or internal organisational documents. By incorporating
document type into the ranking process, retrieval systems can better align results
with the user’s intent or preferences [89]. A simple implementation approach would
be to identify file types based on their file extensions (e.g., PDF, xlsx, docx) and
using them as features in the ranking process.

Employees of an organisation may prioritise the search for specific types of docu-
ments (e.g., contracts, budgeting or accounting data, or meeting notes) over public-
facing ‘shopfront’ HTML pages. Most of these searches would be conducted using a
desktop browser that has access to the organisation’s intranet. A desktop is likely
to have a broad suite of applications installed that allow for automatic opening and
reading of the documents.

But for this study, a broad working definition of ES is adopted (as discussed in
Section §2.1.2). This encompasses both internal and external facing content (e.g.,
intranets, file shares, corporate directories and the publicly accessible pages of The
University’s website). The definition impacts the extent to which ES can be con-
sidered as being ‘desktop-centred’. For The University, there is a wide range of
resources (public and private). ES users in this context include not only staff at
their desks but also students, researchers and other stakeholders who are frequently
more mobile and may access institutional content from mobile devices.

A smartphone/tablet user performing a search is less likely to click on a document
with the ‘.xlxs’ extension (Microsoft Excel) if they do not have the appropriate
‘reader’ app installed [90–92]. Vassio et al. have documented a rapid expansion of
mobile browsing [93]. A 2025 study of global analytics by StatCounter confirms that
mobile devices now constitute the majority of web traffic worldwide [94].

Consequently, if an ES search service accommodates both staff and students, effec-
tive ranking by document type would would need to identify the user’s device. In
any case, a ranking function based on document type should not overshadow more
critical relevance signals, such as query-term matching or semantic similarity.

2.2.11 Personalisation

Personalisation based on a user’s temporal search history (or session history) has
proved very effective for completing a user’s query prefix in WS as it can infer the
user’s interests [20]. Personalisation is, however, excluded from the scope of this ES
research for several reasons:

• Personalisation and collaborative-based filtering are major areas of investiga-
tion in their own right and are typically covered in the domain of recommender
systems.
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• The IT Services department that manages The University’s search service used
in this study does not permit the profiling of individual user data without
explicit consent. The approval and restrictions granted during the research
ethics process are outlined in Section §1.4.4 and in Appendix C.

• According to Chory et al., personalisation potentially comes at the cost of
surveillance, which “is often met with resistance from employees as it taps into
concerns over workers’ privacy rights, due process, and fairness” [95]. Many or-
ganisations fear that profiling individual users’ search patterns and habits, even
if used exclusively for ranking query auto-completions, raises questions about
data privacy and security, as well as transparency (users should be informed
about how their data is being used for personalisation and given the option to
opt-out if they prefer not to have personalised query auto-completions).

• The nature of the relationship between an organisation and its members is not
the same as that between an individual and a commercial WS provider (e.g.,
Google). While a user may not be concerned about sharing behaviour with a
third-party organisation like Google, it may be different when asked to share
with his/her employer. This is explored in Inman’s article entitled “If you let
Google have your data, why not the NHS?” [96].

• Identifying the user for anything longer than a single search session would
require a user to be identified by logging in. Many ES services are designed
for use without first authenticating and authorising the user. Indeed, the query
intent behind several search terms is targeted at retrieving the procedure to
obtain a login account or password reset!

2.2.12 Location-based Ranking

Location-based ranking in search results refers to the process of ordering and pri-
oritising search outcomes based on the geographic relevance of the content to the
user’s location. A common example in the field of WS would be ‘restaurants near
me’. The ES equivalent might be ‘printers near me’.

Obtaining the location typically depends on the user ‘sharing’ a GPS location, an
IP address, or a manually entered location. The ranking function would be based
on the distance from the user, which would have the effect of boosting the results
or QAC suggestions that are geographically closer or more relevant.

An industrial sociologist performed a study of how organisational, social, spatial,
temporal, and technical issues relate to the deployment of location tracking systems
in an office environment [97]. It presents findings on how workers perceive the expe-
rience of the surveillance and predicts resistance, unless transparency and voluntary
participation are ensured.

Location-based ranking is, however, excluded from the scope of this ES research for
the reason above and also some of the same reasons described earlier for personali-
sation.
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2.2.13 Click-Through Rate

Click-through rate (CTR) is a ratio (or percentage) showing how often people who
see a document listing actually end up clicking it. A high CTR indicates that users
find the document listings helpful and relevant. It can be thought of as a measure
of user engagement with a document for a particular query.

The CTR ratio is usually expressed as a percentage:

CTR = clicks

impressions
∗ 100

where impressions are the number of users that saw the document on the results
page.

Much research has been carried out by WS providers into harnessing click-through
data and using it as a surrogate for relevance judgements [98,99]. Its application in
ES, however, has not been explored.

For WS, CTR has two varieties. Organic CTR is where impression occurs when
a link appears in the search engine results exclusively due to the ranking score
of a user’s query. Paid CTR refers to any traffic generated as a result of a paid
promotion (overriding the ranking model). As ES does not generally include a
sponsored element, all CTR can be considered organic.

Clickthrough data is naturally ‘noisy’ [98] and the reliability of the subsequent CTR
metric may be reduced by so-called ‘good abandonment’. This phenomenon occurs
when an end-user abandons their search without clicking because their information
need is already satisfied by reading the direct answers from the snippet presented
on the Search Engine Results Page (SERP). In this case, no click is required or
recorded. Zhou et al. have studied this phenomenon for open domain question
answering (OpenQA) and concluded that its impact is negligible as ‘the majority
of contingency answers were likely to invite clicks’ if users are intrigued by the
snippet [100].

The paper titled “A model to estimate intrinsic document relevance from the click-
through logs of a web search engine” by Georges Dupret and Ciya Liao presents a
novel approach to interpreting user interactions in search engines by focusing on user
behaviour after clicking on a document rather than on CTR alone. The authors in-
troduce a ‘session utility model‘, which estimates document relevance based on the
cumulative utility a user gains during a search session. This model is contrasted
with existing models, such as the examination and satisfaction models, which em-
phasise document attractiveness and positional biases [101]. Their study finds that
the proposed model performs well in predicting user satisfaction for informational
queries with high abandonment rates, making it particularly useful for improving
ranking functions in non-navigational contexts. Additionally, the model’s relevance
estimates were incorporated as features in a Learning to Rank framework, yielding
measurable improvements in ranking metrics such as nDCG [101].

In Section §3.7.1 and EXP-3, the clickthrough data extracted from The University’s

30



logs is harnessed to produce an ES ranking function for search results.

2.2.14 Evaluation Metrics for Search Results ranking

Gauging human satisfaction is the ultimate measure of utility, but end-user surveys
or polls are not usually a practical approach. Surveys can be “time consuming and
expensive to do” or “difficult to do well”. [102]. Moreover, retrieval behaviour is
often complex and difficult to summarise in one number. Hence, any quantitative
evaluation metric is just a proxy feedback measure [102].

In the 1950s, early attempts at evaluation in the field of IR highlighted the funda-
mental problem of subjective judgements. In one evaluation, two separate teams
agreed that 1390 documents were variously relevant to a set of 98 questions but dis-
agreed on a further 1577 documents [103,104]. Metrics can be categorised into two
types: online metrics, which look at end-users’ interactions with the search service,
and principle offline metrics, which gauge precision and recall (both of which are
based on the foundational concept of relevance). These are the two principal offline
metrics for gauging aspects of Enterprise Search performance [54]. LTR, semantic
search, and QAC each use a different preferred metric. Before we delve deeper into
specific metrics, we outline the broad concept of ‘utility’.

In 1992, Chris Buckley designed and coded a tool called trec eval [105], which re-
ports over 85 figures derived from roughly twenty core metrics, including traditional
measures such as precision and recall, as well as rank-based measures such as mean
average precision. Rather than being a mere reporting utility, trec eval encodes a
shared understanding of what constitutes retrieval quality and makes it possible to
compare systems in a transparent, reproducible way. As a result, it has become the
de facto standard for evaluating ad hoc retrieval systems. While most experimental
work in information retrieval is expected to report results in its terms [106], many
of these metrics have since been reimplemented in Python and are now available
through widely used evaluation libraries. This allows researchers to script experi-
ments and compute comparable scores directly in code.

2.2.15 Utility for End-Users

Utility in Information Retrieval is simply defined as the expected usefulness of re-
trieved information to the user [102]. User satisfaction corresponds to the degree to
which a retrieval system maximises utility. But this raises the question as to who
‘the user’ is. For the end-user, utility is typically associated with the relevance of
retrieved results. If the end-users’ information need is met quickly and with mini-
mal effort, the system is judged positively. Robertson calls this the “utility of the
user” [107], and Buckley similarly describes it as the “worth” an individual assigns
to the quality of retrieved output [106]. But there are also multiple types of end-
users (e.g., staff or students at The University). Similarly, a patent officer is also a
kind of end-user, but would be more interested in recall than a casual searcher.
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2.2.16 Utility and Other Stakeholders

Apart from the end-user, other ES stakeholders may include content providers, pub-
lishers, analytics teams, marketing units or even auditors. An example would be a
mediated scenario where librarians issue a query on behalf of patrons. In this case,
the end-user is the final recipient, whereas the librarian is the user.

Various stakeholders may define utility differently (for example in terms of their
ability to boost, curate, or ‘pin’ particular documents, services, or products). Thus,
utility depends on the stakeholder perspective, and different groups may prioritise
different dimensions of system and ranking behaviour. An example from the domain
of ecommerce is where the owners of a website might measure utility based on the
proportion of users that click on advertised links. The end-user might prefer if
advertised links did not pollute the upper section of the results page.

One approach to utility in commercial web search is to create “compelling user
experiences that make users want to come back” [85]. In such settings, return
visits, clicks, conversions, query growth, and revenue are often used as utility-based
metrics [108]. For ES, users are typically employees [6] who constitute a largely
captive audience and do not have the option to switch to an alternative internal
search system (as ES involves retrieving information from within an organisation’s
own information repositories). As a result, return-usage metrics are less informative
for ES, and utility must instead be understood in terms of task efficiency, relevance,
and reduced friction in finding organisational information [109].

Dai et al. have devised a utility-based LTR system which they have named ‘U-
Rank’. They define utility as the expected weighted clicks of the ranking, where
weights are the per-item utility values. U-Rank diverges from the probabilistic
ranking principle (PRP) [110] to rank items in a real-world appstore [108]. PRP
asserts that a reference retrieval system is based on a ranked list of best-estimate
relevance, sorted in decreasing order of probability, using all available relevance
data. They argue that a user’s attention on items depends on the positions and
other ‘item attributes’. An attractive thumbnail image, for example, will attract
users’ attention even if placed lower down on the list. U-rank directly optimises
utility by differentiating between ‘item-level’ and ‘query-level’ features. Using a
mixture of offline and online evaluation, they detected an average improvement of
about 20% CTR when using U-Rank over methods based on probabilistic ranking
principle [108].

For the purpose of this thesis, which focuses on ranking, utility is understood as the
end-users’ satisfaction with the order in which results are presented on the search
results page.

2.2.17 Precision & Recall

Most information retrieval (IR) evaluation metrics are derived from Precision and
Recall. Precision measures the proportion of retrieved documents that are rele-
vant, while recall quantifies the proportion of all relevant documents successfully
retrieved. These metrics are interdependent and must be analysed together, as in-
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terpreting them in isolation can lead to misleading conclusions. For example, a
perfect recall score of 1 (100%) can be trivially achieved by returning the entire
document corpus for every query—but this would result in poor Precision, as most
retrieved documents would be irrelevant.

The connection between ranking and recall is fundamental to retrieval system per-
formance. When evaluated as a function of rank:

• Precision typically decreases as more documents are retrieved, since lower-
ranked results are less likely to be relevant.

• Recall always increases with rank, as retrieving more documents improves the
chance of capturing all relevant ones.

If a system prioritises high recall, it must retrieve a larger set of documents, in-
evitably including lower-relevance results. This directly reduces precision, partic-
ularly at higher ranks, because the pool of returned documents becomes noisier.
A search engine optimised for recall might push marginally relevant (or even irrele-
vant) documents into the top ranks. This trade-off is seen in EXP-5, where a ranking
function is created that attempts to increase both ranking and recall simultaneously.

Across multiple queries, precision generally declines as recall increases, reflecting the
inherent tension between these metrics. To produce smooth precision-recall curves,
interpolation is applied while enforcing monotonicity. However, precision is highly
sensitive to the size of the retrieved set. Buckley demonstrates that the precision of
the top 100 documents can shift from 0.2 to 0.3 merely by expanding the retrieval
pool from 20 to 30 documents [106]. This variability is particularly problematic
for ES, where datasets are smaller than those used by commercial WS, making it
difficult to achieve high recall without sacrificing precision.

2.2.18 Mean Average Precision

Average Precision (AP) serves as a single-figure metric suitable for comparing and
tuning retrieval systems [111]. AP calculates the mean of precision scores at each
point where a relevant document appears in the ranked results, assigning zero pre-
cision to any relevant documents that are not retrieved.

The Mean Average Precision (MAP) metric extends evaluation by averaging Average
Precision (AP) scores across multiple queries. MAP emphasizes the top ranked
results, as AP heavily weights early precision [112]. A relevant document at rank 1
contributes more to the score than one at rank 2, though not strictly twice as much
as the relationship is logarithmic, not linear. This characteristic aligns well with
ES scenarios, where users under time pressure may often examine only the first few
results.

The binary nature of MAP (i.e., a document is either relevant or not) potentially
obscures nuanced relevance distinctions that might be valuable in certain enterprise
contexts, suggesting that MAP should often be used alongside graded-relevance
metrics (such as nDCG described below) in comprehensive evaluations.
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2.2.19 DCG & nDCG

The use of a Likert-type scale for relevance provides a more nuanced alternative
to binary judgements, better capturing the varying degrees of document utility en-
countered in real world search scenarios. Cumulative Gain (CG) offers a graded
counterpart to traditional precision metrics. Indeed, the CG metric reverts to pre-
cision, when applied to a simple binary relevance scale.

Discounted Cumulative Gain (DCG) measures the practical utility of ranked re-
sults from a user’s perspective during sequential browsing [18,113]. DCG quantifies
the deviation from an ideal ranking (as defined by relevance judgements). The
normalised variant (nDCG) simply scales this to a [0,1] range by dividing by the
maximum achievable gain for each query.

Within ranking evaluation, nDCG has emerged as the standard metric for assessing
graded relevance performance [114]. Unlike binary metrics, nDCG is inherently
rank-aware. It quantitatively rewards systems that place documents that are more
relevant higher in results lists. This proves particularly valuable in ES contexts,
where documents can be awarded varying relevance levels by subject matter experts.

The nDCG scores tend to be higher when relevance judgments are based on frequent
keywords and core topics rather than rare terms. This occurs for the following
reasons:

• Popular / keyword terms generate more consistent relevance signals across
judges (see Inter-Annotator Agreement discussion below). Conversely, rarer
terms are likely to exhibit higher judge disagreement due to specialised inter-
pretations.

• Core topics typically have clearer relevance boundaries in documentation.
These boundaries are often marked within the ‘microsite’ or departmental
hierarchy.

• Systems trained and optimised for common queries naturally perform better
on keyword vocabulary

Errors in top rankings (e.g., misplaced highly relevant documents) degrade user
experience more severely than equivalent errors in lower positions. The logarithmic
discount factor (DC) explicitly models decreasing examination probabilities with
rank. This manifests mathematically through nDCG’s cutoff-based formulation:

DCGk =
k∑

i=1

2reli − 1
logb(i + 1)

where reli is the graded relevance at position i, and b = 2 is the conventional discount
base. The standard cutoff k = 10 aligns with typical SERP pagination, though
query-specific tuning (as demonstrated by Karmaker et al. [113] on the ‘MSLR-
WEB10K’ [31] and ‘MQ2007’ [115] datasets) can optimise nDCG for particular use
cases.
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The ranking error complement (1−nDCG) provides an intuitive measure of system
improvement potential. Notably, unlike MAP (which evaluates complete rankings),
nDCG@k explicitly accounts for truncated user examination. This is a critical dis-
tinction for enterprise environments where search depth may vary according to how
busy the searcher is or how urgent the information need.

2.2.20 Inter-Annotator Agreement

Inter-Annotator Agreement (IAA) quantifies the degree of consensus between inde-
pendent raters when categorising or evaluating the same phenomena [116].

The choice of metric for calculating IAA fundamentally depends on the measure-
ment scale employed (nominal, ordinal, etc.). While Percentage Agreement (PA)
offers apparent simplicity, it typically proves inadequate for rigorous IAA assess-
ment as it fails to account for chance agreements. Consequently PA often inflates
reliability estimates [117]. Cohen’s κ remains the standard for nominal data analy-
sis [118, 119], though its native form exhibits two key limitations. Firstly, it treats
all disagreements equally. Secondly, it cannot accommodate ordinal scales. These
shortcomings become problematic when analysing Likert-scale data, where the mag-
nitude of disagreement matters (i.e. a difference of one scale point like 1 to 2 should
be treated as less severe than larger discrepancies like 1 to 3).

To address these limitations, researchers have developed more sophisticated mea-
sures. Weighted κ variants and Krippendorff’s α [116] incorporate graduated penalty
systems that appropriately weight disagreements by their severity. These metrics
form part of the broader intra-class correlation (ICC) family, designed specifically
for ordinal and interval data where the distance between ratings carries meaningful
information.

The interpretation of IAA metrics requires careful attention to their established
guidelines. For Krippendorff’s α, values ≥0.667 permit “tentative conclusions” [117].
For Cohen’s κ, values ≥0.8 are required for “substantial agreement” [120,121]

However, the determination of weights for weighted kappa remains inherently subjec-
tive, with potential for expert disagreement in specific contexts [121]. This method-
ological variability ( encompassing choice of metric, weighting schemes, and in-
terpretation thresholds ) necessitates cautious treatment of IAA results. McHugh
pragmatically advises calculating both percentage agreement and kappa, with the
choice between them depending on rater training levels and the likelihood of guess-
ing [122]. In EXP-4, the IAA study employs the PA, κ and α metrics to gauge
agreement between two judges for their Q-D annotations.

2.2.21 Gaps in the Literature

This section reviewed the literature pertaining to ranking of search results and re-
vealed several gaps.

• The lack of enterprise specific ranking signals. Traditional ranking functions
(e.g., BM25, anchor text) are optimised for WS but fail to account for ES spe-
cific signals such as document recency in intranets, internal authority metrics,
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or organisational hierarchies. While link analysis (e.g., PageRank) is well stud-
ied for WS, its applicability to ES is limited due to sparse hyperlink structures
between document in enterprise corpora.

• The over reliance on lexical matching. Current ES ranking methods prioritise
term-frequency-based relevance (e.g., BM25) but neglect semantic relation-
ships between queries and documents. This leads to poor recall when users
employ colloquial terms or jargon not present in the indexed content.

• The limited integration of implicit feedback. While click-through data is
widely used in WS to infer document relevance, its utility in ES remains un-
explored.

These gaps underscore the need for ranking models that combine traditional rel-
evance signals with ES-specific features (e.g., departmental structure, document
recency) and leverage both explicit and implicit feedback. Addressing these limita-
tions would align ranking performance with the high expectations set by commercial
search engines, as outlined in PS-1.

2.3 Ranking of Query Auto-Completions
The application of ranking in ES is not limited to the presentation order of search
results; it is also important for optimising Query Auto-Completion (QAC) by pri-
oritising relevant candidates for a typed prefix.

2.3.1 Definition: Query Auto-Completion

QAC is a predictive feature within search systems that offers users a ranked drop-
down list of query suggestions as they start typing their query in a search box. QAC
facilitates the search process by making it easier for users to finish entering their
queries without typing all the letters as it dynamically updates suggestions based
on incremental input.

QAC helps users in expressing their information need when they have an intent in
mind but may not yet know how best to formulate it as a query [20]. In practice,
several suggestions may be acceptable ways of expressing that intent, and QAC
therefore offers a shortlist of plausible candidates rather than implying a single ‘cor-
rect’ completion. This enables users to select from a curated list (whichever option
appears most appropriate) or continue refining their query until it is submitted.

For evaluation purposes, however, offline studies typically designate one annotated
‘golden’ candidate as the target completion for a given prefix so that ranking ac-
curacy can be measured. This distinction allows user-facing ambiguity while still
enabling formal assessment of system performance.

2.3.2 Evolution of QAC

An early use of auto-completion was in the Unix Shell, where pressing the tab key
presented a list of all file names that started with whatever has been typed [123].
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Google launched QAC as a beta feature in 20045 and formally incorporated QAC into
its search engine in 2008 and since then it has gradually become an expected feature
of any search service (including Enterprise Search) and has become a ubiquitous
component of both commercial WS, ecommerce and, to a lesser extent, ES services.

2.3.3 QAC for Enterprise Search

In ES implementations, Query Auto-Completion serves critical functions that dis-
tinguish it from general web search applications:

• QAC prompts query reformulation which helps users avoid submitting queries
that produce no results (a potentially common occurrence, as an ES corpus is
small compared to those used by commercial WS engines) [6].

• QAC for ES can educate newcomers about the range of selections available
to them and assist in narrowing that selection even before the user has fin-
ished typing a query. Contextual suggestions can steer searchers to use the
appropriate and official organisational jargon/terminology.

• Users of Google’s WS service have collectively ‘saved over 200 years of typing
time per day’ [22]. But, unlike WS, searches on an ES service are usually un-
dertaken by ‘knowledge workers’ attempting to carry out a specific work task.
Any delay in retrieving the desired information or document has a monetary
cost for the organisation.

• Under the Web Accessibility Directive (WAD), employers should take reason-
able steps to meet EU website accessibility standards and requirements to
accommodate employees with disabilities [124]. For ES, QAC has the poten-
tial to assist disabled personnel in matters of keyboard accessibility and ease
of use. QAC is said to reduce keystrokes by 50% for WS users [125]. Sim-
ilarly, UK government guidelines for website accessibility requirements state
that autocomplete may be necessary to conform to Web Content Accessibility
Guidelines (WCAG) [126].

• For commercial WS services, the search box typically occupies the centre of
an otherwise blank page. Major providers such as Google, Yahoo, Bing, and
Baidu offer ten auto-complete suggestions. For ES, the search box is less
prominent and has limited real estate to present suggestions. For this reason,
many ES services present fewer suggestion candidates. Additionally, more
suggestions could cause users (especially on mobile devices) to either begin
to ignore suggestions (at which point the additional suggestions become mere
noise) or spend an inordinate amount of time reading suggestions (interrupting
or even halting the flow of their search session) [127]. Where an ES service
presents a restricted number of suggestions, their ranking is more important.

A disadvantage of QAC is that it places a cognitive load and distraction on the
end-user whilst typing the query prefix [20]. Traditionally, this overload/distraction
has been assuaged by limiting the number of query candidates to a small number

5https://googleblog.blogspot.com/2004/12/ive-got-suggestion.html, accessed 15th May, 2023
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(typically 5 or 10) or by waiting until the nth character is typed before offering
candidates.

2.3.4 QAC Components

Depending on a researcher’s field of study, the terminology used to describe QAC
varies widely. A user’s incomplete input is often referred to as a ‘query prefix’. The
generated query suffixes or suggestions are ‘query candidates’ or ‘query comple-
tions’. Lesser used terminologies used to describe the same or similar functionality
include typeahead, query transformation [40], ‘search as you type’ [61], predictive
search, auto-suggest, real-time query expansion (RTQE) [128], query modification
suggestions [6] and subword completion [129].

A closely related and overlapping concept to QAC is ‘auto-complete suggestion’,
which is a more general term that often encompasses a broader range of features
aimed at assisting users in formulating queries that do not necessarily contain the
same starting string of characters. Google differentiates these two concepts by using
the word ‘predictions’ rather than ‘suggestions’. For predictions, the priority is to
faithfully ‘help people complete a search they were intending to do, not to suggest
new types of searches to be performed’ [22]. In practice, since QAC may also include
the related tasks of suggestion, correction (e.g., spelling reformulation) and expan-
sion, the terms QAC and query suggestion are usually used interchangeably [25,130],
as is the case in this study.

2.3.5 Ranking Signals for QAC

Users’ search history is generally the most likely indicator of current search in-
tent [131,132]. Extracting suggestions from historical log data assumes that current
and future query popularity distribution will remain the same as previously ob-
served. A generalised ranking model is required to handle as-yet-unseen queries.
LTR can be used to combine multiple features with the optimum weighting con-
tribution to a ranking model. When a user types a query prefix, Apache Solr (the
search platform used in this study) can retrieve and dynamically score suggestions
from multiple sources in real time using a ‘weightExpression’. This mechanism un-
derpins the implementation of the QAC methods examined in later experiments.

In the field of QAC, the state-of-the-art research literature outlines two broad ap-
proaches for producing optimally ranked query candidates [20]:

• Traditional: This uses learned relationships between hand-crafted features to
generate a ranking model. Query popularity, recency (trending), and a user’s
historic personal preferences are obvious features when generating query can-
didates. This traditional approach is heuristic and combines domain-specific
signals from a corpus and query logs. This approach, where ranking signals
are hand-crafted based on relevance or popularity, typically uses experimen-
tal or trial-and-error methods to apply weightings to features. The heuristic
approach produces ranking models that are relatively transparent.

• Neural Models: Uses context modelling to determine the likelihood that a
query would be issued for a given prefix. The second approach employs NLP
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or Language Modelling to produce context-aware suggestions [70,129].

A heuristic query autocomplete model relies on rule-based methods and simple algo-
rithms to suggest possible completions for a prefix. The heuristics are often based on
empirical observations and predefined criteria rather than complex statistical mod-
els or machine learning algorithms. The features that make up a heuristic model are
usually simpler to implement (and understand) and are computationally less inten-
sive compared to a neural method Heuristic models are usually less accurate than
those generated using an AI approach, as they cannot leverage the full complexity
of data and context [77,102].

Both of these approaches treat QAC as a re-ranking problem as shown in Fig-
ure 2.4. The re-ranking process has also been called ‘generate-then-rank two-step
framework’ [133]. Learning to Rank can combine or ‘fuse’ the two approaches with
any number of features [134,135] as outlined in §4.7.2.

Figure 2.4: Query Auto-Completion as a re-ranking problem. The ‘re-ranker’
transformation (in red) generally use either a Neural or LTR approach to improve
on basic ranking or sorting.

Most research focuses on improving the relevance of suggested queries using a rank-
ing model trained and evaluated with data from datasets generated by commercial
search engines, such as AOL [26]. In the case of Enterprise Search, where organi-
sations have their own jargon/terminology, the ranking model will need to behave
well for unseen prefixes.

In Chapter 4 (Section §4.7.1 in particular), a QAC ranking model will be generated
that harnesses optimised weighted signals from multiple ranking functions.
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2.3.6 Datasets for QAC

The names and properties of publicly available query log datasets are listed in ta-
ble 2.1. These datasets record the intended query for given prefixes.

Table 2.1: Characteristics of popular QAC datasets used for evaluating ranking of
query candidates.

Dataset
Properties pub. year language queries URLs

AOL [26] 2006 English 10,154,742 1.6m
MSN 2006 English 8,831,281 4.9m
SogouQ 2008 Chinese 8,939,569 15.1m

Much research for QAC focuses on improving the relevance of suggested queries
using a ranking model trained and evaluated with data generated by commercial
search engines, such as the 2006 AOL WS dataset [26], which includes over 10
million queries. In §4.3. we demonstrate that the AOL query history is sweeping,
centred around popular culture, often archaic or not applicable to the domain of
ES.

2.3.7 Historical QAC Data

Relevance judgements in the form of annotated query-document pairs are typically
required to train a ranking model for documents on the Search Engine Results
Page [98,136]. QAC researchers rarely rely on the same editorial effort to manually
annotate prefix-candidate pairs. More often, QAC relies on the collection of large-
scale historical data for QAC tasks [131]. Previously recorded behaviour and queries
provide useful information for any user’s intent and can be leveraged to suggest
completions that are more relevant while adhering to the user’s prefix [130].

Most Popular Completions (MPC) is a ranking feature that proposes completion
candidates based on user preferences recorded in historical search data. It is a tuple
consisting of both the prefix and the associated frequently selected candidates. For
this reason, and because of a reluctance of users to provide explicit feedback [6],
MPC is typically considered the main indicator of historical relevance [25] and thus
considered to be a credible proxy for ground truth in many datasets.

A similar ranking feature extracted from historical logs is Most Frequent Queries
(MFQ) [130]. These queries represent the topics or keywords searched for most
frequently by the user community. MFQ simply ranks the most frequent suggestions
matching the input prefix and is particularly useful when MPC data is sparse.

Figure 2.5 compares the shape of the Search Demand Curves between WS and
ES. WS query history, extracted from the AOL dataset between 01st March 2006
and 31st March 2006 (Section §2.5) includes 7,841,462 AOL queries. Two years of
ES query history extracted from The University’s log data contain 62,044 unique
queries.
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Figure 2.5: Search Demand Curves comparing ES and WS query history..

For the WS dataset, data is recorded over one month, but obviously with greater
query volume. Since the Search Demand Curves of ES and WS are similar in shape,
it is inferred that the ES data is sufficiently sized (this assumes that the AOL dataset
itself was sufficiently sized to begin with).

Personalisation of an individual user’s session or recent history enables ‘contextual
suggestions‘, which have proved very effective for completing a user’s query prefix
in Web Search [137]. For example, if a particular user submits a Google search
for “Past American Presidents”, then if their next query prefix starts with an ‘N’,
the suggestion will be ‘Richard Nixon’. The use of personalisation for QAC in the
domain of Enterprise Search seems to be rare, possibly because ‘profiling’ may be
prohibited in the organisation (as discussed in Section §2.2.11).

2.3.8 Trending Queries

Queries that have been popular in a recent time period merit a ranking feature to
capture temporal behavioural trends. For a number of years from 1999, the operators
of the Lycos commercial Web Search engine began publishing a weekly list of the 50
most popular queries submitted. The query term ‘Britney Spears’ was number two
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on the weekly list. The popularity of that term endured, and ‘Britney Spears’ never
fell off the list over the next eight years. This meant that the list was relatively
static, and emergent topics were volumetrically drowned out. This has sometimes
been referred to as ‘The Britney Spears Problem’ [138].

A more dynamic list tells us what topic or query is up and coming or generating a
buzz as measured by a sudden abnormal burst of interest. This concept is known
as trending [132] and is based on the relative spike in the volume of clustered topic
searches in relation to the absolute volume of searches [125]. Unlike the popularity
list, the trend list would exclude the constantly popular ‘Britney Spears’.

Although trending analysis is most commonly discussed in the context of WS and
social media, the concept is also relevant to ES because unexpected surges in inter-
nal query behaviour (for example, around new policies, incidents, or organisational
announcements) can help administrators understand emerging information needs
and evaluate whether the search system surfaces appropriate content during such
periods.

2.3.9 Terms extracted from the corpus

The preceding sections describe how historical log data can be harnessed to create
candidates. Separately, candidates can also be retrieved from the corpus. Enterprise
Search engines, such as Apache Solr [14] are designed for the explicit retrieval of
terms within a particular field of a schema, such as title, content body, anchors,
footers, etc. A candidate indexed from the anchor text within a corpus is likely to
be more important than a candidate from the content field.

2.3.10 Evaluation Metrics for QAC

The evaluation of QAC performance has two general approaches [131], each of which
has its own metric:

1. The Mean Reciprocal Rank (MRR) metric focuses on the quality of ranking.

2. The Minimum Keystroke Length (MKS) metric focuses on savings of a user’s
keystroke effort [139].

Since this study focuses on ranking rather than keystroke effort, we compute MRR,
which is widely accepted as the principal metric for evaluating QAC ranking per-
formance [20,25].
The MRR metric is appropriate for evaluating systems that return an ordered list
of candidate responses for a given query prefix. For each prefix, the Reciprocal
Rank (RR) is computed by judging relevance across the full list and taking the
multiplicative inverse of the rank position of the first suggestion that matches the
user’s intent (with RR=0 if no suitable suggestions are listed). The system doesn’t
need to rank a specific ‘golden’ item first; any relevant item can qualify as the
‘first appropriate’ one. While datasets often annotate a single ‘golden’ suggestion
as the primary match, the metric accommodates multiple suitable candidates by
prioritising the highest-ranked one [70]. This yields a score of 1 if the first relevant
suggestion appears in position 1, 1/3 if in position 3, and so on.
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The mean reciprocal rank is the average of the RR results for a sample of queries
Q:

MRR = 1
|Q|

|Q|∑
i=1

1
ranki

where ranki refers to the rank position of the first relevant document for the ith

query. MRR only considers the rank of the first relevant candidate (if there are
further relevant candidates, they are ignored).

The MRR metric has two main shortcomings. Firstly, only the rank of the first
relevant candidate is considered. If there are further relevant candidates, they are
ignored. Secondly, since MRR is the mean of all RR scores, all prefixes are weighted
equally. But we know that some prefixes are easier to complete than others. For
example, generating candidates for the prefix “machin” is easier than for a prefix
like “ma”, which would have a vastly larger volume of potential candidates [20].

In the case of search engine results, users are already committed and engaged with
the search process. Hence, users are less likely to stop at the first ‘correct’ document.
This is why MAP and nDCG are the preferred metrics for Enterprise Search results,
whereas MRR has become the standard measure for evaluating the effectiveness of
QAC rankings [20].

Similar to MRR is Mean Recoverable Length (MRL), which is specifically designed
for Query Auto-Complete and measures how many upcoming characters the model
could complete correctly. MRL also eliminates the need for prefix length sampling
for existing rank-based metrics. Kim [129] expresses mean recoverable length as the
average of the recoverable lengths of results for a sample of queries Q:

MRL = 1
|Q|

|Q|∑
i=1

1
RLi

where RL is the number of characters before the first position where candidates do
not have the query.

2.3.11 Gaps in the Literature

The literature on QAC reveals critical gaps when applied to ES. These gaps un-
derscore the disconnect between QAC methods designed for WS and the unique
requirements of organisational environments and enterprise content.

• Existing QAC datasets are derived from WS logs and fail to capture ES specific
queries (e.g., keywords, internal jargon, alphanumeric codes). This limits the
development of ranking models tailored to organisational content.

• Ranking signals for QAC candidates in the literature are derived from WS. ES
specific ranking signals are not addressed.

• Relevance blindness and query formulation challenges. WS QAC relies heavily
on query popularity (MPC/MFQ) and personalisation (Section §2.2.11), but
ES queries often target known items rather than exploratory intent.
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• Inadequate Handling of Jargon/Terminology. Current QAC systems lack mech-
anisms to detect or decode organisation-specific language. Newcomers face
barriers in query formulation, as QAC fails to bridge the gap between their
intent and internal terminology.

By addressing these gaps, QAC can evolve from a WS-derived convenience tool to a
critical ES capability that mitigates vocabulary mismatch (PS-2, PS-3) and, more
generally, elevates ranking performance (PS-1).

2.4 Learning to Rank Method
LTR is a supervised machine learning approach that optimises the ranking order
of search result documents (or query auto-completion candidates) by training on
labelled data [29, 38]. LTR combines multiple ranking functions (referred to as
‘features’ in the context of LTR) into a unified relevance model. Unlike heuristic
ranking methods, which rely on static, hand-crafted rules, LTR adaptively learns
ranking functions from data, uncovering complex relevance relationships that are
not easily observable through visual inspection.

Traditional (heuristic) ranking methods leverage domain-specific knowledge and em-
pirical observations to design fixed scoring weights (e.g., BM25, TF-IDF). These
rules are interpretable, straightforward to implement [140], and can be stacked us-
ing query re-ranking [141]. But their rigidity introduces limitations:

• The use of multiple re-ranking functions risks permanently losing relevant
items at each pruning stage. Pruning is the discarding of documents early in
a multi-stage retrieval pipeline. Pruning is a necessary efficiency optimisation,
but it carries the risk that relevant documents may never reach later re-ranking
stages if they are filtered out too early. Each re-ranking step only operates
on the subset retained by its predecessor, so low scored relevant items can be
permanently lost from the recall pool [142].

• Hand crafted rules risk inheriting the assumptions, bias and other ‘blind spots’
of their creators [134].

• Even if a relevance engineer is very familiar with their corpus content, it is
extremely difficult to objectively gauge the weighted ratios between the various
ranking functions.

LTR addresses these shortcomings by framing ranking as a machine learning prob-
lem. Instead of assigning ‘best guess’ weightings to scoring functions, LTR models
learn to combine (rather than stack) features.

LTR training labels may be explicit (i.e., human-annotated relevance judgements) or
implicit (e.g., annotations extracted from clickthrough data). This data driven ap-
proach enables LTR to outperform heuristic baselines in complex, dynamic retrieval
scenarios.
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Figure 2.6: Number of English-language published research papers with “Learn-
ing to Rank” in the title (data source Google Scholar [https://scholar.goggle.com,
accessed 18th May 2025])

2.4.1 Evolution of LTR

Before the advent of LTR, multiple ranking functions could be applied using query
re-ranking. Apart from being slow and compute-intensive, this had a serious draw-
back in terms of recall, where each re-ranking stage only operated on the documents
passed to it by the previous stage (as described above) [143]. In contrast, modern
LTR architectures typically employ a two stage ranking process (an initial retrieval
phase that returns a broad set of candidate documents, followed by an LTR re-
ranking phase that applies a more sophisticated, feature based model to refine the
ordering of this smaller subset).

Before the widespread adoption of LTR, one probabilistic framework attempted to
mitigate the above was the probFuse method [144], which computed ranking scores
for documents in a ‘fused result set’. But while probFuse resembled LTR models, it
was primarily a data fusion technique rather than a pure LTR algorithm. ProbFuse
is thus firmly rooted within the evolution of ranking optimisation and, therefore, is
contributor to subsequent LTR frameworks.

Since its introduction in 2005, Learning to Rank has become a hot research topic,
no doubt spurred on by commercial Web Search engine providers [145]. Figure 2.6
depicts the recent growth in publications on this topic within the field. This growth
was likely influenced firstly by Google making Learning to Rank more accessible
with frameworks such as TensorFlow-Ranking [146], and secondly Microsoft and
Yahoo releasing datasets specifically designed to foster improvements for Learning
to Rank algorithms [29, 30]. It has been reported that major commercial search
engines employ ranking models comprised of hundreds of features [143,147].

In 2024, Baidu still uses LTR, and considers it the “standard workhorse” [27] for
ranking search results. Google maintains a highly reticent stance regarding the
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specifics of their ranking models (to safeguard its search technology). While they
limit disclosures to broad principles, their 2025 public engagements and description
of ‘RankBrain’ suggest that it is also broadly based on an LTR weightings princi-
ple [148].

The applications of LTR are not limited to document retrieval, but can also include
tasks like question answering, keyphrase extraction, and even translation [77, 108,
149]. Moreover, in a 2023 paper, LTR was reported to be deployed for ranking query
auto-completions for a major ecommerce provider [150].

2.4.2 Definitions

Traditionally, LTR has been simply defined as the application of supervised machine
learning techniques for training a model to list the best ranking order [149,151].

Learning to Rank shares some similarities with popular statistical or machine learn-
ing problems such as classification and regression. The key difference is in the output
of the models. In regression and classification, the task is to predict a label (a value
or category, respectively). With LTR, the output is an ordered sequence of items.
Unlike regression, an evaluation of the ordered list cannot be based on a distance
like ‘least-squares’ (actual minus predicted).

2.4.3 Architecture

The Solr query re-ranking service allows an initial query (A) for matching docu-
ments, which then re-ranks the top k documents, re-scoring them based on a second
function (B), as shown in Figure 2.7. The selection of the top k documents is some-
times referred to as ‘skimming’ [144,152]. Since the more costly ranking from query
B is only applied to the top N documents, it will have less impact on performance
than using query B by itself.

The architecture uses re-ranking, and again the potential limitation is that docu-
ments which score poorly using the simple query A may not ‘make the cut’ during the
skimming phase, even if those (now discarded documents) have scored highly using
function B. A single iteration of re-ranking is used for LTR (this is an improvement
over the use of multiple stages of re-ranking).

As shown in Figure 2.8, the key components of machine learning involve inputs,
outputs, hypothesis space, and loss functions [77]:

• Output space: this is the output produced by the machine learning framework.
In logistic regression [153], this would be, say, a zero or a one. In LTR, the
output space is a ranked list.

• Hypothesis space: this defines a class of functions that maps the input to the
output space.

• Loss Function: a measure of the degree the generated prediction matches
reality (ground truth). According to how many list items are processed in
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Figure 2.7: The architecture of Solr’s implementation of LTR for search results.
Re-ranking involves processing a regular query for matching documents and then
secondary processing (re-ranking) of the top k documents using the scores from a
more sophisticated function. The machine model is trained offline.
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Figure 2.8: A general framework depicting Learning to Rank using Machine Learn-
ing (adapted from [77]). Each row in the Training dataset is a trained example which
consists of a query q, documents x, and a relevance judgement y.
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calculating the ranking loss, learning to rank algorithms can be categorised as
point-wise, pair-wise, or list-wise [154]. Much of the research on LTR revolves
around the creation and application of optimum loss functions.

Solr has an LTR ‘contrib module’, that allows for easy integration [155]. Section
§3.4 will demonstrate how an LTR model is integrated into The University’s live ES
service.

2.4.4 Ground Truth

According to the Oxford English Dictionary, ‘Ground Truth’ refers to ‘a fundamental
truth; the real or underlying facts’6. By this definition, ground truth is the term
given to objective (provable) data, which can be used to prove or disprove a research
hypothesis. In the domain of information retrieval and machine learning, ground
truth refers to the reality we want to model with our supervised machine learning
algorithm.

In the subjective discipline of human relevance judgements, the opinion of a small
number of expert judges is relied upon for annotations. There are often no hard-and-
fast rules to define the objective or ground truth label in all situations. This means
that there is an element of subjectivity in the objective. Ground truth cannot be
considered a universal truth; evidence for this is any discordance uncovered during
IAA studies.

Crowd-sourcing platforms, such as Amazon’s Mechanical Turk (AMT), have facili-
tated explicit labelling by remunerating annotators [156, 157]. While this is appro-
priate for internet-facing documents or web pages, AMT cannot be used to see the
intranet behind an organisation’s firewall.

Another coordinated annotation methodology was used in the Text Retrieval Con-
ference (TREC), which employed controlled pools of trained assessors, often with
domain expertise (for example, former U.S. military personnel in some tracks), pro-
viding greater consistency and reliability in relevance judgements [158].

However, even such a controlled annotation approach would be unsuitable for an
enterprise document annotation scenario, as external assessors would not have au-
thorised access to confidential or proprietary organisational material.

An alternative to explicit feedback is to extract implicit relevance feedback from
search engine log data. User interactions, such as recorded clicks and dwell time,
act as substitutes for annotated judgements. This proxy feedback is referred to
as ‘click-through data’ [159]. Google refer to it simply as ‘click data’ [160]. The
advantage of implicit judgements is that very large quantities of training data can
be mined at a low cost. Implicit feedback is ‘user-centric’, meaning that the bias of
expert judges is avoided [161] and can empower organisational ES knowledge bases
to be automatically generated from people’s activities [51]. The clickthrough data

6https://www.oed.com/view/Entry/249130, accessed 19th June 2023
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can be converted to CTR, which can be used as a democratic alternative ground
truth to the human / experts’ institutional approach.

For this reason, some argue that the term ‘ground truth’ is misleading, disingenuous,
and distorts understanding [162].

The ‘Gold Standard’ is a term commonly applied to medical datasets, where diag-
nostics can measure objective facts. In the field of IR, researchers generally speak
of ‘mitigating bias’ and subjectivity, but with the understanding that it can never
be entirely removed. The term ‘ground truth’ is used to describe labelling even if
the annotations are subjective. In this sense, ‘gold standard’ is assumed to be the
ground truth, and hence the terms are used interchangeably.

Table 2.2 outlines the specific differences between click-through log data and human
relevance judgements, as applied to ES. The table illustrates how click-through
feedback captures only positive user preferences. Human judgements ought to have
greater accuracy as they also include negative feedback (e.g., via a Likert scale).

Table 2.2: Characteristics of human relevance judgements and click-through data as
feedback for Enterprise Search.

Characteristic Human click-through
Accuracy High Lower

Abundance Low High
User preferences +ve and -ve +ve only

Domain knowledge High Low
Measurement relevance Absolute Relative

Principled Approach Institutional Democratic
Potential Bias Organisational bias Position bias

A practical complicating factor for researchers of implicit feedback is that LTR-
formatted datasets (see Figure 4.2 for an example) are generally published sepa-
rately from associated click-through data. So while the ‘Gov’ corpus of Microsoft’s
LETOR 3.0 dataset identifies 64 features per document [31], no implicit feedback
data is included. This is understandable, as making public a set of Q-D relevance
judgements involves much less disclosure than releasing a full text corpus.

2.4.5 Datasets and Dataset Design

Although most organisations deploy some kind of ES service, few have dedicated
relevance annotators to generate training data. As a result, the search system may
rely on default similarity algorithms (e.g., BM25 in Apache Solr), operating in a
largely ‘relevance-blind’ manner [61].

Cleverly et al. [1] hypothesise that the general scarcity of academic studies on En-
terprise Search environments stems from the difficulties of researchers gaining access
to corporate environments. Kruschwitz et al. [64] describe a general reluctance of
searchers to provide explicit feedback on the usefulness of results returned for a
search query.
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A test collection based on Enterprise Search is hard to come by. Identifying the cog-
nitive barriers that deter research in this field is a necessary first step to identifying
and mitigating their underlying causes [163]. According to Craswell, an enterprise
is not inclined to open its intranet to public distribution, even for research [10].
Furthermore, the corporation may decline permission to publish the results of any
research carried out on Enterprise Search. Most researchers with access to an in-
tranet have access only to that of their institution [43]. Specialist providers, whose
livelihood depends on their ES products, are unlikely to publish their research. For
all of these reasons, the field of Enterprise Search has been overwhelmed by the large
volume of datasets coming from internet web search organisations [1] as shown in
Table 2.3.

To rebalance this, TREC instigated a new ‘enterprise track’ in 2005. It began as
the successor to the web track, but the key difference is that the ‘Enterprise Track’
incorporated non-web data (such as intranet repositories, email archives etc) [10].
One of the key conclusions according to the TREC community is test collections
should have a minimum of 25 queries and 50 queries as the norm [106]. About
the same time, Hawking [55] examined specialist vocabulary in enterprise search
systems, though the research achieved limited success owing to dataset restrictions.

The Cranfield experimental methodology, established in the 1960s, set a critical
precedent for assessing and benchmarking the relevance of document collections [106,
164]. Aligning with this benchmarking tradition, the release of Microsoft’s LETOR
dataset provided a significant impetus for Learning to Rank (LTR) research, offer-
ing a standardised framework for training and evaluating machine learning-based
ranking models [31].

Much of contemporary LTR research focuses on comparing and evaluating diverse
ranking algorithms using the LETOR. However, the LETOR dataset is essentially
web content, which differs fundamentally from the hierarchical structure, terminol-
ogy and content typical of enterprise data [8]. Table 2.3 is a summary of popular
LTR-formatted datasets, though many of the source corpora are not available, or
require payment to use (Table 2.4).

For the reasons outlined above, no publicly available ES dataset is to be found,
much less one that includes both explicit and implicit feedback data suitable for
correlation analysis and comparison. This research introduces a new LTR dataset,
which has been extracted from the The University corpus and search logs, and is
described in Section §3.4.4.

When creating a dataset, Rottger [165] warns that when annotation guidelines lack
clarity or completeness, designers must clarify or expand them, typically through
iterative annotation processes. As a result, quality assurance requires a lot of work,
but it follows a structured approach, where inter-annotator agreement functions as
a useful (though imperfect) measure of dataset quality.

Another dataset design consideration pertains to the depth or breadth or Q-D
pairs [166]. Yilmaz et al. [167] pose the question: “given a fixed judgment bud-
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Table 2.3: Characteristics of popular datasets and associated collections used by
learning to rank researchers.

Dataset
Properties pub. year collection queries documents features

Gov 2008 Gov 575 56k K 64
OHSUMED 2008 OHSUMED 106 16 K 64
Gov2 2009 Gov2 2476 85 K 46
MQ2007 2009 TREC 1700 69 K 46
MQ2008 2009 TREC 800 15 K 245
MSLR-Web10K 2009 Gov2 10,000 1.2M 136
MSLR-Web30K 2009 Gov2 30,000 3.1M 136
Yandex 2009 Yandex 20267 213 K 245
Yahoo! 2010 Yahoo! 36251 883 K 700
Robust04 2004 TREC 250 500 K 64
ClueWeb-09-Cat-B 2009 TREC 150 34 M 50
ISTELLA-X 2018 Istella 33018 3.4M 220

Table 2.4: While associated datasets are freely available for download, most of the
underlying collections or corpora are private or pay-per-use.

Dataset Content Availability

Gov Ad-hoc Free
OHSUMED Medical Free
Gov2 WS (.gov) Paid
MQ2007 Ad-hoc Free
MQ2008 Ad-hoc Free
MSLR-WEB10K WS Free
MSLR-WEB30K WS Free
Yandex WS Discontinued
Yahoo! WS Licensed
ClueWeb09 WS Agreement req.
Robust04 Ad-hoc Licensed
ISTELLA-X WS Agreement req.

get, is it better to judge as many queries as possible, with fewer judgments per
query (shallow judgments) or to judge fewer queries but more documents per query
(deeper judgments)?”. Their research is based on a large WS provider and they
conclude that shallow judgements are more cost effective when using the Lamb-
daRank [168] algorithm. This trade-off looms large in the context of EXP-5, where
its consequences may prove decisive and the wrong judgment strategy could critically
undermine the results.

Dataset designers at the Baidu search engine [27] present a framework for improv-
ing LTR models in large-scale search engines, focusing on active learning strategies
to optimise the labelling process of queries and relevant web pages. The authors
propose two criteria named Ranking Entropy (RE) and Prediction Variance (PV).
These criteria guide the selection of the most informative queries for labelling. RE
measures the uncertainty in ranking outcomes, while PV assesses the diversity of
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ranking predictions. Combining these criteria aims to balance query selection. Ex-
periments demonstrate that this approach outperforms existing methods (as evalu-
ated by higher accuracy in ranking results with fewer labelled data points).

2.4.6 Signals and Features

In the context of search results, the goal is to combine signals to present the optimal
ranking order of documents for a given query [149, 151]. Similarly, in QAC, signals
are combined to determine the best order of query candidates for a typed prefix.

When examining a list of search results, various signals become apparent. A signal
may serve as an immediate indicator of a document’s relevance or importance. For
instance, if a URL contains the number ‘2015’ (as illustrated in Table 2.5), it signals
to the user that the document is likely over a decade old. These signals can then be
transformed into machine-learning ‘features’ (measurable data points used to predict
the relevance or ranking of documents in search results). Features act as effective
data representations [169], or what Siebert terms ‘scientometric’ measures [170].
They may be statistical, axiomatic, or semantic in nature [171] and are combined
into a feature vector array. Broadly, features can be categorised as either query-
dependent or query-independent [56].

Query-Dependent Features These features assess whether a document is rele-
vant to the query, making them the most common type of relevance signal. They
measure the importance of a query term within a document relative to a corpus.
Examples include TF-IDF and BM25.

Query-Independent Features At first glance, these features may seem counter-
intuitive, as they rank documents irrespective of query relevance. However, certain
signals—such as a document’s URL structure or historical page hits—can indicate
importance without relying on the query term. Table 2.5 provides examples of such
features.

Table 2.5: Query Independent Features: The number of slashes in a URL or recorded
page hits are both features unrelated to the query term.

URL Number of Slashes Page Hits
example.com/Botany 1 512
example.com/Botany/subdir/2015/schedule.pdf 5 6

Zhou et al. [100] argue that an effective ranking model for enterprise search should
incorporate recency and authoritativeness (query-independent features) alongside
text-matching (query-dependent) features. Similarly, Zilles [145] emphasises com-
bining ‘relevance, importance, and preference’, integrating query-dependent, query-
independent, and labelled features. In Section §3.4.4, a dataset will be created for
The University’s ES service, and will be comprised of both query-dependent and
query-independent features.
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Query Intent for ES Enterprise search often involves ‘navigational queries’,
where the user seeks a specific homepage or known site [57, 172]. Such queries typ-
ically have one perfect result—the exact website the user intends to find [77, 131].
Features like the *number of slashes* in a URL can aid in homepage discovery,
while the presence of a year (e.g., ‘2015’) may indicate outdated content—another
example of a query-independent feature.

Feature Selection and Model Efficiency The number of features in ranking
datasets varies significantly (see Table 2.3). While the Yahoo! dataset includes 700
features, MQ2007 has only 46. A larger feature set does not guarantee better ranking
performance; instead, it increases dimensionality and the risk of overfitting [173].

Feature selection mitigates overfitting without compromising accuracy. Though
well-established in classification, it was only applied to ranking in 2007 [173]. Re-
cent advances include graph-based feature selection methods [174] and Recursive
Feature Elimination with Cross-Validation (RFECV) [175]. Reducing features im-
proves computational efficiency and can enhance ranking performance by eliminating
irrelevant variables.

Derived Features and Ablation Studies A ‘derived feature’ is constructed
from existing variables, often providing greater predictive power than raw data. For
example, ‘area’ (derived from length and width) allows models to bypass redundant
calculations. Such features can also help prevent overfitting.

Ablation studies (or step-wise sensitivity analyses) evaluate model performance by
systematically removing features, revealing their individual contributions [176]. Sim-
plifying the feature space in advance aids interpretability and clarifies the impact of
specific features on ranking outcomes.

2.4.7 Limitations of Feature Engineering

The major limitation of using features in the context of Machine Learning is that
each feature is based on a hunch that it represents a significant signal of relevance.
The feature is therefore handcrafted based on expert knowledge.

Feature engineering is usually a time-consuming process [169] in terms of identifying,
refining, evaluating. But Apache Solr makes the implementation relatively easy.
For example, Listing 2.1 shows how urlLength could be coded and uploaded into an
Apache Solr ‘feature store’.

"store" : "myCombinedFeaturesStore",
"name": "urlLength",
"class": "org.apache.solr.ltr.feature.FieldLengthFeature",
"params": {

"field": "url"
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Listing 2.1: Example of a feaure in Apache Solr ready for uplaod to the ‘feature
store’. This feature, called urlLength, simply measures the number of characters in
the URL.

The assumption is that the urlLength feature was originally a signal for the user’s
judgement of importance. Only ground truth will tell if this assumption is indeed
correct. This feature is a good example of a ranking signal that might make sense
on one corpus, but not another.

Similarly, features are engineered for a particular dataset but may be an insignificant
or inappropriate fit for others. Note that [135,169] refer to this over-fitting as ‘over-
specified’ features. According to Yang [177], care should be taken during the feature
engineering process to avoid ‘naively’ combining features. Field-based features (such
as those extracted from body and whole document, title and anchor, or title and
URL) may be strongly correlated, and their individual contributions to the ranking
performance should be isolated and measured. Pearson’s correlation should be used
to analyse the correlations among the various field features.

Finally, a limitation of feature engineering is that the feature set may be incomplete.
This limitation could occur if there are one or more signals that any judge fails to
articulate. For example, there may be subconscious signals, such as the UK versus
US spelling of a word of the displayed snippet, that prompt the searcher to choose or
avoid a document. Undetected signals mean that the codification of the subsequent
feature set will therefore be incomplete [135,169].

2.4.8 Bias in LTR Datasets

Bias is an inescapable artefact of human cognition. This is evident in search be-
haviour, where the order in which documents are presented profoundly shapes user
decisions. Faced with a list of results, users exhibit a depth-first interaction pattern,
prioritising efficiency over thorough evaluation. They tend to click the first seem-
ingly relevant document, often neglecting alternatives—a heuristic that saves time
but distorts implicit feedback [178].

Eye-tracking studies by Joachims et al. [179] confirm this tendency: users scan
results top-to-bottom and “click on sufficiently promising abstracts without first
exploring lower-ranked links”.

This behaviour introduces ‘position bias’, a major challenge for interpreting implicit
feedback. Clicks on higher-ranked documents do not necessarily indicate greater
relevance, nor do skipped items imply irrelevance. As such, equating clicks/non-
clicks with positive/negative feedback is problematic [161]. Griffiths et al. [180]
caution against using raw ”user satisfaction” metrics, while Agarwal et al. [181]
emphasise that debiasing click data is a *prerequisite* for reliable analysis. Naively
leveraging unprocessed click-through data risks reinforcing systemic biases [160,181].

Unbiased Learning to Rank (ULTR) methods address this by correcting for position
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bias before training ranking models [161]. Recent work demonstrates ULTR’s effec-
tiveness in real-world applications [182]. The issue is further exacerbated by user
engagement patterns: a 2014 study of Google desktop searches found only 6% of
users navigated beyond the first page, intensifying the skew in click data [183].

According to Chapelle et al., explicit human judgements, while costly and time-
consuming to obtain, produce cleaner training data by relying on expert annota-
tors [30]. However, these judgements themselves are intrinsically subjective; annota-
tors often disagree on what constitutes appropriate scoring of Q-D pairs. Moreover,
explicit relevance labels may misalign with implicit user preferences [184], highlight-
ing the tension between curated (organisational) and socially proofed signals. These
tensions are on display in EXP-3 and EXP-4 and a means of mitigating them is
discussed in Section §5.5.

2.4.9 LTR Loss Functions

The research on advancing LTR algorithmic performance revolves around the cre-
ation and application of optimum ‘loss functions’. A Loss Function is a measure of
the degree to which the generated prediction matches reality (ground truth). LTR
algorithms are categorised according to their loss function. According to the number
of list items processed in calculating the ranking loss, learning to rank algorithms
can be classified as point-wise, pair-wise, or list-wise [154].

• Point-wise: ranking is treated like a classification or regression problem. The
scoring function is used to predict the relevance label of a document on its
own.

• Pair-wise: ranking is treated as a set of pair-wise preference prediction tasks.
An example is LambdaRank or LambdaMART (described below), which Hu
describes as the state-of-the-art ranker [185].

• List-wise: this method builds on the pair-wise method, but it takes a set of
documents together (not just a pair) and optimises the final ranking metrics.
All instances are considered at once. ListMLE [186] is a popular list-wise
algorithm, which optimises likelihood loss over cosine and cross-entropy loss.
The XGBoost ML library can generate ranking models using point, pair or
list-wise loss functions.

2.4.10 LambdaMART

LambdaMART is a ‘list-wise’ LTR algorithm that trains boosted regression trees
using LambdaRank style gradients. It provides an alternative to point-wise and pair-
wise LTR models by directly optimising ranking metrics (such as nDCG or MRR)
through gradient signals that encode the desired ordering. While LambdaMART is
considered as list-wise at the conceptual level, it is pair-wise at the operational level
(it uses pair-wise λ gradients to approximate the list-wise objective).

For a query q, consider a document pair (i, j) with relevance labels yi > yj and
current model scores si and sj. The pairwise training signal is:
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λij = 1
1 + exp(si − sj)

· ∆nDCGij,

where ∆nDCGij is the change in nDCG that would result from swapping the two
documents. Each document’s gradient is the sum of its pairwise lambdas:

λi =
∑

j

λij.

A regression tree ht(·) is fitted to these gradients at each boosting step:

Ft(x) = Ft−1(x) + η ht(x),
with learning rate η. LambdaMART therefore optimises ranking metrics (e.g.,
nDCG) by training trees on gradients that encode the desired ordering.

The implementation of LambdaMART to rank a) search results and b) query auto-
completions is described in Sections §3.8.1 and 4.7.1 respectively.

2.4.11 Click Model Types

A click model is a framework that interprets user interactions to estimate relevance
and improve ranking systems. For this research the interactions being interpreted
are a) clicks on documents on the search results page and b) candidate selection
for QAC. Click models form a spectrum ranging from basic interaction frameworks
to sophisticated systems that can mitigate bias. While often used interchangeably,
‘click-through models’ generally represent the foundational tier, which is a simpler
form that establish the basic relationship between user clicks and item relevance.

Basic click models can serve as workhorses for Q-D or P-C annotation pairs, pro-
viding insights by tracking raw user interaction patterns and supporting relevance
estimation. In WS, click models effectively infer search importance to a document
for a given query [19].

The ‘cascading model’ exemplifies this category, modelling user behaviour as a strict
top down sequential process where each result is evaluated individually before click
decisions are made [140].

Sophisticated click models build upon these foundations by incorporating behavioural
psychology and statistical adjustments to address inherent biases (such as position
or presentation bias). This evolution from basic to advanced models reflects the
field’s progression from simple click counting to nuanced interpretation of implicit
feedback signals [20].

In Chapters 3 and 4, basic click models are used to estimate relevance for documents
(EXP-3) and QAC candidates (EXP-6).

2.4.12 Per-Query Ranking Models

A custom ranking approach is to dynamically select and apply the most suitable
ranking function or model for each individual query [56, 187]. This approach is
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grounded in the observation that different ranking functions perform optimally on
different query types. Retrieval performance can thus be improved by tailoring the
function/model selection at the per-query level.

A key contribution of Peng’s paper [187] is the introduction of divergence as a
query-specific feature. Divergence quantifies the degree to which a document rank-
ing function modifies the scores of an initial document ranking for a given query.
This metric enables the framework to make more informed decisions when selecting
ranking functions, thereby enhancing overall retrieval effectiveness.

This custom per-query ranking model could be useful for ES, where queries can
include usernames, purchase code, ticket numbers, staff names, or any other diverse
artefact [10].

2.4.13 Gaps in the Literature

As outlined in Section §2.4.1 to Section §2.4.5, the evolution of LTR has been shaped
by the availability of benchmark datasets, the rise of scalable ML frameworks, and
the deployment of LTR in real-world systems by industry leaders such as Microsoft,
Google and Baidu.

Despite these advances, practical barriers to deployment at the enterprise level re-
main. According to [54], the complexity of ES is such that organisation should
form a Centre of Search Excellence (CSE), which would include staff with specialist
expertise in fields like LTR and LM. As of 2022, Martin White notes a significant
shortage of people with skills to support and manage ES [72]. Furthermore, as a
first step in deploying AI methods, it must be determined that an AI approach can
improve ES search result ranking. Once this is determined, any performance gain
informs the discussion of whether state-of-the-art AI ranking methods are ‘worth
the effort’ of overcoming the practical barriers such as acquiring the staff, skill sets
and hardware resources.

Moreover, the high ‘cost’ of human labelling for LTR, the difficulty of LTR model
generalisation across domains, and the operational challenges of frequent model
retraining to counteract relevance drift all serve as formidable practical barriers to
adoption of LTR for ES.

The subsequent section of this literature review investigate the complementary
NLP/LM method, and evaluates how it address some of the constraints associated
with LTR for both search results and query auto-completions.

2.5 Language Modelling Method
Unlike traditional ranking methods such as TF-IDF or BM25, the LM method in-
fers user intent by learning the probability distribution of word sequences, thereby
enabling a deeper, semantic-level understanding of queries and documents. The LM
method differs from traditional lexical search (i.e. where the search looks for literal
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matches of the query strings). Google pithily refers to the task of bridging the gap
between query and document vocabulary as matching ‘things, not strings’ [33]).

2.5.1 Definitions

An important distinction must be drawn between the overlapping but distinct con-
cepts of NLP, LM, LLM, and Neural Information Retrieval (NIR). NLP encom-
passes the broader discipline of enabling machines to process, understand, and gen-
erate human language, with applications in IR including query understanding, doc-
ument summarisation, and relevance ranking. LM is a subfield of NLP that focuses
explicitly on predicting word sequences and estimating the probability of textual
data [188]. NIR refers to the application of artificial neural networks (such as the
BERT LM transformer) to learn complex representations from data [189]. An LLM
is a type of artificial intelligence system based on deep learning that is trained on
massive amounts of text data to understand, generate, and manipulate human lan-
guage for a wide range of tasks.

This document will take care to differentiate clearly between these four concepts.
However, it should be noted that in both academic and industrial contexts, the terms
are sometimes used interchangeably, particularly as neural approaches dominate
modern language modelling and NLP applications in information retrieval. The
umbrella term ‘AI approach’ is used to cover all of these concepts.

The current relationship and overlap between these concepts in the context of AI,
ML and DL is highlighted in Figure 2.9. Learning to rank has traditionally been
classified as an ML concept. Word2Vec is not classified as an LM as it does not
explicitly predict word sequences or probabilities. Instead, it is used to support LM
tasks by capturing semantic word relationships. Instead, Word2Vec is described
as ‘representation learning‘, a subfield focused on encoding linguistic features into
machine-interpretable forms. While LM has historically been rooted in ML, it has
evolved (via BERT and GPT LLM models) to the point where it is now generally
classified as DL. ML methods like LTR are more computationally efficient in terms
of training than DL methods [69].

Practitioners in the field use phrases like semantic search [61], concept search [11],
deep search [188], and AI-powered search [140] interchangeably to describe search
engines that comprehend intent.

2.5.2 Evolution

Over the past fifteen years, LM has emerged as a significant advancement within
NLP, particularly for improving ranking in semantic search contexts [135,169,190].

NLP originated in the 1950s and emerged as a discipline that integrated the areas
of linguistics and computer science. The goal of NLP is (and has been) to enable
machines to understand and generate human language. The first practical imple-
mentation was by IBM in 1954 and involved translating sentences from Russian to
English [191].
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Figure 2.9: How the concepts of AI, ML and DL relate to each other in terms of
the methods used in this research.

Word2Vec [34] was introduced in 2013 by a team led by Tomas Mikolov at Google.
It revolutionised language modelling by providing scalable, semantically rich word
embeddings, enhancing tasks from text processing to early web search ranking.
Word2Vec’s vector-based representation laid the foundation for contextual language
models, shaping modern language modelling. As Word2Vec uses a shallow architec-
ture, it is not classified as a deep learning approach (in Figure 2.9). Nonetheless, it
is a neural model that paved the way for deep learning models, such as BERT.

Word2Vec’s static embeddings can only assign a single vector per word, ignor-
ing contextual nuances (e.g., ‘ticket’ can represent a customer support request or
an event pass). This limitation prompted the development of transformer-based
LM models like Google’s Bidirectional Encoder Representations from Transformers
(BERT) [192], which can attribute understanding to whole sentences or paragraphs.

Wile BERT was trained on English Wikipedia pages and BookCorpus, it was ex-
tended in 2019 to create SciBERT [193]. SciBERT is a pre-trained BERT model
specifically designed for scientific text processing. It is trained on a large corpus of
1.14 million scientific papers and therefore has an enhanced understanding of techni-
cal and scientific concepts. Similarly, BioBERT [194] is a specialised deep learning
model that extends BERT for biomedical NLP, pre-trained on extensive medical
literature to enhance understanding of domain-specific language.

In 2019, Facebook developed an improved version of BERT called RoBERTa (Ro-
bustly Optimised BERT Approach) [35]. It retains BERT’s core architecture of
stacked transformer encoder layers, but optimises for byte-pair encryption and is
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not restricted to adjacent sentences. RoBERTa achieves better performance on
NLU tasks such as sentiment analysis and named entity recognition.

BERT was gradually incorporated into the Google search engine starting in 2019.
Among Google users, it marked a paradigm shift toward semantic and intent-driven
ranking. This shift was reinforced by subsequent advancements in LLMs like Open
AI’s GPT [36]. An LLM can contextualise an entire document (or multi-turn conver-
sation), and understands long-range dependencies, nuanced context, and even world
knowledge across thousands of tokens. For example, as the GPT-4 LLM can process
up to 128K tokens, it can analyse an entire book. LLM’s have been integrated into
search engines like Bing and Google’s Search Generative Experience (SGE) since
2023 [195].

This use of LM for query-document understanding, coupled with the rise of AI
generated summaries (described in Section §2.5.6) in WS LLM based search engines
has reshaped (i.e. heightened) user expectations for ES.

The classification of the various methods and models in Figure 2.9 is dynamic and
has changed over the course of this programme of research. Their classification is
liable to change again in the coming years.

2.5.3 Lexical and Semantic Search

Instead of exact term matching, LM/NLP embeddings can be used to find seman-
tically similar terms. The matching problems of LM and traditional retrieval are
fundamentally different. In summary:

• LM/NLP is predominantly concerned with the challenge of ‘semantic match-
ing’ (inferring semantic relations between two pieces of text)

• Traditional retrieval (often referred to as ad-hoc or lexical retrieval) is more
concerned with ‘relevance matching’ (i.e., is a document lexically relevant to
the given query?)

A detailed list of difference is outlined in Table 2.7. The differences between these
two matching tasks [135] are such that a single AI method cannot accommodate
both tasks.

Early deep learning models used Deep Neural Networks (DNN) and Convolutional
Neural Networks (CNN) to map Query and Document to a common semantic
space [169,197]. Cosine similarity is then used to calculate a relevance score. Other
Neural IR models such as Deep Structured Semantic Models (DSSM) [198] and C-
DSSM [199] attempted to map queries and documents into a shared semantic space
using techniques like DNNs and CNNs. Cosine similarity between these embed-
dings was used to estimate relevance. However, these models initially underper-
formed when evaluated on traditional IR benchmarks such as TREC’s Robust04 or
ClueWeb09, often trailing behind BM25 and tree-based models [135].

The underperformance was attributed to the fact that early LM-based systems pri-
marily focused on semantic similarity, neglecting non-semantic relevance features
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Table 2.7: Semantic matching vs Relevance matching. Neural NLP enables semantic
matching, and ‘relevance matching’ is associated with traditional IR [135]

Retrieval
Method Matching

Type
Matching
Signals

Terms Matching
Requirements

LM Semantic Similarity:
relatedness
between words,
phrases and
sentences

Grammatical
structures:
natural
language in
sentences or
paragraphs

Global: semantic
relations between
two pieces of text

Traditional
IR Lexical

Relevance
Exact: search
paradigms
prioritize precise
matches (exact
matches score
higher than
semantic) [196]

Query term
importance:
short or
keyword-based
queries
emphasize term
matching

Diverse:
relevance
matching occurs
at any document
location

such as recency, authority, and user interactions. These features often carry signif-
icant weight in enterprise settings where content may have policy, procedural, or
compliance implications.

A further limitation of these deep learning approaches is that they do not mimic
the holistic human judgement process. Two pieces of text (i.e. in the Query and
in the Document) are matched. Non-semantic features (e.g., document popularity
or freshness) are excluded. Deep Learning harnesses advances in NLP but sees the
challenge primarily as a text or semantic matching task. This distinction is crucial
in enterprise contexts. For instance, a document containing relevant policy infor-
mation should be ranked higher than semantically similar documents that are not
topically pertinent. Thus, relevance matching and semantic matching must be inte-
grated, not treated as interchangeable. Relevance matching and semantic matching
are complementary building blocks for ranking. Combining the contribution of the
relevance matching and semantic matching can be achieved via LTR, which is some-
times described as a ‘workhorse‘ [27] than can bring together the LM and traditional
ranking functions.

LMs can decode abbreviations (i.e., initialisms and acronyms) by leveraging their
contextual understanding and vast training data, which encompass a wide range of
linguistic patterns and domain-specific terminologies. LMs like BERT and GPT,
which have been trained on diverse corpora, can infer the meaning of abbrevia-
tions based on the surrounding text and semantic relationships [68]. This process
typically involves fine-tuning the model on smaller datasets containing the paired
abbreviation-expansion examples or employing a masked language modelling ap-
proach, where the model predicts the expanded form given the abbreviation and its
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context.

2.5.4 Applications of LM in Enterprise Search

The unique characteristics of ES present opportunities that make LM potentially
very applicable:

• Enterprises often develop internal lexicons such as jargon and specialised
terminology. LM techniques such as fine-tuned BERT models can detect
these terms and adapt ranking accordingly. The JARGES feature developed
in this study (Section §3.11.1) is an implementation of a custom LM method.

• Users may not be familiar with the precise terminology or abbreviations used
in official documents. LM helps bridge this user-query mismatch by offering
QAC synonym generated candidates.

• LM can extend queries to include related concepts. Semantic expansion
improves recall without (any significant) harming of precision.

The challenge of detecting and decoding enterprise jargon/terminology within a
corpus lends itself to the fields of natural language processing (NLP) and LM. Com-
parative TF-IDF scoring and sparse matrix vectorisation can be used for tasks like
plagiarism classification [200] and also to distinguish word or phrase salience pat-
terns between corpora [201]. The TF-IDF divergence calculation is computationally
lightweight and can be executed using the standard IT hardware commonly available
in most organisations. Word embeddings are another NLP tool that can capture
semantic relationships between words in text data through dense vector matrices.
LMs, such as Google’s BERT [192] captures trained on large datasets containing
vast amounts of text from diverse sources. While embeddings and transformers
are regularly used in e-commerce [70] and commercial search engines [25], their ap-
plication for ES has not been sufficiently explored. A 2024 study by Belfathi to
classify document genres used BERT to distil ‘linguistic attributes’ for legal terms
and demonstrated elevated ranking performance for specific tasks in the LegalGLUE
dataset [201].

The integration of LTR with LM-based features allows systems to capitalise on
both exact-match precision and semantic recall. This dual capability is especially
beneficial for enterprise use cases that require comprehensive retrieval alongside
relevance.

2.5.5 Attention-Based Mechanisms for Ranking

Deep learning approaches, such as attention mechanisms, have been applied to the
field of LTR for ranking both image retrieval and text-querying datasets [202]. Using
the features of queries and search results as input, neural networks are applied to
model ranking probabilities.

Wang et al. [202] use a combination of Recurrent Neural Network (RNN) structures
with attention mechanisms and multiple embeddings. They test their model on the
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‘20 Newsgroup dataset’ and rank search results in a listwise approach. MAP and
nDCG are used to evaluate their model and achieve favourable results compared to
other models such as OASIS and LambdaMART. A limitation is that this model
was compared to a limited set of models created from WS corpora (i.e. it was not
applied to an ES corpus).

Cross-document interactions represent a departure from traditional ranking con-
cepts. Unlike tree-based approaches for LTR, the cross-document feature score of
each individual document is affected by other documents in the collection [203].

Pasumarthi et al. propose a model called Document Interaction Network (atten-
DIN) with features based on self-attention mechanisms to capture cross-document
interactions [203]. They evaluated cross-document interactions of four datasets.
Non-neural models such as Gradient Boosted Decision Trees (GBDT) continue to
outperform all neural approaches on benchmark datasets. Nonetheless, the cross-
document approach outperformed other state-of-the-art neural models.

2.5.6 AI generated summaries

Many of the major WS providers now integrate AI summaries into their interfaces.
AI summaries are the automatically generated, concise textual representations of the
content found within search results, created by NLP and LM. The summaries aim to
enhance user understanding and decision-making by contextualising the relevance
of retrieved documents. Users are thus relieved of the need to click ranked pages
individually.

In Feb 2023, Microsoft Bing launched AI-powered chat, offering detailed, conver-
sational summaries alongside search results [204]. Similarly, in May 2023, Google
introduced Search Generative Experience, using generative AI to provide compre-
hensive summaries atop the search results page [204].

2.5.7 Gaps in the Literature

While significant progress has been made in applying LM to WS, enterprise-specific
applications have been overlooked. This review highlights the importance of cus-
tomising LM methods for ES content, particularly for handling jargon, improving
semantic recall, and aligning with organisational information structures.

LM ranking models may lack transparency, which is potentially a problem for ES
deployments in organisations, where interpretability and explainability may be es-
sential considerations (or requirements). This lack of transparency can be somewhat
mitigated by LTR, which fuses LM with more traditional ranking functions.

The gap lies in bridging semantic intent with operational relevance through tai-
lored LM techniques that go beyond superficial similarity. No academic literature
currently describes the fusion of traditional ranking features with deep semantic
embeddings calibrated for enterprise content. This study addresses this gap by de-
veloping a domain-adapted ‘JARGES’ and ‘QACES’ LM features (described in Sec-
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tion §3.11.1 and Section §4.5 respectively) to enhance ranking effectiveness within
enterprise settings.

2.6 The EU AI Act
The European Union (EU) AI Act [205], which entered into force on 2024, is an
EU-wide regulation that sets out risk management, transparency and reporting
obligations for organisations. The provisions of the EU AI Act will become fully
applicable in 2026. This transition period allows organisations time to align their
AI systems and practices with the new regulatory requirements.

The Act offers a classification for AI systems with different requirements and obli-
gations tailored to a ‘risk-based approach’. Under the Act, an information retrieval
service, that uses AI methods for ranking, could be categorised either as ‘limited
risk’ (where ranking model is not used for automated decision-making) or ‘high risk’
(if foundation models like GPT are part of the ranking model).

The Act also imposes different obligations depending on whether the search service
is classified as provider or deployer. If an organisation’s ES service is developed in-
house, it is considered to be a provider under the AI Act and therefore must comply
with relevant obligations. When an external (third-party) AI search tool is used,
the organisation is classified as a deployer under the Act and is just responsible for
confirming the provider’s compliance (e.g., ensuring the system has been awarded
the CE mark).

The Act obliges ‘high risk’ service providers to conduct conformity assessments,
implement risk management measures, maintain technical documentation, ensure
transparency, provide explainable outputs, enable human oversight, facilitate in-
cident reporting, etc. The Act states that non-compliance could result in a fine
of up to 6% of the organisation’s global revenue. A ‘limited risk’ service provider
has lighter obligations that are primarily focused on transparency and maintaining
technical documentation for potential inspection.

Under Article 52 of the Act [205], ES and QAC are generally treated as limited risk
(i.e., the transparency and documentation obligations apply, but not the compre-
hensive requirements for high risk systems).

2.7 Summary of Gaps in the Literature
This chapter has surveyed and detailed the current state of the art for the Learning
to Rank and Language Modelling AI methods, in the context of ranking performance
for ES search results and query auto-completions. While considerable progress has
been made in each field, several important gaps remain, particularly in the context
of ES.

Although the LTR method is widely used in commercial WS engines, its application
to ES has not been sufficiently researched. Existing LTR studies primarily target
WS, which benefit from conditions of large-scale user interactions, explicit relevance
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judgments, and rich hyperlink structures. These conditions are rarely available in
ES. This gap is the foundation of PS-1.

The challenge of organisation-specific language, such as jargon and terminology, is
insufficiently addressed in mainstream LM research. While transformer-based mod-
els such as BERT and GPT have demonstrated exceptional performance in general
NLP tasks, few studies have investigated their adaptation to the specialised linguis-
tic characteristics of enterprise corpora or their integration with LTR frameworks
for search ranking and query auto-completion. This gap is the foundation of PS-2.

While QAC has been studied extensively for WS, relatively little work has focused
on query environments like ES, where users may struggle to formulate their query
when they have an intent in mind but not a clear articulation or ‘wording’ for their
organisation’s specialised jargon/terminology This gap is the foundation of PS-3.

This literature review establishes a foundation for the experiments presented in
Chapters 3 and 4, which evaluate the feasibility and performance of LTR and LM
methods within a controlled enterprise corpus.

Finally, most existing studies treat search results and QAC ranking as two indepen-
dent tasks. This thesis argues that these tasks are intrinsically linked in practice and
that their integration, especially via shared language features and relevance signals,
can lead to improved overall search performance and experience within organisa-
tions. This perspective is largely absent from the existing literature.

Addressing these gaps, this thesis explores the use of LTR and LM methods for both
search result and QAC ranking, utilising ES content, data, and evaluation strategies
designed to reflect real-world organisational constraints. A method for evaluating
these fields is discussed, focusing on online methods such as CTR and offline metrics,
including MAP, and nDCG.
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3
RANKING OF SEARCH RESULTS

3.1 Introduction
Chapter 2 provided a detailed survey of existing knowledge, research, theories and
knowledge gaps related to ranking performance in Enterprise Search. In this chapter,
theory is put into practice as the role of AI methods in the ranking of ES search
results is evaluated (RQ-1, RQ-2).

Ranking of search results is an essential aspect of any search service, but it is of
particular importance within organisations for the following reasons:

• Searches on an ES service are usually undertaken by ‘knowledge workers’ at-
tempting to carry out a specific work task. Software engineers are estimated
to spend 25% of their workday searching [41]. Design engineers and technical
professionals in six high-tech organisations were observed to average 25.6% of
their time searching [48]. In an R&D organisation, knowledge workers may
spend between 10 and 30 minutes daily [49]. As outlined in Section §1.1, a
2023 survey by Gartner found that 47% of workers struggle to find the infor-
mation or data needed to effectively perform their jobs [4]. While accounts of
the average time spent looking for a document may vary, any delay in retriev-
ing the desired information must impact productivity or operational efficiency
and, therefore, has a monetary cost for the organisation.

• By convention, search engines display just ten results per page. According
to Advance Web Ranking [206], less than six per cent of Google WS users
navigate further to the second page. A consequence of the pervasive use of
WS is that ES users are also not inclined to visit page two, as they have high
expectations about the ranking of search results.

• Appropriately ranked search results, based on enterprise content and associ-
ated specialised jargon/terminology, can educate new staff members about the
range of documents available (even when the query string does not match doc-
ument content). Surfacing the right information at the right time can assist
the onboarding process and steer users to employ the appropriate and official
organisational jargon/terminology.
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Any poor user experience with ranking search results can be a source of frustration
that could lead to negative feelings toward the service and, by extension, toward the
organisation [42, 52, 53]. A poor experience could also push searchers to move off
the ES service and use WS as an alternative way to perform a search and perhaps
inadvertently leak confidential organisational queries to a commercial search engine.
While WS can only return publicly available material, users often do not differentiate
between public and internal resources when formulating queries, which increases the
risk of unintentional disclosure.

This chapter addresses the question as to what extent an AI approach (comprising
LTR and LM methods) can be used to improve the ranking of ES search results
compared to traditional methods (RQ-1,OBJ-1). Moreover, it examines how LM
methods can be used to boost ES-specific content and an organisation’s specialised
language and jargon (RQ-2). The objective is to develop, implement and evaluate a
ranking model for the presentation of search results that is customised for enterprise
content and associated specialised jargon/terminology (OBJ-3). As discussed in
§1.4, much of the examination is conducted on the ‘live’ ES service of the large third-
level education institution, which receives about 7,000 queries daily. It supplies the
data utilised in this study and is herein referred to as ‘The University’.

Structurally, this chapter starts with an examination of the various signals used
by the traditional (non-AI) approach (§3.2). As the quantity and diversity of the
signals grows (Section §3.3), there is an increasing need to apportion ‘importance’
to each. To this end, an LTR training dataset is created, using both manually
annotated judgements as well as click-through data (OBJ-2), and the contribution
of each feature to an LTR ranking model is determined. LM is then used to generate
an innovative feature called ‘JARGES’ (described in Section §3.5), which is used to
detect and uprank search results containing organisational jargon/terminology.
The experiments are as follows:

• EXP-1: Compares search result ranking performance of traditional and AI
approaches.

• EXP-2: An ablation (leave-one-out) study to discover relative contributions
of each ranking feature.

• EXP-3: Explores the use of implicit feedback (click-through data) as a substi-
tute for human judgements.

• EXP-4: An Inter-Annotator Agreement experiment to determine agreement
between expert annotators and confirm the integrity of The University’s dataset.

• EXP-5: Determines whether the JARGES LM detection feature can improve
ranking and recall of jargon/terminology on The University’s live ES service.

Each experiment is systematically described starting in Section §3.6. Implemen-
tation details and challenges (both experimental and organisational) are described
immediately after the experimental design. The results of the experiments are pre-
sented and tabulated in Sections §3.7.2,§3.8.2, §3.9.2, §3.10.2 and §3.11.2. Finally,
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several validation checks are carried out in Section §3.12 to ensure the experiments
are rigorous and the results robust.

An integrated synthesis, framing and reflection of these results (from both this
chapter and later from Chapter 4) will be discussed in Chapter 5.

3.2 Traditional Ranking
The traditional ranking approach is characterised by explicit, hand-crafted methods
and mathematical formulations to estimate the ranking of documents based on func-
tions such as relevance, popularity, authoritativeness, and recency. This approach,
sometimes referred to as heuristic, is grounded in classical information retrieval the-
ory and does not depend on machine learning or NLP techniques.

According to Zhou et al. [100], any ranking model for ES should, at the very least,
incorporate recency and authoritativeness (query-independent) functions in addition
to one or more pure text matching (query-dependent) functions. The following
sections describe the most common traditional ranking functions, and how they can
be configured and deployed in the context of ES.

3.2.1 BM25 Similarity Matching

As described in Section §2.2.1, BM25 provides state-of-the-art relevance ranking for
search queries by balancing term frequency, document length, and inverse document
frequency to score and rank documents.

Apache Lucene [207] is a widely adopted open-source search library that serves as the
foundation for numerous search engines and applications. Prominent platforms such
as Apache Solr [14] and Elasticsearch [208] are both built atop Lucene. The Apache
Solr and the Elasticsearch search engine platforms use the BM25 [209] similarity
algorithm as the default ranking function.

An out-of-the-box installation of Solr or Elasticsearch relies exclusively on BM25
for ranking search results. Hence, in this research, BM25 is considered the de-
facto ‘traditional approach’ baseline for ES ranking. As described in Section §2.2.1,
the two tunable parameters for BM25 are k1 (controls term-frequency saturation)
and b (governs the strength of document-length normalisation). The default BM25
configurations are k1 = 1.2 and b = 0.75 [74]. These values are unchanged for
the experiments in this chapter; i.e. the same k1 and b values are used in both
traditional and AI approaches. In EXP-1, this performance baseline is recorded prior
to evaluating/comparing the impact of the AI ranking approach. Establishing an
initial baseline using the traditional approach also informs the discussion of whether
state-of-the-art AI ranking methods are ‘worth the effort’ in the domain of ES (where
search may not be at the core of the business, and organisational resources and skills
may be limited).

As described in Section §2.4.6, BM25 is categorised as a query-dependent ranking
signal. BM25 depends explicitly on the specific query text submitted to the engine.
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Query-dependent functions are calculated highly efficiently based on the similarity
relationship between the query string and indexed terms.

3.2.2 View Count

As described in Section §2.2.4, the total number of views (a.k.a. ‘page hits’) is often
treated as a proxy measure of document popularity or general user interest [56,210].
A higher view count acts as a social proof that a document can satisfy user infor-
mation needs. Most Views (MV) refers to a sorted list of documents by descending
view count.

Each view record is a tuple with a document name and the document’s view count.
A list of tuples can be extracted from the web server’s log files.

The ‘most viewed’ signal is query independent (i.e., a signal of importance ascer-
tained regardless of the submitted query term). Hence, MV cannot be used as a
ranking function alone; it is generally pooled with other ranking functions (e.g., as
a re-ranking function applied after BM25).

In the field of WS, even unpopular documents are likely to have at least a small
number of views. External web crawlers (such as Googlebot) register a page hit. In
ES, documents that exist in the index but have no record of viewings in the logs are
assigned a default count of zero. This is a potentially common score (since external
crawlers cannot access internal ES content). A large number of zero scores may
reduce the effectiveness of view count as an ES ranking function.

The key assumption is that the number of views correlates with user satisfaction.
However, a repercussion of the MV ranking function is that it reinforces universal
perceived utility, which can create a feedback loop. Higher-ranked documents get
more views, which further reinforces their rank. The feedback loop can be mitigated
by normalising view counts (e.g., dividing by document age, adjusting for visibility
or simply resetting the counter periodically) to ensure fairness and surface new,
potentially useful documents.

In much of the research literature, the MV ranking feature is referred to as the ‘most
popular’ or ‘popularity’ ranking function. These terms are potentially misleading,
as there are other, potentially equally worthy, proxy measures of popularity (e.g.,
ranking functions based on link analysis) [211].

A potential limitation of MV is that the view count can be manipulated by anyone
wishing to boost the ranking of the document’s content. This could be effectuated,
for example, by a cURL script that retrieved the document header a sufficient number
of times. While such SEO manipulation is common in the field of WS, it is unlikely
to present a problem within an ES context (where content owners are colleagues
within the same organisation).
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3.2.3 Recency

For queries where current information is essential, prioritising recent documents
enhances the usefulness of search results.

In the context of WS, the timeliness of information is often critical to user satis-
faction. Time-critical documents for rapidly evolving topics include breaking news,
financial data, event announcements, etc. In the context of ES, users generally do
not require or expect this level of immediacy. Nonetheless, an organisation’s docu-
ment updated this year is likely to be more useful for users than one (with the same
similarity matching score) that was last updated thirty years ago.

As discussed in Section §2.2.9, Apache Solr has a built-in ‘recip’ time decay function,
wherein the ranking score of a document decreases as it ages. This function ensures
newer documents are emphasised while older documents remain accessible based on
query-document term relevance matching. Recip has three configurable parameters
(governing the timescale and shape of the boost drop-off curve. There is no reason
to assume that the default values should be the same for ES and WS. Hence, an
analysis of the age distribution profile of The University’s corpus is undertaken.

Figure 3.1 plots the number of documents versus document age in The University’s
ES index. This plot shows that about half of all documents in the corpus (solr index)
have been created or modified in the last five years. The red dashed line represents
the 50% volume intercept. This age is similar to the internet website distribution
plot shown in Figure 2.3 (Section §2.2.9), where 50% of all internet websites were
also created over the past five years.

Since the historical time frame of publication dates is similar for both WS and The
University’s ES index (30 years), and since the cumulative distribution curve follows
approximately the same shape, it is assumed that the same default parameter values
for m, a and b (steepness, scale and offset respectively, as described in Section §2.2.9)
can be used for the recip function.

A prerequisite for recip is that a publication timestamp for each document must be
recorded and indexed. The timestamp is extracted using various methods depending
on the file type. For a web page, the author may have included publication time/-
date. The timestamp of a PDF document on Network Attached Storage (NAS) may
be extracted using the Linux ‘mtime’ command. The details of how the timestamp is
extracted from a document, and then indexed into Solr for The University’s corpus,
are provided in the implementation section (§3.7.1).

Recency as a ranking function requires balancing the relevance of the document’s
content with its temporal proximity to the query at submission time. Hence, recency
is typically pooled with other ranking functions, such as query-document relevance,
popularity, authority, etc. The pooling prevents over-prioritisation of new but less
useful documents. The weight assigned to recency may vary across domains. For
example, legal or academic search contexts often prioritise well-established, peer-
reviewed documents, whereas news platforms heavily favour the latest articles.
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Figure 3.1: Document Recency Plot showing the age (i.e., ‘recency’) distribution
for the documents in The University’s ES index. The plot shows that just 5% of
indexed documents were created or modified in the past year.

A manipulation risk is that overweighting recency can incentivise frequent, trivial
updates to content to improve rankings artificially. This manipulation is widespread
in the WS SEO community, but it is unlikely to present a problem in an ES context
(where publishers are colleagues within the same organisation and unlikely to be
engaged in an intense competition for user attention).

3.2.4 LinkRank

As discussed in Section §2.2.5, LinkRank mirrors the underlying concepts of Google’s
PageRank. When applied to ES, the LinkRank ranking algorithm leverages the
structure of relationships within an organisation’s corpus. By analysing the network
of links between documents, LinkRank identifies highly referenced and authoritative
content.

This ranking feature can be particularly suited to enterprise websites, which typically
have a rigorous site structure organised as a site hierarchy expressed broadly through
standard navigational links and menus. Links and menus impress upon users a
mental model of navigation and provide a template of continuity on each page. The
content and systematic structure of typical ES websites often result in only a single
existing ‘correct’ answer for a query (in strong contrast to WS), and users may
even have the ability to recognise the specific ‘known’ document that matches a
hierarchical level and query [8].

Figure 2.2 outlined how The University’s website is structured with the homepage
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as the top level of a hierarchy, with a large number of faculties, departments, and
schools constituting mid and lower-level sub-sites and ‘microsites’ (Section §2.2.5).
Since each microsite is largely self-contained and each page generally links back to
the microsite’s own homepage, this structure aligns closely with the intent of the
LinkRank algorithm.

An example of a simple ranking of documents using the LinkRank function is shown
in listing 3.1. The example shows that the ‘zoology’ query term, which has a mi-
crosite of the same name, has a higher LinkRank score than pages lower down in
the hierarchy. Further details of how the LinkRank score is computed in Solr for
The University’s website are provided in Section §3.7.1.
$ curl ‘‘http://localhost:8983/solr/$CORE/select?\
>q=url:zoology\
>&fl=url,linkrank\
>&rows=10\
>&sort=linkrank desc\
>&wt=csv’’

/Zoology/,4.283704
/Zoology/research/groups/buckley/,1.7411453
/Zoology/index.ga.php,1.6279833
/Zoology/contact/,1.6127006
/Zoology/research/groups/jackson/,1.6058393
/Zoology/research/groups/piggott/,1.4902297
/Zoology/research/groups/donohue/,1.4885491
/Zoology/research/groups/oconnor/,1.4876326
/Zoology/research/,1.487632
/Zoology/museum/collection/,1.4862205

Listing 3.1: Ranking using LinkRank. A query for the ‘zoology’ keyword submitted
to The University’s ES index demonstrates ranking using LinkRank. The URL is
shown together with its LinkRank score.

LinkRank is a query-independent ranking function. It must be combined with a
similarity-matching (query-dependent) function like BM25. Moreover, while LinkRank
may work well for web pages, enterprise content generally includes non-web docu-
ment types. For example, a PDF document deposited on a network file share, which
was never designed with publication in mind, may have no inlinks or outlinks. In
this case, the orphaned document’s LinkRank score would be zero, thus requiring
another alternative (fallback) ranking approach.

3.2.5 Field Boosting

Most documents in a corpus are composed of multiple fields (e.g., title, content,
timestamp, URL). Field boosting imbues importance to selected fields during query
execution, with the effect of changing the overall ranking score of the document.

For example, Figure 3.2 shows a typical page of The University’s website. The page
demonstrates the constituent fields and extraction of text (or values) for several
fields. Field boosting facilitates prioritisation of similarity matching (i.e., BM25)
in the title field over matching in the content field. Solr has a parameter called
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‘QueryFields’ (qf) that can be used at query time to assign the boost factor [212].
For example, the query below can be added to the search specification:

q="geology"&qf="urlˆ4 titleˆ2 content"

This instruction assigns the URL field a boost factor of 4, the title field a boost
factor of 2, and leaves the content field the default boost (i.e., 1). In this example,
the boost factors make (term frequency with the ‘geology’ query) matches in the
URL field more significant than matches in the title field, which are much more
significant than matches in the content field.

Figure 3.2: Extracting field content from documents of The University’s website.
The fields are indexed by Apache Solr for ES.

While field boosting is a convenient tuning and tailoring mechanism, it is not neces-
sarily readily applicable to all documents in an ES corpus. Many documents types
(e.g., Microsoft Excel and PowerPoint) may have no discernable title field. In this
case, all content is indexed into a single field. Consequently, the importance of this
ranking function is likely different for ES and WS. Moreover, field boosting does not
solve the problem of determining the particular value for each boosting factor. In
ES, there may be an intuition of a ‘good ranking’. A relevance engineer can spend
many hours attempting to estimate the boost factors by eyeballing search results.
While this (tuning/tailoring) may improve the ranking for one query, it often later
transpires that it has the effect of diminishing it for another [6,54]. Practical experi-
ence suggests that this trial-and-error approach may not align with the expectations
of an organisation’s change management committee.

74



3.3 Other Hand-Crafted Ranking functions

The following ranking functions are also traditional and heuristic but are less com-
mon as they require advanced domain knowledge, empirical observations and are
often applied explicitly to documents or fields.

3.3.1 Elevation

As discussed in Section §2.2.6, elevation (also referred to as ‘query elevation’) allows
for the manual specification of the top result (or results) for a query regardless of the
computed rank score. The elevation function may be useful when business priorities
dictate that particular documents receive the top-ranking spot for specific keyword
queries. This functionality diverges from the traditional concept of ranking insofar
as it operates as a manual override or customised enhancement to regular ranking
functions. The Apache Solr documentation describes elevation as ‘sponsored search’
and ‘editorial boosting’ [84].

For each keyword query, Q, for which elevation of Document D is desired, a hard-
coded Q-D pair is placed in the Solr elevate.xml file to explicitly list the document
(or documents) that must appear atop the search results. Query elevation cannot
work for ‘unseen’ (i.e., new) documents. An update of the elevate file is required
whenever a new document is indexed and needs to be elevated.

While ranking by elevation is a valuable method for manually aligning search results
with organisational objectives, it poses a risk when these objectives diverge from the
preferences or expectations of the ES end-users. An example of this risk was given
in Section §2.2.7 during the review of multi-objective ranking.

A practical use case for elevation is as a safety net during the first weeks or months
after deployment of an ES service, i.e., before the organisation has a tuned or trained
ranking model readied for deployment. Elevation is not a ranking ‘function’ in the
strict sense and it is not used in any of the experiments described in this study.

3.3.2 Keyword Boosting

Keyword boosting refers to the process of prioritising specific keywords (or phrases)
in search results. By applying boosts to particular keywords, the search engine
ensures that documents containing those keywords achieve a higher ranking score.
Unlike the elevation ranking function, keyword boosting does not explicitly force
a document to the top of the list. Consequently, as there is no explicit mapping,
keyword boosting also works with ‘unseen’ or new documents as part of a ranking
model.

Keyword boosting is useful when business priorities dictate that any document con-
taining (or associated with) the keyword receives attention. Apache Solr has a
keyword-boosting function, which can be appended to the Lucene parser or as part
of an LTR model. The implementation of keyword boosting for The University’s
ranking model is described in Section §3.7.1.
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3.3.3 Anchor Text

As described in Section §2.2.8, anchor text is the clickable, visible text in a hyperlink
that typically provides context about the link’s destination. It serves both as a
guide to users and a signal to search engines about the content of the linked (target)
document.

Anchor text provides a brief description of what the user can expect on the target
document. The anchor text may have been composed by a different author, so it
may include alternative wording, phraseology or jargon. Consider, for example, a
target document whose content includes ‘annual leave’. A user unfamiliar with this
formal phraseology may instead submit the query ‘staff holidays’ (using everyday
language). If the anchor text associated with a document matches the user’s query
term, the query is expanded to include both the original term and the corresponding
anchor-text phrase. In practice, a document may have several different anchor texts
pointing to it, reflecting the variety of ways other pages link to that content. During
indexing, all observed anchor text variants are stored in the document’s dedicated
anchor text field. At query time, a match is triggered when the user’s term appears
in any of these stored anchor-text strings (after normalisation such as lowercasing
and tokenisation). When such a match occurs, each matching anchor text phrase is
added as an additional clause to the query, enabling the ranking model to consider
both the user’s formulation and the anchor-derived variants.

In terms of ranking quality and quantity, anchor text offers the dual benefit of both
potentially increasing precision and recall. Ranking precision may be boosted if the
query term occurs not just in the target document, but also in the anchor text field.
The increased TF boosts the relevance score of the target document. The contextual
alternative terms of the anchor text enhance a user’s search by adding additional
relevant terms (query expansion) to improve recall.

Anchor text is stored in the index as a field associated with the target document, and
may be used a ranking function using the TF count for a query (i.e., the same way
as ranking by title, content or other field). An example is “research support system
24”, which tells us that the string “research support system” string is encoded into
anchors a total of 24 times in The University’s corpus.

In the context of ES, using anchor text as a ranking function has several limitations.
Firstly, anchor text and hyperlinks are predominantly found on web pages. This
predominance brings a bias against other document types (e.g., PDF or Microsoft
Word) where hyperlinks are less likely to be deployed or against any document type
that does not support hyperlinks (e.g., Microsoft WordPad or any .txt file). For
link based ranking, what matters is whether other documents link to a document.
Anchor text has both a source and a target, and ES corpora typically contain far
fewer inbound links because much of the content is non-HTML (this will be discussed
further in Section §5.7.1).

When implementing anchor text as a ranking function, the terms are mapped to the
target document as metadata in the form of a string field in the Solr ES index. Full
implementation details are described in Section §3.7.1 and the weighted contribution
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of this ranking function for ES content will be measured as part of EXP-2.

3.3.4 URL or Path Length

A concise URL or path can give users a clearer understanding of a document’s im-
portance and utility. The length of the URL or path reflects the site’s hierarchical
structure clearly and intuitively. For example, when viewing search results, a docu-
ment with a URL path like /abc/ may signal greater importance and utility than
/abc/def/123/ghi/. The signal is especially obvious for navigational queries [57]
and when the user perceives the site’s structure.

In common with LinkRank, ranking by URL or path length is heavily influenced by
a site’s hierarchical structure. A shorter URL or path is easier to remember, share
and link to. This also increases the likelihood of the organisation’s publishing com-
munity generating backlinks. However, unlike LinkRank, the URL or path length
function (which I call URLlength) is not exclusively tailored to work for webpages
and attendant hyperlinks. The urlLength ranking function can be applied to all
documents (including orphaned documents) in the ES index.

Apache Solr includes a Java class called FieldLengthFeature, which calculates the
length of a specific field. When translated into a ranking function, this class is useful
in scenarios where field length correlates with document utility. In The University’s
ES index, URLlength is applied to the url field, and the implementation details are
described in Section §3.7.1.

The five shortest documents by URLlength in The University’s ES index are shown
in listing 3.2. Also included is the document with the longest path. The founding
assumption of this ranking function is that ES users find shorter URLs or paths to
be more useful.

/ 1
/az 3
/e3 3
/hr 3
/cao 4
..
/trinitylongroomhub/events−calendar/events/2025/memories−in−stone−a−

study−of−identity−through−statuary−on−the−island−of−ireland
−1922−39−−little−guests−operation−shamrock−transnational−
humanitarian−hospitality−and−childrens−lives−in−the−aftermath−of−
the−second−world−war.php 272

Listing 3.2: URLlength as a ranking function. The path is shown together with
its calculated URLlength for the five shortest paths, and the longest path.

According to a Semrush analysis of Google search results, “shorter URLs tend to
have a slight ranking advantage over longer ones” [213]. The weighted contribution
of this ranking function for ES content will be measured as part of EXP-2.
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3.3.5 Click-through Rate (CTR)

As discussed in Section §2.2.13, the click-through rate (CTR) reflects how often users
click on a document after it appears in search results for a given query. CTR aids
in the identification of documents that are perceived as both useful and relevant
to the ES user. CTR is calculated as the percentage of clicks to the number of
impressions (i.e., the number of times the document is shown on the results page)
that are generated for a query [30].

A click model is used to record end-user preferences on search results. In the field
of WS, click models are considered as an effective approach to infer search relevance
of a document for a given query [19].

Like BM25, CTR is a query-dependent ranking function. This means that the score
(i.e. rate) is assigned to a Query-Document (Q-D) pair rather than to the document
individually.

Compared with the previously described ranking functions, the implementing of
CTR as a ranking function is a major undertaking. In its native form, Solr does not
record search session details and typically requires an integration with an external
system to log and process CTR data [214]. Moreover, according to Bia lecki [215],
any implementation of CTR as a ranking function should consider the following
aspects:

• A mechanism to break out of an ‘unbounded positive feedback’ loop. The loop
occurs where a higher ranking position leads to greater click-through, which,
in turn, leads to a higher ranking (similar to the position bias phenomena
described in Section §2.4.8).

• A decay function should be applied to discount those older documents that
were once very popular (e.g., months or years ago) but are now less so. Bia lecki
recommends using a half-life decay model with an adjustable period and rate
and an adjustable length of history to affect smoothing [215].

• Clicks on lower-ranking documents can be treated as a correction to the estab-
lished order and should, therefore, be awarded greater importance than those
near the top. Consequently, the increments applied to CTR scores should not
follow a linear model.

• A mechanism to reflect trending documents over short periods of time. The
CTR framework should react quickly to bursts (topics of the day), hence pre-
venting documents from being ‘stuck’ at the top by merit of CTR values
accrued over a longer period.

• Normalisation of the click-through rate to prevent outliers from disproportion-
ately affecting rankings (Bia lecki recommends using a log function for normal-
isation [215]).

• After offline computation of the (normalised, adjusted) click-through rate, the
data should be integrated or updated into the ES index. At query execution
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time, the score should be fetched from the index to prevent any latency. This
refresh should occur in near real-time [214].

Considering all of these aspects, the creation and implementation of a sophisticated
CTR framework for ranking purposes would merit its own dedicated investigation
and is beyond the scope of the present study. Hence, it was decided not to employ
CTR as a ranking task for The University’s ES service. Instead, basic CTR data was
gathered and used as a training task (as is often the case for academic studies [101]),
where it is used as a surrogate for explicit human judgements for Q-D pairs (EXP-3
gauges correlation between CTR and human judgements).

This section has described several hand-crafted ranking functions. While many of
the functions are tuned for The University’s corpus, the concept of ranking to boost
keywords or fields, etc is useful for any enterprise. An inherent danger of tuning
ranking is that one function can impact (or even cancel-out) another.

3.4 Learning to Rank
Re-ranking and combining more and more ranking functions has the inherent prob-
lem that it becomes very difficult and eventually impossible to estimate the correct
importance of each function.

For each of the ranking functions previously described, two essential questions need
to be addressed:

• Eyeballing a list of search results is not a solid approach to measuring rank-
ing performance. How can anyone know if a function results in an improved
ranking by drawing nearer to an ‘ideal ranking’?

• Intuitively, some ranking functions contribute more than others. How can the
correct importance ‘weighting’ be apportioned to each function?

As described in Section §2.4, the LTR supervised machine learning framework is
specifically designed to answer these questions. Using ground truth that includes
the ideal Q-D ordering, LTR calculates a weight for the contribution of each of the
ranking functions (or ‘features’, as they are referred to when using LTR).

For example, in field boosting, it was noted that a boost factor can be apportioned
to each field. From experience of The University’s ES service, it is estimated that
importance of the title field likely outweighs that of the content field, but by what
weight and by what margin? In experiment EXP-2 (ablation study), ranking for
each field will be treated as an individual feature and LTR will be used to compute
the feature weighting and evaluate each feature’s contribution to overall ranking
performance.

Before applying the LTR framework, a prerequisite ‘ground truth’ of ideal Q-D
pairings and an associated dataset is required.
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3.4.1 Ground Truth

As described in sections §2.4.4 and §2.4.4, ground truth refers to the ideal ranking
to be modelled and is converted into training data for use with a supervised machine
learning algorithm. Ground truth requires a relevance label that captures the quality
of a Q-D pair. There are two approaches to gathering ground truth labels [149]:

• Explicit (human judgements)

• Implicit (CTR derived from search log data).
The first approach relies on actively soliciting training data by recording user queries
and then asking ‘judges’ (also referred to as human judges, annotators, raters or
labellers) to explicitly provide relevance judgments on retrieved documents. The
advantage of the explicit human judgement approach is that it produces a high
quality clean training dataset. The disadvantage is that it is very expensive and/or
time-consuming to acquire, as it requires the use of labellers (who have an expertise
in the query topic from within the organisation). The ground truth dataset used in
experiments EXP-1, EXP-2, EXP-4 and EXP-5 uses this approach.

The second approach is to extract implicit relevance feedback from search engine
log data. User interactions, in the form of CTR, can potentially act as a proxy
for human annotated judgements. The advantage of CTR is that large quantities
of training data can be mined at a low cost. The ground truth dataset used in
experiment EXP-3 uses this approach, where it is correlated and compared with
human judgements.

As the world around us changes, the relevance of a document for a given query
also changes over time, leading to relevance drift [216]. For example, the topicality
of the term ‘Ukraine’ has changed dramatically over the past years. Enterprises
cannot simply ‘deploy and forget’. Periodic re-training of Learning to Rank models
is required regardless of whether explicit or implicit feedback is used. An advantage
of the implicit feedback approach is that it is not necessary to re-solicit judgements
from expert annotators.

Prior to commencing the process of soliciting Q-D relevance annotations from human
judges, a strategy is needed for efficiently selecting the most representative, popular
or appropriate queries. The selected queries will impact on how the judges are
chosen.

3.4.2 Query Selection

The queries for annotation are selected to be representative of typical search requests
as extracted from The University’s search log data. Queries are selected based on a
combination of the following criteria:

• Query frequency and associated search demand curve.

• ’Microsite’ (subsite) structure associated with the query topic.

• Query Length

• Query Clustering
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Query Frequency Query frequency involves mining the search logs for previously
submitted queries and counting their frequency. As described in Section §2.3.7, Most
Frequent Queries (MFQ) is a sorted list of historical queries representing the topics
or keywords searched for most frequently by the user community.

An example is “book of kells 15”, which tells us that the query ‘book of kells’ has
been submitted and recorded by the search engine 15 times in the log file.

A closely related concept to MFQ (and query selection for annotation) is the Search
Demand Curve (SDC). The SDC plots the search query volume over a given period
versus the rank of each query. Using The Universitys ES query logs, Figure 3.3 shows
the outsize impact that a small number of frequently submitted queries has on the
overall volume of search activity. According to Kritzinger et al., popular search
terms make up 30% of the overall searches performed on commercial Web Search
engines. Using zoning norms devised by the Search Engine Optimisation (SEO)
community in 2011, the 18.5% of searches with the highest occurrence is known as
the Fat Head. The next 11.5% is called the Chunky Middle [66]. The Long Tail (x-
axis) in Figure 3.3 has been limited for presentation purposes but actually comprises
70% of the total search volume. In The University’s ES query logs, it is seen that
65 queries account for 18.5% of all search volume7.

To maximise representation, the queries selected for Q-D annotation are all within
the top 18.5 % of search volume. Consequently, the selected queries tend to reflect
a topical information need, as opposed to an exploratory one.

Structure of Microsite According to the Cambridge English dictionary, a mi-
crosite is defined as “a small website, usually one advertising a particular product or
service for a company”. Within the hierarchical context of The University’s website
(Figure 2.2), the microsite’s ‘product or service’ might include a faculty, department
or school. Each of The University’s microsites is semi-autonomous of the parent site
and has its own sitemap, colour, theming and publisher (or, more commonly, a
team of publishers). The publishers are thoroughly familiar with site’s content.
For example, the history school’s microsite is managed by two publishers, who are
jointly responsible for all content (pages, documents, forms, records, etc.) under the
‘/history/’ subsite path. Microsites are typically instantiated from one of several
available templated structures.

To maximise representation, the queries selected for Q–D annotation were drawn
from microsites with diverse structures. The selection process did not rely on a single
criterion. Instead, queries were chosen using the multi-stage procedure outlined
earlier, which considers (i) query frequency and position on the search demand
curve, (ii) the microsite or subsite associated with the query topic, (iii) query length,
and (iv) clustering of semantically related queries. These selection criteria ensured
that the annotated set captured both high-volume user behaviour and structural
variation across the corpus.

7https://github.com/colindaly75/QAC_LTR_for_ES
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Figure 3.3: Search Demand Curve for The University’s Enterprise Search query
history, showing the so-called ‘Fat Head’, ‘Chunky Middle’ and ‘Long Tail’ zones.
For The University’s ES service, the most popular 65 queries account for 18.5% of
all search volume.

Words per Query From The University’s 2024 Solr log files, the computed av-
erage overall number of words per query is 2.187. A similar study of ES search
queries by Kruschwitz [64] in 2013 observed an overall average length of 1.81 words
per query. While these figures are in broad agreement, the higher count could be
explained because query length has been steadily increasing over time [63]. As de-
scribed in Section §2.1.5, WS users (and by extension of the ‘Google Habitus’ to ES
users) therefore feel less restricted today by the need to craft keyword queries than
they did in 2013.

Unfortunately, Kruschwitz’s study did not break down the numbers for the various
zones of the search demand curve. For The University, the average number of query
words in each of the SDC zone is outlined in Table 3.1.

To maximise representation, the queries selected for Q-D annotation range from one
to two terms per query in line with the 1.431 average length in the fat head zone.

Users have discovered that some search engines are capable of understanding de-
tailed and specific queries, and this has encouraged more elaborate input. This
includes queries submitted in question form. Listing 3.3 compares the number of

82



Table 3.1: Average number of words per query for each zone of The University’s Search
Demand Curve.

SDC Zone Average Query Length

Fat Head 1.431
Chunky Middle 1.477
Long Tail 2.189
Overall 2.187

question form queries (i.e., queries beginning with the words ‘who, what, where,
when, how, whose, is, are’ and/or anything ending with a question mark) for ES
and WS datasets. As expected, the WS dataset has a higher percentage of questions
than ES. A two-proportion z-test demonstrates that the disparity in question-form
queries between the ES (5.3%) and WS (6.7%) datasets is statistically significant
(z = −15.77, p < 0.001) at the α = 0.05 significance level.

# −−−−−Count total ES queries−−−−−
print("Total number of ES queries:", es df.shape[0])

# Count ES queries phrased as questions
print("Number of ES queries in question form:")
!egrep −e who −e what −e where −e when −e how −e whose −e ˆis −e ˆare −e $? \

es−query−history−v25.txt | wc −l

# Total number of ES queries: 62044
# Number of ES questions: 3277
# 5.3% (3277 / 62044) of ES queries are in question form.

# −−−−−Count total WS queries−−−−−
print("Total number of WS queries:", ws df.shape[0])

# Count WS queries phrased as questions
print("Number of WS queries in question form:")
!egrep −e who −e what −e where −e when −e how −e whose −e ˆis −e ˆare −e $? \

ws−query−history−v25.txt | wc −l

# Total number of WS queries: 4316675
# Number of WS questions: 289686
# 6.7% of WS (AOL) queries are in question form.

Listing 3.3: Code used for detecting question-form queries in ES and WS datasets

Query Clustering As described in Section §2.1.6, query clustering is the process
of grouping similar queries into clusters based on their lexical or semantic similarity.
Clustering enables pattern identification of related topics among the queries.

Lexical clustering is based on word overlap or surface-level similarity. An easily
identifiable example from The University’s ES query history is the ‘admission’ and
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Figure 3.4: TensorFlow word embedding visualisation showing ‘proximity’ of syn-
onyms for the query ‘Geology’.

‘admissions’ queries (59th and 60th most frequent queries). Clearly, both queries
can use the same Q-D annotations.

Semantic clustering involves the discovery of deeper semantic relationships. An eas-
ily identifiable example from The University’s ES query history is the ‘vacancies’ and
‘jobs’ queries (8th and 13th most frequent queries). Intuitively, these queries clearly
refer to the same topic. A more complex example is a query like ‘geology’, where
some domain knowledge may be required. Using the Word2Vec NLP technique,
the semantic relationship between The University’s queries (including those in the
fat head, chunky middle and long tail zones of the SDC) can be detected. Figure
3.4 uses Google’s TensorFlow tool to visualise the generated Word2Vec model. It
shows the four most proximal queries to the topic of geology [‘geologic’, ‘geological’,
‘rocks’, ‘geography’]. The implementation details are described in Section §3.7.1.

Identifying topics among The University’s clustered query history assists with se-
lecting representative and topical query candidates for Q-D annotations.

3.4.3 Judge Selection

The criteria for selecting representative queries for Q-D annotation have been de-
scribed above. A final criterion/restriction is availability of qualified and willing
judges to perform the Q-D annotations.

In the field of WS, crowd-sourcing platforms, such as Amazon’s Mechanical Turk(AMT),
are often used to facilitate explicit labelling by remunerating annotators [156, 157].
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While this is an appropriate method for internet-facing documents or web pages,
AMT cannot be used to access the highly technical blueprints, confidential docu-
ments, network file shares, etc., behind an organisation’s firewall.

For ES, the judge is likely to be an employee or trusted partner of the organisation.
Apart from access, the primary criterion employed to select a judge to annotate the
Q-D pairs is topic knowledge, which, in turn, is entirely dependent on the query
selection process (outlined in Section §3.4.2). In the case of The University, the
question of judge selection is inherently interconnected with the question of query
selection, and the two cannot be considered in isolation.

Once a suitable query/topic was chosen, the related microsite editor (The Uni-
versity’s corporate services division maintains a list of microsite editors for access
control and accountability issues) was tentatively asked if they would be willing to
partake in a ranking survey for their microsite. Each microsite has at least one
editor/administrator who is a potential judge. In this case, the role of the editor in-
cludes publishing content on behalf of colleagues in their department. The microsite
owner is obliged to be very familiar with published content, so as to avoid replication
and ensure consistent messaging. These microsite editors are uniquely well-placed
to ‘judge’ the ranking order of their pages for their particular topic or subject area.
Note that microsite editors are not inter-changeable; an editor of the ‘mathematics’
site cannot be asked to annotate Q-D pairs for the ‘religion’ microsite.

Fifteen judges agreed to cooperate with my ranking survey for twenty queries (some
judges were able to annotate for more than one query topic). In an organisa-
tional context, where judges cannot be specially remunerated, cooperation some-
times comes in the form of a barter. The judges were not remunerated, as would
typically be the case when using a platform like Amazon Mechanical Turk for WS
annotations. As expected, not all editors initially agreed, but no planned queries
had to be excluded as a result. By approaching microsite owners opportunistically
and following up as needed, full annotation coverage for the target query set was
ultimately achieved, so there was no impact on the composition of the dataset.

Judging Guidelines A custom spreadsheet for each of the twenty queries was
emailed to the fifteen judges. It contained two columns called ‘URL’ and ‘ranking’ for
a given query, as well as an implementation/instructions note. While ‘document’ is
the technical jargon used to refer to the basic unit of indexed content in information
retrieval, URL is easier for judges to understand. Similarly, the column marked
‘ranking’ would have been more accurately referred to as judgements or annotations.
Hence the terms ‘URL’ and ‘Ranking’ are both named in a simplified sense to avoid
any confusion. There were only 5 possible values ranging from highly relevant (5)
down to very irrelevant(1). Although nDCG conventionally assumes a zero-based
scale (i.e. where 0 denotes non-relevance), a 1–5 scale can be linearly transformed
to this convention without affecting relative model comparisons. The URL column
listed all documents that matched the query (extracted from the Solr index). The
presentation order of the documents was governed by the BM25 rudimentary ranking
function.
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Figure 3.5: An extract of the schema given to judges. The Microsoft Excel spread-
sheet contains the URL (document path), a column where judges annotate a ranking,
and an implementation note comprising a key to ranking score.

The ‘ranking’ column was left blank for annotators to complete. Microsoft Excel
was chosen as the annotation tool for the following reasons:

• All judges are already familiar with and skilled in using this tool.

• All of The University’s desktops and laptops have a pre-installed and licensed
copy.

• In the spreadsheet for annotators, rankings were conditionally formatted with
a red-yellow-green colour scale as follows: cells with the highest judgement (5)
are red; those with the lowest (1) are green. All intermediate judgements are
yellowish-orange.

An example of the uncompleted spreadsheet sent to the judges is shown in Figure
3.5. The query term is ‘history’, and in Figure 3.6 judge has completed the numerical
annotation for each document in the ‘ranking’ column with scores (ranging from five
to one).

Annotators were asked to limit the number of ‘5’s awarded (see feedback section be-
low). The distribution of labels in the generated dataset (which I name ENTRP-SRCH)
is presented in Table 3.2.

Judges’ Feedback Over the course of the ranking survey, several clarifications
were requested and/or issued. As described in Section §2.4.5, Rotter was able to
foresee such issues when he said that “guidelines which are unclear or incomplete
need to be clarified or expanded by dataset creators, which may require iterative
approaches to annotation” [165].
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Figure 3.6: An extract of the completed schema with conditional colour formatting
for annotations.

Table 3.2: Distribution of human relevance judgements inENTRP-SRCH.
Relevance Label Interpretation Number Percentage

5 highly relevant 147 5.78%
4 relevant 184 7.23%
3 moderately relevant 359 14.17%
2 irrelevant 1639 64.45%
1 utterly irrelevant 214 8.42%

For some judges, the objective of the survey was not sufficiently understood. All
judges universally understood the act of soliciting judgements on a document per
query as an endeavour by IT Services to improve ranking results. However, some
judges were labouring under the impression that their annotations would lead to
a static mapping in precisely the order that they had prescribed. These judges
were later surprised that their ‘judgements’ were not precisely implemented per
their instruction. The more technologically savvy judges understood that their
annotations would be diluted when merged into a larger pool of data, which would,
in turn, be used for training a general model.

In another example of feedback from judges, it was found that the conditional colour
formatting in the spreadsheet is helpful in overcoming a confusing numbering sys-
tem. ‘Number 1’ might have been incorrectly interpreted as a ‘top score’. Our
numbering system operates in reverse (5 is the best score, 1 indicates least rele-
vance/importance). The advantage of using a reverse numbering system is that it
limits judgements between 5 down to 1. If a forward numbering system was used,
a 1 would be used for the most relevant/important, but this could sink to 10 or
100 for the least relevant. In this respect, the employed reverse numbering system
has the advantage of imposing natural bookends. Alternatively, the MS Excel ‘data
validation’ (a drop-down list of restricted numbering) could have been employed.
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One judge appeared offended by the suggestion that not every document was highly
relevant, initially rating each one as a ‘5’. It was later clarified that this approach
undermined the purpose of the survey. Upon discussion, the misunderstanding was
traced to a related initiative where microsite editors were instructed to remove out-
dated documents. The annotator had assumed that any document rated less than
highly relevant could eventually be marked for deletion. After reassurance, the judge
adjusted their ratings accordingly.

Another common area of confusion among judges is why 0 (zero) is not presented as
an allowable judgement (e.g., to represent a document that the judge would prefer
not to show in search results at all). It was clarified that each document is already
found to have a minimum degree of relevance according to the BM25 similarity
retrieval function.

Judges’ Inter-Annotator Agreement As described in Section §2.2.20, Inter-
Annotator Agreement (IAA) examines agreement among independent observers who
rate, code, or assess the same phenomenon.

Throughout the selection process, it was assumed that a single judge would be suffi-
cient to annotate relevant documents within the microsite under their responsibility.
This is a departure from the usual practice in Web Search, which involves having
multiple annotators as a quality control. The difference is that judges in the field
of ES come from within the organisation, are likely to be topic experts and par-
ticipate based on goodwill. Van der Lee describes this as distinguishing ‘between
expert-focused and reader-focused evaluation’ [217].

This assumption is tested in an IAA experiment EXP-4 where the agreement be-
tween the labels of two independent judges is measured. It is designed to answer
the question ‘are the annotations in the ENTRP-SRCH dataset reliable, given that a
large portion of the Q-D pairs were rated by single judges?’. The implementation
challenges of IAA for organisational and ES contexts are discussed in Section §3.10.1
and the experimental results are presented in Section §3.10.2.

3.4.4 LTR Dataset Construction

When the 15 judges have completed the annotations for a total of 2544 Q-D pairs,
covering the 20 queries, a formatted dataset is created. As described in Section
§2.4.5, the LETOR format stipulates a relevance judgement in the first column, a
query identifier (qid) in the second column, followed by a numbered feature vector
array. The University’s new dataset is named ENTRP-SRCH, and an extract is shown
in Figure 3.7. Features 1 to 8 refer to BM25, recency, isAbout, isContact, view
count, URLlength, LinkRank, and CTR, respectively. Each of these features is
derived from the ranking functions described in sections §3.2 and §3.3.

The properties of the ENTRP-SRCH dataset are summarised and compared with pop-
ular LTR datasets for WS in Table 3.3. Since ENTRP-SRCH is much smaller than
the Microsoft and Yahoo! WS datasets, a validation test was carried out to confirm
that it is sufficiently sized (see Section §3.12.2).
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Figure 3.7: The LETOR-formatted dataset. Each row represents a query-
document pair. This dataset contains explicit relevance judgements (first column)
and the calculated click-through rate (in red). In the example, the query with id
‘3’ includes a value of ‘8:0.26’ for the first document/row, meaning that feature 8,
which is the CTR, has a value of 26%. The ‘5’ in the first column indicates that
this document has been labelled ‘highly relevant’ for this query.

An anonymised version of the ENTRP-SRCH dataset is publicly available for download
from GitHub. The anonymised version redacts the comment column (i.e., the part
after the ‘#’ containing the document path), which is not needed for the functioning
of the LTR framework.

Table 3.3: Comparison of the properties of popular LTR datasets and The University’s
ENTRP-SRCH dataset.

Microsoft Yahoo! ENTRP-SRCH
Publication year 2010 2010 2022
Documents 3771K 883K 2544
Queries 31531 36251 20
Avg. doc per query 119 24 127
LTR Features 136 700 8
No. of Reviewers Not Stated Not Stated 15
Clickthrough records None avail. None 375
Corpus Type WS WS ES

The ENTRP-SRCH dataset will be employed in experiments EXP-1, EXP-2, EXP-3,
EXP-4 and EXP-5.

3.4.5 LTR Model

At this point, the LTR-formatted ES dataset has been created and is ready to be
used to generate a search results ranking model. This model will be used in EXP-1 to
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compare an LTR model against traditional ranking approach and address RQ-1. The
ranking model is generated using the XGBoost (Extreme Gradient Boosting) [37]
implementation of the LambdaMART list-wise ranking algorithm. The Rankeval
framework [38,39] performs comparably to XGBoost and is employed to cross-verify
nDCG scores and validate weightings.

As outlined in Section §2.4.9, a list-wise loss function examines the entire ranked list
rather than individual pairs or items. The LambdaMART algorithm uses gradient
boosting to build an ensemble of decision trees. With each new tree, it improves
the ranking by reducing errors in previous predictions. LambdaMART optimizes
list-wise ranking measures, making it well-suited for tasks where the position of
the first matching item in a ranked list is of prime importance (as is the case in a
list of search results). No single fixed set of training queries is used as all queries
participate in model training through k-fold Cross Validation (CV) (each fold uses a
different subset of queries for training and reserves a disjoint subset for evaluation).
CV is discussed in §3.12.

The implementation of LambdaMART within the XGBoost LTR framework, to-
gether with the hyperparameters used, is detailed in Section §3.8.1.

In this section, the background methodology to create a dataset for use with the LTR
frameworks has been described. The generated dataset, based on The University’s
corpus, is used in Section §3.6 where a series of LTR experiments are undertaken.
The resultant weightings output by the LTR model are described in Section §3.8.2.
The following section describes the background methodology for another AI method,
namely language modelling, in the domain of enterprise search.

3.5 Language Modelling for ES Jargon
This section examines how LM methods can be used to boost ES-specific content and
an organisation’s specialised language and jargon (RQ-2). As discussed in Section
§2.1.8, ES content is often imbued with organisational terminology/jargon (i.e.,
words, phrases, expressions, and idioms that are not universally familiar or have
different meanings inside and outside of the organisation).

3.5.1 JARGES LM feature for ES

To address this problem, a ranking model that integrates Learning to Rank (LTR)
and Language Modelling (LM) is proposed. The LM component is called ‘JARGES’
(JARGon for Enterprise Search), and is designed to detect and decode jargon in
ES queries and corpora (OBJ-3). The detection and decoding stages of JARGES
are demonstrated in Figure 3.8. This study aims to evaluate the effectiveness of
this approach in improving search result rankings, particularly for content rich in
organisational terminology. To test this hypothesis, a quantitative evaluation of the
performance of an LTR ranking model with and without JARGES is performed.
The LTR-formatted ENTRP-SRCH dataset (2,544 human-annotated Q-D pairs) [136]
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is used. Subsequently, a qualitative analysis of the decoded jargon terms via their
contextual synonyms is performed.

Figure 3.8: Architecture of the JARGES algorithm, including the detection (clas-
sification) and decoding (synonym generation) stages.

The challenge is to detect enterprise specific words, phrases, expressions, and idioms
that diverge from those universally familiar or understood outside of the organisa-
tion. This divergence is measured by computing the absolute difference in TF-IDF
scores for the terms.

The mathematical formulation of JARGES works by assigning a jargony score to
each term t by measuring the degree to which its TF–IDF salience in the enterprise
corpus diverges from its salience in a general English reference corpus. The score is
defined as:

J(t) =
∣∣∣ TFIDFES(t) − TFIDFREF(t)

∣∣∣.
A term is classified as jargon when its divergence exceeds the minimum threshold δ:

J(t) ≥ δ,

where δ was set to 15% in our experiments (which is the same as the threshold
adopted in Belfathi’s study [201], full implementation details described in Section
§3.11.1). The resulting ranked list of jargon terms, used as an LTR feature, is
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obtained by sorting all terms by descending jargony score:

J = sortt

(
J(t)

)
.

For the decoding stage, contextual synonyms for each detected jargon term t ∈ J
are generated using a RoBERTa model fine-tuned on the enterprise corpus:

Syn(t) = RoBERTaF T (t),

where RoBERTaF T denotes the fine-tuned model.

These synonyms are subsequently ordered using the jargony scores J(t) so that more
specific, higher-divergence terms receive greater priority during query-time synonym
expansion.

The implementation details of JARGES are described in 3.11.1 and experiment
EXP-5 includes a quantitative and qualitative analysis of its contribution. The
results are presented in Section §3.11.2.

3.6 Experiments
Five experiments were designed to determine the extent to which LTR and LM
methods can be used to improve the performance of the ranking of search results
for an organisation’s content and specialised jargon/terminology (RQ-1, RQ-2).

Each of the experiments listed below is designed using a consistent structure (de-
scription, hypothesis, baseline, mechanism, sufficiency of data, domain knowledge,
limits, and expected outcomes). The experiments are intended to be implemented
independently, but they are presented in a logical sequence (for example, EXP-2 ex-
plores questions that emerge from EXP-1). EXP-3 and EXP-4 investigate whether
the ENTRP-SRCH dataset exhibits the properties required for the subsequent stages
of analysis. The results are subsequently presented in Sections §3.7.2, §3.8.2, §3.9.2,
§3.10.2 and §3.11.2.

3.7 EXP-1: Search Results Ranking Approach Comparison
The objective of this experiment is to compare search results ranking performance
between a traditional approach and an AI approach in the domain of ES (OBJ-1).
For the traditional approach, the search result ranking is configured to use a com-
bination of BM25 and field boosting functions. The performance of this approach
is then compared with an LTR ranking model generated using the eight features
(described in Section §3.4.4, and will again be a central focus for EXP-2).

Apart from determining whether an AI approach can improve ES search result
ranking, the outcome informs the discussion of whether state-of-the-art AI ranking
methods are ‘worth the effort’ (as discussed in Section §2.4.13). Moreover, this
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experiment helps to gauge whether the current approach is sufficiently well-founded
to justify moving on to the next stages of the study.

A description of the ENTRP-SRCH dataset, the dataset itself, and a study which
includes the experiment outlined below were published in Paper I “Learning to Rank:
Performance and Practical Barriers to Deployment in Enterprise Search” [136] and
the associated code is available on GitHub.

• Hypothesis: The hypothesis is that the search results ranking performance, as
measured by nDCG and MAP, improves using the LTR model, generated with
eight features, versus using a combination of BM25 and field boosting ranking
functions.

• Baseline: Two baselines are employed as part of the traditional approach:

– BM25 is Lucene’s default ‘out-of-the-box’ ranking function for search
results, which is why it is chosen as the basis of the traditional approach
for this experiment.

– Combined with this, field boosting is also applied as a re-ranking function.
Four fields used are for boosting (title, content, URL and anchor).

A consistent processing pipeline is applied across all ranking approaches, in-
cluding tokenisation, stopword removal, and stemming. This pipeline uses a
customised configuration (e.g., edits to the stopword list), but these settings
are fixed throughout the study and therefore treated as controlled variables.
Both the traditional baselines and the LTR models operate over exactly the
same preprocessed text, ensuring that differences in ranking behaviour arise
from the ranking approaches rather than from variation in text analysis.

• Mechanism: As described in Section §3.4.5, the LTR ranking model is gener-
ated using the XGBoost framework and the LambdaMART list-wise ranking
algorithm. The model produced from eight features. No single fixed set of
training queries is used as all queries participate in model training through
k-fold cross-validation (each fold uses a different subset of queries for train-
ing and reserves a disjoint subset for evaluation). This LTR model represents
the AI approach and is compared with the traditional baselines. In all cases,
ranking is measured using nDCG and MAP metrics.

• Sufficiency of Data: The ENTRP-SRCH dataset consists of 20 Queries and
2544 Query-Document (Q-D) pairs with manually annotated relevance judge-
ments. A subsequent validation test involving a ‘learning curve graph’ (Section
§3.12.2) provides evidence that the dataset size is sufficiently sized for the in-
tended purpose.

• Domain Knowledge: As described in Section §3.4.3, microsite (subsite) owners
were solicited to judge the relevance of a document for a given query. The mi-
crosite owners must be familiar with published content to avoid replication and
ensure consistent messaging. These microsite owners are well placed to ‘judge’
the ranking order of their pages for a particular term. A subsequent IAA
experiment (EXP-4) is performed to validate the integrity of the annotations.

93

https://github.com/ColinDaly75/ES-Ranking


• Limits: If the AI approach yields only a marginal difference relative to the
traditional baseline, any potential benefit must be considered in terms of the
practical implementation effort and costs for ES organisations (where search
may not be at the core of the business, and organisational resources and skills
may be limited).

• Expected Results: An improvement is to be expected when using the AI ap-
proach. Not only does the ENTRP-SRCH dataset incorporate both BM25 and
field boosting features as well as many other ranking features, LTR can opti-
mise the weighting of each. More specifically, it is expected the LTR ranking
model will prove to perform better than BM25 combined with field boosting,
which in turn, will perform better than using BM25 on its own.

The techniques to implement the field boosting (traditional ranking function) and
LTR are described in Section §3.7.1 and Section §3.8.1 respectively. The results of
EXP-1 are presented in Section §3.7.2.

3.7.1 Implementation (EXP-1: Search Results Ranking Approach Com-
parison)

This section details the practical application of the ranking functions described in
sections §3.2 and 3.3, as well as the implementation of methods described in the
experimental design section (§3.6).

View Count The implementation of the view count ranking function involves i)
the creation of a so-called ‘external’ field in Apache Solr and ii) the generation of a
list of document view count tuples.

The field and field type configuration within the Apache Solr schema.xml file are
shown in Listing 3.4. The ExternalFileField class allows for data to be read from
an external file.

<fieldType name="externalPopularityScore"
keyField="id" defVal="1"
stored="false" class="solr.ExternalFileField"/>

...
<field name="popularity" type="externalPopularityScore"/>

Listing 3.4: View Count implementation in the schema.xml file of Apache Solr.

The generation of a list of document view count tuples is relatively easy. Listing 3.5
shows a simple bash shell command that utilises native tools like awk, sed and sort
to extract the top 10 most viewed documents from The University’s active Apache
HTTP server log file. The listing is an example from an active log file. For the
creation of the ENTRP-SRCH dataset, six months’ worth of web server logs were con-
catenated. This list of tuples is stored in a file called data/external popularity.
The file is updated nightly via a scheduled ‘cron’ job. Updates to this file do not
require a restart of Apache Solr.
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$ cat www access log | awk ’{ print $7 }’ | \
grep \.php$ | sort | \
uniq −c | sort −rn | head −10

54898 /check filesystem.php
18302 /check db1.php

754 /wp−login.php
578 /xmlrpc.php
568 /study/international/how−to−apply/entry−requirements.php
426 /study/404/index.php
332 /students/orientation/visiting−exchange/module−enrolment.php
330 /museums/index.php
320 /study/apply/admission−requirements/undergraduate/index.php
312 /study/international/scholarships/postgraduate/gexpg.php

Listing 3.5: An example shell command that extracts MV tuples from an active
Apache HTTP server log file. Note that the first few tuples are outliers as they are
generated by operational monitoring/health checks

The results of using view count as a traditional ranking function are presented in
EXP-1 results, and the results of its application as an LTR feature are presented in
EXP-2 results and EXP-3 results.

Recency Many Web Content Management Systems (WCMS) have an integra-
tion to register a new or modified document’s publication timestamp directly to a
search index. In the case of ES, where documents are typically distributed across
heterogeneous systems (corporate directories, web pages, document shares, ticket-
ing systems, etc.), the implementation of ranking by recency of publication date
is not straightforward. The separate repositories/systems are unlikely to have an
integration to automatically update the ES index.

To record the publication date of documents in The University’s ES corpus, several
custom scripts are created to extract the timestamps from various document types.
The timestamps are then stored in Solr’s index. The Python beautifulsoup library
is used to scrape the ‘pubdate’ from documents and register it within the index.

However, some ES document types, such as records from the corporate directory, do
not present any timestamp data (or metadata). Other documents, with extensions
such as TXT or CSV, do not have built-in metadata for a creation date. While such
timestamps could, in principle, be inferred from filesystem metadata using additional
tools (e.g., Bash or MS PowerShell scripts), this supplementary processing was not
undertaken in the present study. Documents with no easily extractable timestamp
are assigned the median timestamp value in the document’s pubdate field.

curl ’https://\$SOLR SERVER:8983/solr/$CORE$/update?commit=true’
−H ’Content−type:application/json’
−d ’[{"id":"/Botany/vacancies/", \
"pubdate":{"set":"2020−06−24T00:00:0Z"}}]’

Listing 3.6: Recency implementation using cURL to update the ‘pubdate’ field in
the Solr index.
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Listing 3.7 shows how recency can be defined as a feature in an LTR model. Note
that the arguments passed to the recip function represent the x,m,a and b values
described in Section §2.2.9.

{
"store": "myCombinedFeaturesStore",
"name": "documentRecency",
"class": "org.apache.solr.ltr.feature.SolrFeature",
"params": {

"q": "{!func}recip( ms(NOW,pubdate), 3.16e−11, 1, 1)"
}

}
Listing 3.7: LTR feature definition for recency implementation.

The results of using recency as a LTR feature are presented in EXP-2 results.

LinkRank As described in Section §2.2.5, Apache Nutch is an open source web
crawling and indexing framework that utilises a plug-in architecture, providing flex-
ibility to incorporate custom scoring algorithms such as LinkRank. LinkRank first
creates a webgraph that stores output scores for each document in a node database.
It then combines the anchor text associated with each document’s inlinks and out-
links. The code to achieve this has been uploaded to GitHub and here is an outline
of the steps involved:

1. A webgraph data structure is generated on a segment-by-segment basis.

2. LinkRank calculates the score based on the webgraph.

3. Score Updater updates the score from the webgraph back into the crawldb.

4. The data is then dumped in readable format into a file.

5. The linkdb mini database is created.

6. The contents of linkdb are dumped to create an anchors file.

7. The complete list of solr documents is then dumped into file.

8. Finally, the linkrank field in Solr is updated with a numerical score.

A field called linkrank is created in Apache Solr to store the score for each document,
as shown in Listing 3.8. The pdoubles field type (which can store double-precision
floating-point numbers) is used as the LinkRank scores have a precision of 8 and a
scale of 5 (e.g., 210.07489).

<field name="linkrank" type="pdoubles" stored="true"
indexed="true" required="false"/>

Listing 3.8: LinkRank schema definition for Apache Solr.

The LinkRank scores are updated weekly (via a weekend scheduled cron job). This
update frequency was chosen for the following reasons:
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• While a target document may change, the number of inlinks is unlikely to
change dramatically over a shorter period of time.

• For The University’s ES architecture, the Apache Nutch crawler runs on the
same server as Apache Solr. The eight step process above is computationally
expensive and in danger of creating a search latency if there is competition for
CPU and memory resources.

Listing 3.9 shows how LinkRank can be defined as a feature in an LTR model.

{
"store" : "myCombinedFeaturesStore",
"name": "linkRank",
"class": "org.apache.solr.ltr.feature.FieldValueFeature",
"params": {

"field": "linkrank"
}

}
Listing 3.9: LinkRank LTR feature definition.

The result of using LinkRank as an LTR feature, including the weights allocated
to it relative to other features, is presented in EXP-2 results. LinkRank also forms
part of EXP-1 and EXP-3 (where it is used indirectly as part of the ENTRP-SRCH
dataset).

Field Boosting Field boosting can be performed either at index time or at query
time. Boosting at index time would mean the boost is computed once and stored
with the document. Index time boosting means that the boost factor can not be
adjusted later (a re-indexing would be required).

In Section §3.2.5, an example was given to show how query time field boosting
could be implemented in its simplest form as arguments passed to to the Solr qf
parameter.

Another way to use field boosting as a traditional ranking function is to hard code
it into the Solr solrconfig.xml or params.json files as shows in Listing 3.10.

<field name="title" type="text general" boost="2" />
<field name="url" type="text general" boost="4" />
<field name="content" type="text general" boost="1" />
<field name="anchor" type="text general" boost="3" />

Listing 3.10: Boosting individual fields.

In the context of LTR, a field boost factor is treated as just another LTR weighting.
Listing 3.11 shows how field boosting can be defined as features in an LTR model.
The titleOrginalScore is a BM25 score for the title field. The boost is converted
to a weight which is determined by the LTR framework and defined in the Solr
myCombinedModel.json file (described in Section §3.8.1).
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{
"store" : "myCombinedFeaturesStore",
"name" : "titleOriginalScore",
"class" : "org.apache.solr.ltr.feature.OriginalScoreFeature",
"params" : { "field": "title"}

},

Listing 3.11: Field Boosting converted to an LTR feature definition.

The result of using field boosting as part of the traditional approach is presented in
EXP-1 results and as an LTR feature, including the weights allocated to it relative
to other features, is presented in EXP-2 results.

Keyword Boosting Keyword boosting can be applied at query time or at index
time [218]. Apache Solr uses the caret symbol (ˆ), followed by a numeric boost factor,
appended to a query term. This method was previously used in the University’s ES
service as part of a traditional ranking approach (though it is not included in the
baseline for EXP-1).

After transitioning to an AI-based approach, keyword boosting can be incorporated
directly as an LTR feature. Listing 3.12 illustrates how terms such as ‘about’ or
‘contact’ can be modelled within Solr’s LTR feature definition file. Such terms
frequently correspond to canonical organisational pages (e.g., ‘About Us’ pages,
contact directories, or governance statements), which users often expect to appear
prominently for certain queries. Incorporating these terms as features simply enables
the LTR model to learn when these canonical pages should be surfaced, rather than
relying on manual, static boosting rules.
{

"store" : "myCombinedFeaturesStore",
"name" : "isContact",
"class" : "org.apache.solr.ltr.feature.SolrFeature",
"params" : {

"fq": ["{!terms f=title}contact"]
}

},
{
"store" : "myCombinedFeaturesStore",
"name" : "isAbout",
"class" : "org.apache.solr.ltr.feature.SolrFeature",
"params" : {

"fq": ["{!terms f=title}about"]
}

},
Listing 3.12: LTR feature definition for keyword boosting implementation. The
two features below will boost any document with the words ‘contact’ or ‘about‘ in
the title field.

The result of using keyword boosting as an LTR feature, including the weights
allocated to it relative to other features, is presented in EXP-2 results.
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Anchor Text Ranking via an anchor text field and the linkrank ranking func-
tion are conceptually interrelated; both functions exploit hyperlink information as
a proxy for document authority and relevance.

In practice, the linkrank function is implemented before the ranking by anchor text.
As described in 3.7.1, the creation of an anchor text file is a by-product of the
linkrank function creation.

A new string field called ‘anchor’ is created in The University’s Solr index to hold a
list of anchor text descriptors (Listing §3.13).

<field name="anchor" type="text general"
stored="true" indexed="true"
multiValued="true"/>

Listing 3.13: Anchor text field definition in the Solr schema.

An example of anchor text used for ranking is ‘accommodation 33’, which tells
us that the term accommodation is deployed in 33 separate pages as a descriptive
anchor text (pointing to a particular page or group of pages).

An analysis of The University’s generated anchor text file reveals extensive use of
non-descriptive phrases like “click here”, “read more”, “learn more” or simply “next
page”. Each of these anchor texts could be considered a wasted opportunity to pro-
vide additional context to a query term and boosting to a document. Consequently,
such generic phrases are filtered out of the anchor field during preprocessing (to
reduce noise and improve the quality of the anchor-based feature).

Listing 3.14 shows how Apache Nutch can be configured to update the anchor text
field in Apache Solr as part of the crawling process.

<name>plugin.includes</name>
<value>parse−(pdf |tika) |protocol−http |
urlfilter−(regex |validator) |
index−(basic |anchor) |
indexer−solr |
scoring−opic |urlnormalizer−(pass |regex |basic)
</value>

Listing 3.14: Anchor text field definition in Apache Nutch. The anchor word in
the configurion ensures that the anchor text field is updated.

Anchor text is a regular field in Apache Solr (not unlike the title or content fields). It
is used as a method in the traditional ranking approach, and the result is presented
in EXP-1 results. The result of using anchor text as an LTR feature, including the
weights allocated to it relative to other features, is presented in EXP-2 results.

URL or Path Length An example of how the length of the path of a document
could be used as a ranking function was given in Section §3.3.4.
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Apache Solr has a FieldLengthFeature that provides a quantifiable measure of
a document field’s length. It can be integrated into the ranking LTR definitions
as shown in listing 3.15. This feature is computed for each returned document at
query time. Field length is an important component in traditional ranking models
like BM25, where longer documents are often penalised to prevent length bias. The
LTR framework can learn the impact of FieldLengthFeature on a particular field.

"store" : "myCombinedFeaturesStore",
"name": "urlLength",
"class": "org.apache.solr.ltr.feature.FieldLengthFeature",
"params": { "field": "url" },

Listing 3.15: LTR feature definition for ranking by URL length implementation.

The result of using path length as an LTR feature, including the weights allocated
to it relative to other features, is presented in EXP-2 results.

Query Frequency Most Frequent Queries (MFQ) data is used to analyse the
character of the queries within The University ES service. This analysis is necessary
for selecting queries for Q-D annotation.

MFQ is easily extracted from The University’s Solr search logs. An extraction
demonstration is shown in Listing 3.16. It shows a simple bash shell command that
utilises native tools like awk, sed and sort to extract the top 10 most frequent queries
from an active solr log file.
$ cat /var/log/solr/solr.log | \
> grep −o −P ’(?<=q=).*(?=&def)’ | \
> awk ’{print tolower($0)}’ | \
> sort | uniq −c | sort −nfr | \
> awk ’{for (i=2;i<=NF;i++) printf("%s ",$i)} {print "\t" $1}’ | \
> sed ’s/ \t/\t/g’ | head −10

fees 36
phd 27
vacancies 23
jobs 22
library 19
calendar 18
insurance 16
medicine 15
book of kells 15
scholarship 13

Listing 3.16: An example shell command that extracts MFQ from a Solr log. The
output of the command shows the top ten most popular queries and their frequency
count.

MFQ is used as input to create the ENTRP-SRCH dataset, which is used in EXP-1,
EXP-2, EXP-3 and EXP-4.
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Query Clustering A problem with extracting raw MFQ data in the manner
described above is that it does not distinguish between contextually similar words
and phrases (e.g., jobs and vacancies in the above listing). As described in Section
§3.4.2, query clustering is the process of grouping similar queries into clusters based
on their lexical or semantic similarity using the word embedding technique.

Word embedding involves converting The University’s corpus into into a numerical
representation where each word is represented as a dense vector in a high-dimensional
space. These vectors capture semantic relationships among words and phrases.
Here’s an outline of the process employed:

• A dumpfile containing The University’s corpus is read line by line, each of
which is tokenised using the Python gensim simple preprocess library.

• The Word2Vec embedding algorithm uses shallow neural networks. The hidden
layer weights become the word vectors. The Word2Vec model is trained on
the tokenized corpus, resulting in dense vector representations for each word
in the vocabulary. Once trained, each word in the vocabulary is associated
with a vector.

• The k-means clustering (vectorisation method) is then applied to the set of
word embeddings (representing the query). The model is trained so words
appearing in similar contexts have similar vector representations. The skip-
gram model is employed to maximise the probability of the word or phrase
context.

• The number of clusters (num clusters variable) is adjusted until there are about
five objects for each of the keyword/phrase queries (this is sometimes referred
to as the ‘elbow method’). At a minimum, the cluster for the ‘vacancy’ query
should contain ‘vacancies’ and ‘jobs’.

• The tensorflow embedding projector is then used to verify and visualise the
model (as shown in Figure 3.4.

The above steps are scripted in a Python notebook called es-query-clustering.ipynb
which can be viewed in the GitHub repository.

Table 3.4 shows the hyperparameters used during the Word2Vec query clustering
process of The University’s corpus.

Table 3.4: Query Clustering Word2Vec and kmeans hyperparameters.
Hyper Parameter Value

model Word2Vec
vector size (dimensions) 100
n init auto
window 5
min count 1
workers 4
num clusters 2000
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As for MFQ, query clustering is not used directly in the experiments. Instead, it is
an input (a Solr field consisting of a query-count tuple) to create the ENTRP-SRCH
dataset, which is part of EXP-1, EXP-2, EXP-3 and EXP-4 word2vec and gensim
combined hyperparamter table.

CTR collection As described in Section §2.2.13, a basic ‘cascading’ click model
treats user behaviour as a sequential scanning process from top to bottom. Users
examine each item one by one and decide whether to click.

When an end-user submits a query to The University’s search engine, they are
presented with a ranked list of documents. The click model, as implemented in the
Apache Solr search logs, records only a single click per query instance. Specifically,
the logging captures:

• the submitted query and its corresponding timestamp;

• the ordered list of the top fifty documents presented on the search engine
results page;

• the position of the document clicked by the user (and its timestamp), recorded
as a single-click event.

This logging configuration does not capture multiple clicks or more complex inter-
action patterns; only the first (or sole recorded) click is available for analysis, which
should be considered a limitation of the click model used in this study.

The Apache Solr log4j module [219] is customised to capture the above items. Ses-
sions where a query is submitted but no document is clicked within a 60-second time
limit are excluded. The results of using the click-through model are presented in
EXP-3 results.

3.7.2 Results (EXP-1: Search Results Ranking Approach Comparison)

As described in section Section §3.7, this experiment compares the search result
ranking performance for the traditional and AI approaches. The traditional ap-
proach is represented by i) BM25 (on its own) and ii) BM25 with field boosting (4
fields). The AI approach is represented by LTR using the LambdaMart algorithm
with The University’s eight-feature ENTRP-SRCH dataset.

Table 3.5 shows the results for the three tested methods. The nDCG values for each
of the three methods are additionally graphically represented in Figure 3.9.

Table 3.5: Evaluation scores for three ranking methods as applied to the ENTRP-SRCH
dataset. The metrics used are nDCG@{3,5,10} and MAP. Best performing scores are in

bold font.
% nDCG@3 nDNG@5 nDCG@10 MAP

BM25 57.54 60.55 55.38 40.33
BM25 combined with field boosting 94.08 92.80 81.18 60.29
Learning to Rank (8 features) 99.08 98.65 98.24 80.13
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Figure 3.9: A comparison of the performance of Ranking Methods, as measured
by nDCG, for the ENTRP-SRCH Enterprise Search dataset.

For nDCG@5, the LTR method performs 5.85% better than BM25 with field boost-
ing. While it was expected that the LTR method would perform better, it is sur-
prising that BM25 with field boosting can achieve such a high score. This could be
explained by the fact that many of the queries are topical rather than exploratory
in nature. BM25 with field boosting performs 32.3% better on using BM25 its own.
This was in line with the expectations outlined during the experimental design phase.
Surprisingly, the performance advantage of the LTR method (over BM25 with field
boosting) is reduced and even reversed for nDCG@k, when k surpasses 20 and 100,
respectively.

An ancillary outcome of this experiment is a greater understanding/appreciation of
the additional implementation steps and effort required to adopt the AI approach.
Measuring implementation effort is a subjective task, and there may be no way to
represent it in absolute terms. Chapter 5 includes a discussion on whether the AI
approach is ‘worth the effort’ for organisations, when the limited performance gain
is taken into account.

3.8 EXP-2: Search Results Ablation Study

The objective of this study is to determine the relative weights for each of the LTR
features (OBJ-1) in the ENTRP-SRCH dataset. The ablation process involves removing
a feature, which allows direct observation how its absence affects model performance,
confirming its true importance. An ablation study also provides insights into the
redundancy, and interactions between features.
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The experiment/study outlined below was also published as part of Paper I “Learn-
ing to Rank: Performance and Practical Barriers to Deployment in Enterprise
Search.” and, as for EXP-1, the associated code is available on Github.

• Hypothesis: The hypothesis is simply that the ranking features are of differing
importance. Specifically, this study discovers the ranking features that make
the biggest contributions to the model’s performance. This ‘experiment’ can
be regarded more as a study than an experiment in the strict sense.

• Baseline: For an ablation study, each collective feature set serves as a baseline
before the systematic removal of a single feature. The performance of one
feature is marked against ‘all the rest’.

• Mechanism: This involves removing one feature from each iteration and per-
forming the LTR training and testing steps again. The ranking performance
differential is measured using the nDCG metric for each feature. If a large
decrease in nDCG scores is observed, the ablated feature is very important for
search results ranking model.

• Sufficiency of Data: The ENTRP-SRCH dataset consists of 20 Queries and 2544
Query-Document (Q-D) pairs with manually annotated relevance judgements.
A subsequent validation experiment involving a ‘learning curve graph’ (Section
§3.12.2) confirms that the dataset size is sufficiently sized.

• Domain Knowledge: The procedures and protocols of an ablation study are
well-defined. No particular domain knowledge is required as the ES dataset
has already been created. However, knowing which features are likely to make
big or small contributions helps estimate the expected results (see below).

• Limits: The ablation study focuses on quantitative changes in performance.
It provides no insights into why a feature may contribute positively or nega-
tively. Hence, the results may be difficult to interpret without some domain
knowledge.

• Expected Results: As outlined in Section §3.2, in ES, there is often an intuition
of a ‘good ranking’. In the traditional approach, a relevance engineer can spend
many hours attempting to estimate the field boost factors by eyeballing search
results. An LTR model, generated using eight features, is less transparent,
and may produce more unpredictable results. Nonetheless, the practical trial-
and-error experience of the traditional approach informs expectations for the
LTR ablation study.

The techniques to implement the LTR framework and compute weights are described
in Section §3.8.1. The results of EXP-2 are presented in Section §3.8.2.

3.8.1 Implementation (EXP-2: Search Results Ablation Study)

LTR weightings XGBoost implements LTR by solving ranking problems using
the pointwise, pairwise and listwise loss functions (as described in Section §2.4.9).
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For EXP-2, XGBoost is configured to optimise the ‘listwise’ (rank:ndcg) loss func-
tion. While listwise is computationally more expensive than pairwise, this is hardly
a factor for the ENTRP-SRCH dataset, which has just 2544 Q-D pairs and eight fea-
tures. Moreover, the pairwise loss function is designed for simpler tasks that have,
for example, just binary relevance annotations (the ENTRP-SRCH annotations are in
the range of [1-5]).

Table 3.6 lists the hyperparameters used by the XGBoost LTR framework to rank
The University’s ES search results.

Table 3.6: Hyperparameter settings used to evaluate ranking performance for the
Learning to Rank ranking method.

Parameter Value
Framework XGBoost
Algorithm LambdaMART
rank ndcg
loss function listwise
max depth 10
num round 15
eta 0.3

XGBoost is built atop the Gradient Boosting (GB) ML algorithm, widely used for
supervised learning tasks and the ‘max depth’ parameter is the maximum depth of
the GB tree.

The learning rate (designated by ‘eta’) is set to 0.3. In the XGBoost gradient-
boosted decision tree model, eta controls the contribution of each successive tree to
the final model. A higher value for eta typically accelerates convergence but may
lead to overfitting, while a lower value requires more boosting iterations (specified by
num round) to achieve comparable accuracy. The num round parameter determines
the total number of boosting rounds (i.e. how many trees are sequentially added to
the ensemble). A high num round value increases training time and computational
cost, but allows the model to refine feature weights more gradually. Since this
experiment was conducted offline to compute feature weights, it was not necessary
to use an aggressive learning rate. As discussed in Section §2.2.19, nDCG and MAP
are accepted as the de facto metrics (i.e. the ‘rank’ parameter) for measuring the
ranking performance of search results.

The calculation of the XGBoost LTR weights is scripted in a Python notebook called
lambdamart-xgboost.ipynb which can be viewed in the GitHub repository. The
notebook also shows a visualisation of the model in the form of a decision tree (using
the xgb.plot tree function), which shows where ‘splits’ at nodes are conditional
on the inputted features in the feature vector for each query.

The weightings are presented in EXP-2 results.
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Model Integration with Apache Solr Once the LTR weightings are computed,
the next step is integrating them with a model in the ES search engine. Apache Solr
has a plugin called LTR [220] which can be enabled via the solrconfig.xml file by
adding lines as shown in Listing 3.17.

<searchComponent name="ltr"
class="org.apache.solr.ltr.search.LTRQParserPlugin" />
<requestHandler name="/select" class="solr.SearchHandler">

<lst name="components">
<str name="component">ltr</str>

</lst>
</requestHandler>

Listing 3.17: Enabling the LTR plugin for Apache Solr.

A feature definition file specifies the features used by the LTR model. Each feature
represents a ranking function such as those described in sections §3.2 and §3.3.
An extract of the Apache Solr feature definition json-formatted file used by The
University’s ranking model trained with the ENTPR-SRCH dataset is shown in Listing
3.18.

$ cat myCombinedFeatures.json
[

{
"store" : "myCombinedFeaturesStore",
"name" : "originalScore",
"class" : "org.apache.solr.ltr.feature.OriginalScoreFeature",
"params" : {}

},
{
"store" : "myCombinedFeaturesStore",
"name": "documentRecency",
"class": "org.apache.solr.ltr.feature.SolrFeature",
"params": {

"q": "{!func}recip( ms(NOW,pubdate), 3.16e−11, 1, 1)"
}

},
...

{
"store" : "myCombinedFeaturesStore",
"name": "rawHits",
"class": "org.apache.solr.ltr.feature.SolrFeature",
"params": {

"q": "{!func}popularity"
}

},
{

"store" : "myCombinedFeaturesStore",
"name": "urlLength",
"class": "org.apache.solr.ltr.feature.FieldLengthFeature",
"params": {

"field": "url"
}

},
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{
"store" : "myCombinedFeaturesStore",
"name": "linkRank",
"class": "org.apache.solr.ltr.feature.FieldValueFeature",
"params": {

"field": "linkrank"
}

}
]

Listing 3.18: An extract of the LTR feature definitions for Apache Solr. Features
definitions include for recency, rawhits, field length and LinkRank.

The Apache Solr model definition is shown in Listing 3.19. Each of the defined
features is allocated a weight value in this file. Note that the urlLength feature is
allocated a negative value in the model. This value reflects the inverse relationship
between ranking importance and the length of the URL. The complete definition
files are available in the ‘Solr-Files’ folder on the GitHub repository.

$ cat myCombinedModel.json
{
"class" : "org.apache.solr.ltr.model.LinearModel",
"name" : "myCombinedModel",
"store" : "myCombinedFeaturesStore",
"features" : [

{ "name" : "originalScore" },
{ "name" : "documentRecency" },
{ "name" : "isAbout" },
{ "name" : "isContact" },
{ "name" : "rawHits" },
{ "name" : "urlLength" },
{ "name" : "linkRank" }

],
"params" : {

"weights" : {
"originalScore" : 60.0,
"documentRecency" : 10.0,
"isAbout" : 20.0,
"isContact" : 20.0,
"rawHits" : 5.0,
"urlLength" : −35.0,
"linkRank" : 15.0

}
}

}
Listing 3.19: An extract of the LTR model definitions for Apache Solr. The model
includes weights for each of the features.

The Solr managed schema API is used to upload these definitions to create a ranking
model called myCombinedModel , as shown in Listing 3.20.

$ curl −k −XPUT ’’$SERVER’:8983/solr/$CORPUS/schema/feature−store’ \
−−data−binary "@/home/solr/combined/myCombinedFeatures.json" \
−H ’Content−type:application/json’
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$ curl −k −XPUT ’’$SERVER’:8983/solr/$CORPUS/schema/model−store’ \
−−data−binary "@/home/solr/combiSolr−managededModel.json" \
−H ’Content−type:application/json’

Listing 3.20: Uploading the LTR defintions to the Apache Solr feature and model
store.

The ranking model can be verified via the command line with the rq (re-rank query)
parameter, which calls the LTR function (!ltr), as shown in Listing 3.21.

$ curl ’’$SERVER’:8983/solr/$CORPUS/select?q="*:economics"&\
rq={!ltr%20model=myCombinedModel%20reRankDocs=500\}\
&fl=url&rows=20&wt=csv’

/Economics/
/Economics/people/
/Economics/undergraduate/
/Economics/postgraduate/msc−economics/
/Economics/undergraduate/what/
/Economics/undergraduate/joint−honours/
/Economics/postgraduate/
/Economics/postgraduate/research−degrees/
/Economics/postgraduate/msc−econ−policy/
/Economics/SER/

Listing 3.21: Verification of LTR model functionality.

Finally, the params.json file is used to make the rq function above the default
parameter applied to all queries. This is a helpful override as it means that no
coding modifications are required at the web front-end.

3.8.2 Results (EXP-2: Search Results Ablation Study)

As described in Section §3.8, this experiment determines the relative weight for each
of the LTR features in the ENTRP-SRCH dataset.

Figure 3.10 shows the breakdown of the contribution of each of the individual fea-
tures in the Learning to Rank method.
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Figure 3.10: As more learning-to-rank features are added, the nDCG@5 score
increases. The final nDCG score is 0.9681; the most significant contributing feature
is BM25 with Field Boosting (i.e. the ‘BM25 F-BOOST’ combined feature, without
which the nDCG@5 score drops to 0.8710).

As expected, the BM25 feature is the most significant contributor. Field boosting
also performs well, but may have performed better had every document been split
into fields (many documents types such as Microsoft Excel and PowerPoint have
no discernible field structure, as described in Section §3.2.5). The performance
contribution of the recency feature was smaller than expected. As described in
Section §3.7.1, this may be because some ES document types, such as records from
the corporate directory, do not present any timestamp data (or metadata).

3.9 EXP-3: Correlation using CTR and human judgements
An issue that the ES community has not addressed is whether click-through data,
used as standard in WS, is also a good choice for organisations. This experiment
will test this assumption and is designed to achieve OBJ-2.

The labelling of Q-D pairs has traditionally relied on human relevance judgements to
create training data for ranking models. However, soliciting and gathering feedback
in the form of relevance judgements is expensive, time-consuming, and may be
subject to annotator bias.

Although most organisations are expected to deploy an ES service, few have rele-
vance judges (annotators) lined up to create training data. This scarcity motivates
this investigation into the application of implicit feedback methods designed to re-
place human judgements. If ES click-through data relevance feedback correlates
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with human relevance judgements, judges could be dispensed with and abundant
click-through data could be relied on exclusively.

This experiment was first published in Paper II “Enterprise Search: Learning to
Rank with Click-through Data as a Surrogate for Human Relevance Judgements”
and the associated code is available on Github.

• Hypothesis: The hypothesis is that the click-through rate has a statistically
significant correlation with human relevance judgement scores in ES.

• Baseline: The human relevance judgements, which occupy column 1 of the
ENTRP-SRCH dataset, is the baseline (as shown in Fig 3.7). Corresponding click-
through scores (column 8) are to be tested for correlation with this baseline.
Subsequently, the ranking performance is compared, using the two alternate
‘ground truths’.

– Human relevance judgements is the baseline ground truth to be tested
and is the one traditionally associated with learning to rank.

– The click-through rate is used as an alternative (surrogate) ground truth.
The LTR model’s custom features, as listed in section 3.4.4, are likely
better at matching human relevance judgements over CTR (since the
features were initially engineered to match the requirements of human
relevance judgements).

• Mechanism: As described in Section §3.3.5, a basic click model is deployed
on The University’s ES service to gather click-through data. The collection
period is three-months and there are approximately 7,000 queries per day.
The correlation coefficient (which is a measure of the strength of the relation-
ship between CTR and ordinal human relevance judgements) is calculated.
Since the human relevance variable is ordinal in nature (a Likert scale) with
a non-normal distribution of judgements, Spearman’s rho is the appropriate
correlation metric. The performance of the subsequent LTR ranking model
trained on the CTR data is then compared against a model trained on human
annotations (i.e. using two alternative ‘ground truths’ as input for the LTR
method). As is typical in the field of search result ranking, the metric for
ranking performance is nDCG.

• Sufficiency of Data: While the ENTRP-SRCH dataset contains 2544 human
judgements, the CTR-based subset contains only 375 datapoints. This smaller
number does not come from the full query log (which contains thousands of
daily queries), but from the intersection of two requirements: each CTR Q–D
pair must correspond to (i) a query prefix for which a click was recorded in
the Solr logs, and (ii) a document that also appears in the ENTRP-SRCH judged
dataset. Only those pairs that satisfy both conditions are retained, which
explains why the CTR subset is considerably smaller than the raw query vol-
ume. Moreover, since end-users are not inclined to scroll to ‘page 2’ of the
search results, this limits the number of CTR records. A statistical power test
is conducted to confirm the CTR data is sufficient. Statistical power is gov-
erned by the sample size, effect size, significance level, and the variability in
the data. The power calculation suggests that only 64 CTR Q-D pairs would
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have been needed to achieve a desired power of 0.8 and still achieve statistical
significance.

• Domain Knowledge: Domain knowledge plays an essential role in analysing
any discrepancies in correlation. For example, one of the query terms in our
training dataset is ‘english’. The annotator for the English query is employed
by the Department of English and, therefore, assigned preferential judgements
based on his department’s perspective. The end-users, many of whom are
prospective students from non-English speaking countries, are less interested
in literature and instead wish to ascertain the minimum English language
requirements for entry to the student register.

• Limits: As discussed in Section §3.3.5, CTR scores ideally have sophisticated
corrections for problems like unbounded positive feedback, a decay function
for older documents, and log normalisation to mitigate outliers etc. In this
experiment, these corrections are not applied and CTR is used in its simple
form.

• Expected Results: Studies in the field of WS and ecommerce have shown
that click-through data can be harnessed as a surrogate for relevance judge-
ments [19, 98, 159, 221, 222]. Similarly, in ES, it is expected that a degree of
positive correlation will be discovered between the two ground truths. It is
also expected that the LTR model’s custom features, as listed in section 3.4.4,
are better at matching explicit (human) rather than implicit (CTR) feedback,
since the features were initially engineered to match the requirements of human
relevance judgements.

The techniques to implement CTR collection and relevance correlation are described
in sections §3.7.1 and §3.9.1 respectively. The results of EXP-3 are presented in
Section §3.9.2.

3.9.1 Implementation (EXP-3: Correlation using CTR and human judge-
ments)

Relevance Correlation Figure 3.11 is a strip plot that graphically presents a
degree of correlation between the human relevance judgements and the CTR. It is
obvious from the plot that the documents labelled with a higher relevance score by
expert human annotators tend to be more clicked by end users. The calculation of
the correlation score is scripted in a Python notebook called es-ltr-explicit-implicit-
feedback.ipynb, which can be viewed in the GitHub repository. The correlation is
presented in the results section of EXP-3 (below).

3.9.2 Results (EXP-3: Correlation using CTR and human judgements)

As described in Section §3.9, the first step of this experiment is to determine whether
the click-through rate has a statistically significant correlation with human relevance
judgement scores in ES. The second step involves a comparison of the ranking of
performance using the two alternate ‘ground truths’.
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Figure 3.11: A strip scatter plot showing correlation points between click-through
rate (CTR) on the y-axis and human relevance judgements on the x-axis. Those
documents that received a higher relevance judgement tend to have recorded more
click-through activity.

Correlation and Outlier Analysis

Using the CTR/human judgements data that was used to create the strip plot in
Figure 3.11, a correlation score of ρ = 0.704 was calculated. Most statisticians
consider a score of 0.7 or above as a ‘strong correlation’ [223]. A significance test
using the paired t-test gives a p-value of less than 0.01, proving that the Spearman
correlation is statistically significant.

Figure 3.11 shows a slight divergence from a linear correlation plot (i.e., a straight
line), insofar as there seems to be an excess of points ‘under the line’. For example,
where the human relevance judgement score is 4 (‘relevant’, but not ‘highly rele-
vant’), many points have a low CTR rate. Analysis of the respective documents
suggests that this non-linearity may be caused by few end users navigating to pages
2 or 3 of the search results (the ranking model displays a preponderance of ‘highly
relevant’ documents on Page 1). This is in line with the ‘position bias’ confound-
ing problem outlined in Section §2.4.8 (i.e. reports that less than 6% of end users
navigate beyond Page 1 of the Search Engine Results Page).

End users are not the only feedback party subject to bias. ‘Organisational bias’
occurs when factors such as strategic focus and team organisation influence data
selection to a point where selection is no longer based on individual merit. Some
instances of disagreement over pages judged to be ‘irrelevant’ by expert annotators
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are seen but have been awarded a high click-through rate by end users. For ex-
ample, the homepage of a VIP / celebrity individual in the organisation has been
annotated as ‘irrelevant’ (for the given query). This judgement dampens favouritism
and diminishes the democratic preferences of end users. In this case, the experts
are subject to organisational bias, where they overlook an individual’s popularity in
favour of an institutional outlook.

A further example of a pronounced contradiction between annotators and end-users
was detected. One of the query terms in our training dataset is ‘English’. As men-
tioned in Section §3.9, the annotator for this query is employed by The University’s
Department of English and, therefore, issues preferential judgements based on his
department’s perspective. The end-users, many of whom are prospective students
from non-English-speaking countries, are less interested in literature and instead
want to ascertain minimum English language requirements for entry to the student
register. This correlation disparity/outlier for the ‘english’ query highlights that
even gold standard annotation can be subject to biased annotation or inconsistency
if tokens are ambiguous [224].

Comparing the fit of features

If the ground truths in the LTR model are alternated, such that either CTR scores
or human relevance scores are used to train the data, there will be a change in how
well the features combine to ‘fit’. The nDCG values for both feedback methods are
shown in Table 3.7 and graphically represented in Figure 3.12.

Table 3.7: Comparison of ranking performance (nDCG) for human relevance
judgements (explicit annotator feedback) versus query preferences extracted from

click-through (implicit feedback).
Cutoff Relevance Judgements Click-through
ndcg@1 1 0.997
ndcg@3 0.987 0.970
ndcg@5 0.941 0.964
ndcg@10 0.787 0.963
ndcg@20 0.567 0.853
ndcg@100 0.335 0.271
ndcg@200 0.313 0.061

The results show that the LTR model’s custom features (described in section 3.8) are
approximately an equal fit at matching explicit and implicit feedback. For example,
the nDCG@3 ranking performance using relevance judgements is just 1.6% higher
than when click-through data is used. For nDCG@5, nDCG@10 and nDCG@20,
using CTR as ground truth achieves higher scores than human judgements.

The results for nDCG@{100,200} can be disregarded. This is because there are
almost no CTR feedback data points in this range. CTR feedback in this range
would involve an end-user clicking the ‘next page’ ten or twenty times respectively.

Overall, neither feedback mechanism can be said to produce a clear winner. This
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Figure 3.12: A bar chart showing the ranking performance differences between
explicit and implicit feedback for various nDCG cutoffs.

is unexpected, as it was anticipated that human relevance judgments would yield
superior results. This expectation was based on the fact that the features were
originally designed to align with human relevance judgment ground truth.

In Chapter 5, the ES implementation trade-offs between human relevance judge-
ments and implicit feedback are discussed. This includes an analysis of both end-user
and expert annotator potential preferences and biases.

3.10 EXP-4: Inter-Annotator Agreement
As described in Section §2.4.4, the multi-step pipeline for finding high-agreement
Amazon Mechanical Turk raters, described by Zhang [157], cannot be used in the
context of ES. This is because ES content comprises highly technical blueprints,
confidential documents, network file shares, etc., much of which is located behind
an organisation’s firewall.

During the ENTRP SRCH dataset construction process, a significant portion of an-
notated documents were evaluated by a single rater for each query. Across the 20
query topics included in the dataset, a total of 2,544 documents were assessed by
only 15 raters.

The raters are all microsite editors, whose role includes publishing content on behalf
of colleagues in their department. They are necessarily familiar with published
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content (preventing replication and ensuring consistent messaging).

It is assumed, therefore, that these microsite editors are well placed to ‘judge’ the
ranking order of their documents for a particular query. This experiment tests the
agreement between two independent raters (who are not part of the original group
of fifteen, and who are rating new Q-D pair that are not part of the ENTRP-SRCH
dataset) to verify this approach’s validity.

Inter-annotator Agreement (IAA, Section §2.2.20) examines agreement among inde-
pendent observers who rate, code, or assess the same phenomenon. If consensus in
the ratings of a target is low, it suggests that the decision to rely on a single rater
was incorrect. Agreement metrics comes with their own value interpretation guide-
lines. With Krippendorff’s coefficient, reliabilities with α ≥ 0.667 are “acceptable
for tentative conclusions” [117] whereas Cohen’s κ should be ≥ 0.8 for “substantial
agreement” [120,121].

• Hypothesis: The hypothesis is that there is ‘acceptable’ agreement (as defined
above) of Q-D pair annotations between two independent microsite editor
raters, as measured by Percentage Agreement (PA), Cohen’s κ, and Krippen-
dorff’s α.

• Baseline: As with the original fifteen raters (i.e., that were used to create the
ENTRP-SRCH dataset), two new independent raters were chosen based on their
familiarity and experience with the query topic. Agreement is then measured
between the two sets of Q-D annotations.

• Mechanism: The two new raters selected are microsite co-editors for the same
subsite. They were given guidance identical to those of the original fifteen
(Section §3.4.3). To ensure independence between the raters, neither rater
was shown the Q-D annotations of the other.

• Sufficiency of Data: The κ and α metrics are presented with a Confidence
Interval (CI). The CI is computed using the ‘bootstrapping’ statistical pro-
cedure. Bootstrapping involves re-sampling a single dataset to create many
simulated samples. This process allows for the calculation of standard errors,
confidence intervals, and hypothesis testing [225, 226]. If the standard error
is big, the final scores could span a range of interpretations that could indi-
cate anything from good to poor agreement [122]. The number of Q-D pairs
must therefore be large enough to produce a small standard error. The an-
notations range ([1-5]) can be considered as interval data for computation of
Krippendorf’s α. The experiment compares the ranking of 565 documents,
corresponding to the full set of items returned for one specific keyword query
within the microsite’s index.

• Domain Knowledge: In this case, the experiment is designed to examine how
domain knowledge is shared between two independent raters, both of whom
have an expert level of knowledge of topics within their own microsite.

• Limits: This experiment measures agreement between two raters for a single
microsite. However, it is likely that agreement between two raters for one
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microsite would differ from that for another microsite. For example, the IAA
score between two expert judges annotating Q-D pairs for ‘religion’ would likely
be different from two other experts annotating Q-D pairs for ‘mathematics’.

• Expected Results: Observations from the field of Web Search suggest that
humans find it hard to agree in relevance ranking tasks [6]. In the case of
Enterprise Search, annotators are likely to come from within the organisa-
tion. The subject matter of the documents is specific to the enterprise, and
therefore, only individuals with domain knowledge are well placed to volun-
teer relevance judgements [10]. Hence, a higher level of consensus between the
(like-minded, but independent) experts, such as The University’s microsite
co-editors is expected.

The implementation details for EXP-4 are described in 3.10.1 (below) and the results
are presented in Section §3.10.2.

3.10.1 Implementation (EXP-4: Inter-Annotator Agreement)

Inter-Annotator Agreement As described in Section §3.10, the IAA experi-
ment (EXP-4) tests the agreement between two microsite editors. Each is asked to
independently annotate 565 Q-D pairs. Each pair is allocated a [1-5] rating. As with
the judges used during the creation of the ENTRP-SRCH dataset, they were asked to
limit the number of ‘5’s (highly relevant) awarded. This paucity is because most
end users will focus on the top of the ranked list of the first search results page.
The University’s search logs suggest that less than 2% of users navigate to page 2
or deeper.

The three IAA agreement metrics (discussed in Section §2.2.20) are employed in the
experiment:

• Percentages of Agreement (PA). This metric is generally not an adequate
measure of IAA since it does not correct for agreements that would be expected
by chance and, therefore, would overestimate the level of agreement [117].

• Cohen’s κ. This statistic is regularly used when dealing with nominal (un-
ordered) data [118,119]. It is also of limited use, as the annotator ratings are
inherently ordered.

• Krippendorff’s α. This statistic has the advantage that it works for various
data types (nominal, ordinal, interval, and ratio) and accounts for chance
agreement, making it more versatile and robust compared to Cohen’s κ [117].
An alpha value of 1 represents a perfect agreement, while 0 means no agreement
beyond chance.

Since the PA metric is an empirical measure (rather than a statistical estimate), a
calculation of the confidence interval (CI) is not required. The κ and α metrics do
require a CI calculation, not least because the standard error may be so big that
the final score spans a range of interpretations that could indicate anything from
good to poor agreement [122]. The confidence interval of the mean of the records is
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calculated using the scipy.stats.bootstrap Python library configured with 1,000
simulated samples.

The meaning of values in a Likert scale must be considered before choosing a sta-
tistical coefficient.

• The Nominal Level coefficients treat all disagreement equally (e.g., 1 is as
different from 5 as it is from 2 ).

• The Ordinal Level treats neighbouring disagreements less severely than dis-
agreements spanning several ranks. For example, if the first annotator awarded
5 and the second 4, this would be a higher agreement than if the first gave 5
and the second gave 3.

• The Interval Level is similar to the ordinal level, but with the additional as-
sumption that all points on the scale are equidistant, i.e. the distance between
1 and 2 is equal to the distance between 4 and 5.

The calculation of the coefficients (and their corresponding confidence intervals) for
several data types (nominal, ordinal and interval levels) is scripted in a Python note-
book called inter-annotator-agreement-in-enterprise-search.ipynb which can
be viewed in the GitHub repository. The level of agreement between the expert an-
notators is presented in EXP-4 results (below).

3.10.2 Results (EXP-4: Inter-Annotator Agreement)

During the annotator selection process (Section §3.4.3), a key assumption was that
The University’s microsite editors were well placed to ‘judge’ the ranking order
of their documents for a particular query. For a given query, many documents
were therefore judged by a single rater. As described in Section §3.10, EXP-4 is
designed to test the agreement between two independent raters and verify that this
assumption was valid.

Table 3.8 records the results of the IAA experiment. The experiment compared the
Likert scale ranking [1-5] by two independent judges over 565 documents.

The PA score of 84.25% is very high and suggests a high level of agreement, even
if chance agreement is discounted. The number of documents in our experiment
(565 documents) works to minimise the contribution of chance agreement (this size
provides a sufficiently large sample to yield a stable estimate with reduced variance).
The high PA score may reflect that the raters selected are experts for their query
topic, and little guessing is applied to annotations.

Regardless of how the spacing of measurement levels in the Likert survey is inter-
preted, the calculated ordinal and interval α scores (0.703 and 0.730, respectively)
are both greater than Krippendorff’s minimum requirement of 0.67, above which
‘tentative conclusions’ can be drawn [117].
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Table 3.8: Inter-Annotator Agreement results for nominal, ordinal and interval data
types.

Coefficient Name Score
Nominal Level

Percent Agreement 84.25%

Ordinal Level
Cohen’s κ 0.626 ± 0.061
Krippendorff’s α 0.703 ± 0.061

Interval Level
Cohen’s κ 0.707 ± 0.087
Krippendorff’s α 0.730 ± 0.087

Similarly, the ordinal and interval weighted Cohen’s κ scores (0.626 and 0.707 re-
spectively) fall into the interpretation category of ‘substantial agreement’ (which
ranges from 0.61 to 0.80) [116].

Thus, the agreement recorded by the α and κ scores suggest that it can be tentatively
concluded (in line with Krippendorff’s guidance and phraseology) that the hypothesis
is supported (i.e., the single rater approach adopted for Q-D annotation per topic
does not invalidate the ENTRP-SRCH dataset).

3.11 EXP-5: JARGES Ranking and Recall with LM-generated
Synonyms

Newcomers to an organisation often struggle with unfamiliar internal vocabulary,
which can affect their ability to retrieve relevant information. Enterprise Search (ES)
systems frequently underperform when queries contain jargon or terminology that is
specific to the organisation. This experiment introduces ‘JARGES’, a novel feature
for detecting and decoding jargon for ES. It is designed to enhance a ranking model
combining Learning to Rank (LTR) and transformer-based synonym expansion.

This experiment was first published in Paper IV “JARGES: Detecting and Decoding
Jargon for Enterprise Search.” [227] and the associated code is available on GitHub.8.

• Hypothesis: The hypothesis is that the addition of the JARGES feature to
a baseline ranking model results in a statistically significant improvement of
ranking performance. To test this hypothesis, a quantitative evaluation of
the performance of an LTR ranking model with and without JARGES is con-
ducted. Additionally, a qualitative analysis of the decoded jargon terms via
their contextual synonyms is conducted.

• Baseline: Our baseline ES LTR ranking model is generated using eight features
as part of the ENTRP-SRCH dataset. These features include BM25, recency, doc-

8https://github.com/ColinDaly75/JARGES
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ument hits, linkrank and click-through rate and are described fully in Section
§3.2.

• Mechanism: A ninth feature, representing JARGES, is added to the dataset
to test its impact. Table 3.10 describes the hyperparameters used for the LTR
calculation. A/B test comparing the ranking performance for two models
generated and evaluated using the ENTRP-SRCH dataset. Before commencing
the A/B test, an A/A test is performed. Also known as a null test, the A/A
test is used to establish trust in our experimental platform. The null test
involves splitting the search requests into two pools, as in a regular A/B test,
but where B is identical to A. If the scripts to record search requests and
compute metrics from the logfiles are functioning consistently, a t-test would
be expected to prove that any difference in nDCG results is not statistically
significant [228]. The first model (A) incorporated eight features from our
base model, while the second (B) additionally included the JARGES feature.
In addition to the A/B test, a ‘leave-one-out’ ablation study is conducted to
evaluate the contribution of individual features. This method systematically
removes one feature at a time to measure its impact on the overall model
performance.

• Sufficiency of Data: The LTR-formatted ENTRP-SRCH dataset (2,544 human-
annotated Q-D pairs, for 20 of The University’s most queried topics) is used
to train, test and evaluate the ranking model.

• Domain Knowledge: A popular PDF document in the corpus is entitled ‘Jar-
gon Buster’ and describes 126 commonly used jargon terms within the institu-
tion. The file acts as an independent reference for assessing both the precision
and the comprehensiveness of the decoded jargon terms (i.e. synonyms)

• Limits: A potential limitation of the JARGES algorithm is its reliance on TF-
IDF score divergence between common terms and corpus-specific terms. A
situation can occur when the divergence is too small for detection, even where
a term is obviously jargon. Resolving this issue would require an alternative
algorithm that differentiates terms based on semantic meaning instead of TF-
IDF scoring.

• Expected Results: JARGES is designed to enhance a ranking model combining
Learning to Rank (LTR) and transformer-based synonym expansion. The
ranking model is evaluated using the ENTRP-SRCH dataset. A positive outcome
would be a statistically significant increase in nDCG scoring when JARGES
is applied.

The techniques to implement the JARGES algorithm are described in Section §3.11.1
, and the results of EXP-5 are presented in Section §3.11.2.

The experiments that have been described in this section (EXP-1 to EXP-5) are
designed address the first two research questions of this thesis (RQ-1 and RQ-2).
Chapter 4 will describe experiments that are designed primarily to address RQ-3.
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3.11.1 Implementation (EXP-5: JARGES Ranking and Recall with LM-
generated Synonyms)

This section outlines the methodology employed to create the JARGES feature, in-
tegration with an Apache Solr ES service, and the subsequent evaluation of the LTR
ranking model. The ranking model is trained and evaluated using the ENTRP-SRCH
dataset, and incorporates offline A/B testing to assess ranking performance.

JARGES. The JARGES algorithm is designed to detect and decode jargon. It
processes three input files and generates two output lists, as depicted in Figure 3.13.
These outputs are tailored to enhance distinct components of Enterprise Search
(ES):

• A ranked list of the organisation’s detected jargon terms, ordered by their
‘jargony’ score. This list serves as a ranking function for integration into an
LTR model.

• A list of synonyms for each decoded jargon term from within the organisation.
This output enables query expansion in the search engine, thereby improving
recall.

Figure 3.13: The three inputs for the JARGES algorithm, which outputs two lists
(for ranking and recall respectively).

In this study, the ENTRP-SRCH LTR dataset is used, which includes 2544 human-
annotated Q-D pairs of twenty most frequent queries of a large third-level education
institution. One popular PDF document in the corpus is entitled ‘jargon buster’
and describes 126 commonly used jargon terms within the institution. The full code
for the JARGES ranking and recall feature has been published to GitHub9.

Detection. The JARGES feature is centred on the relative unusualness of words,
such as those used in organisational jargon/terminology. Figure 3.14 is a demonstra-
tion of how JARGES works when applied to a real sentence in the organisation’s
corpus. Detection works by harnessing TF-IDF (Term Frequency, Inverse Docu-
ment Frequency). TF-IDF is a core NLP statistical technique and was chosen as it
is better at detecting semantic importance than raw word counts [229]. TF-IDF is
used to identify important (single and multi-word) terms in an enterprise corpus and

9https://github.com/colindaly75/JARGES
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compare their scores against general English frequencies. A substantial difference
between the two scores indicates that the term may be jargon.

Figure 3.14: An example of jargon / non-jargon classification by JARGES when
applied to a sentence in the corpus.

ES Corpus Vectorisation. The TfidfVectorizer Python library [230] is used to
convert a collection of raw text document into a matrix of TF-IDF features. It splits
and tokenises the document’s words into n-grams and then computes the TF-IDF
score for each n-gram in a document. The text is vectorised into a numerical matrix
where each row represents a document and each column represents a word’s TF-IDF
score.

Detecting Divergence. The challenge is to detect enterprise specific words,
phrases, expressions, and idioms that diverge from those universally familiar or
understood outside of the organisation. This divergence is measured by computing
the absolute difference in TF-IDF scores for the terms.

SpaCy is an open source Python NLP library for fast text processing that includes a
small, pre-trained statistical model for English called ‘en core web sm’. The model
is trained on web and news text data. SpaCy has been shown to work well for
standardised English (e.g., formal writing, news, technical documents). For this
reason, it is employed as our reference source of TF-IDF for common English.

Jargony. Moreover, the magnitude of the divergence between the common score
and the corpus score represents a measure of ‘jargony’ (i.e. how much jargon is likely
imbued in the term). For example, TfidfVectorizer computes the TF-IDF score of
the word ‘blackboard’ in common English (i.e. en core web sm) is X, whereas the
score recorded from the organisation corpus is Y. In the event where a term does
not occur in common English, but occurs frequently in the organisation’s corpus,
this too is treated as jargon (e.g., the ‘SCSS’ term shown in Table 3.9).

Refining the List. The size of the sorted list, which includes both the jargon term
and its corresponding jargony score, is determined by the min divergence parameter.
In the case of our corpus, this was set to be 15%, meaning that any jargon term
with a TF-IDF divergence smaller that this is discarded. This is the same as the
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Table 3.9: JARGES classification. The terms in purple font were successfully classified
as jargon.

Jargon
Term

Wikipedia-api Definition Meaning within Organisation

Blackboard A reusable writing surface on
which text or drawings are made
with sticks of calcium sulphate or
calcium carbonate, known, when
used for this purpose, as chalk.
Blackboards were originally made
of smooth, thin sheets of black or
dark grey slate stone.

Blackboard is an abbreviation
of ‘Blackboard Learn’, which is
the organisation’s Virtual Learn-
ing Environment (VLE). Stu-
dents can use Blackboard to ac-
cess lecture notes, online assign-
ments and other activities.

Atrium One of the two upper chambers
in the heart that receives blood
from the circulatory system. The
blood in the atria is pumped into
the heart ventricles through the
atrioventricular mitral and tricus-
pid heart valves.

Event space and meeting place in
the Dining Hall building which is
often used by student societies.

SCSS No definition. Initialism for ‘School of Com-
puter Science and Statiscics’.

Botany
Bay

An open oceanic embayment, lo-
cated in Sydney, New South
Wales, Australia

A residential square located be-
hind the Graduates’ Memorial
Building.

Hilary Hillary Diane Rodham Clinton
(née Rodham;[a] born October
26, 1947) is an American politi-
cian, lawyer and diplomat.

Hilary is the second of The Uni-
versity’s three annual semesters,
running from January to April.

threshold adopted in Belfathi’s study [201]. Moreover, on visual inspection, the
terms below this threshold did not intuitively appear jargon-like. This list is further
refined by filtering the jargon terms with those query terms previously submitted
to the search engine (this is the ES query history input shown in Figure 3.13). Two
years of ES log data included 62,044 unique query terms. The resultant list (named
refined-jargon-list.txt) consists of overlapping terms that are a) likely to be jargon
and b) have a history of being queried. For our corpus, the refined list consisted of
547 records.

Blind Spot. A key limitation of the JARGES algorithm is its reliance on TF-IDF
score divergence between common terms and corpus specific terms. A situation
can occur when the divergence is too small for detection, even where a term is
clearly jargon. For instance, as illustrated in the last row of Table 3.9, the jargon
term ‘Hilary’. The top Wikipedia-api definition presented changes the spelling from
Hilary to Hiliary (i.e. Clinton). The term Hilary exhibits comparable prominence
in both sources, thereby preventing its identification as jargon. Resolving this issue
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would require an alternative algorithm that differentiates terms based on semantic
meaning instead of TF-IDF scoring.

Decoding. In the decoding stage, the RoBERTa language model is adapted for
synonym generation by fine tuning it on the organisation’s corpus. RoBERTa is
used to predict plausible alternatives for the previously detected jargon terms. Syn-
onyms can enhance semantic search by enabling the system to recognise and retrieve
conceptually related terms beyond exact keyword matches.

The synonyms are output to a text file in a format that can be understood by the
search engine. A practical consideration for Apache Solr is that the more specific
terms should be listed in the file before general ones [14]. The synonyms are therefore
ordered by their jargony score (computed in the detection phase). To further pri-
oritise specific over more general synonyms, the Solr SynonymGraphFilterFactory
is used because it handles multi-term and large synonym sets more effectively than
the default SynonymFilterFactory. At query time, when a user enters a generic
term, the filter injects the corresponding jargon variants as additional clauses, while
the original (generic) term retains the highest weight. In other words, the aim is
to add jargon terms to non-jargon queries (i.e., generic → jargon), not to expand
jargon into generic vocabulary. This preserves the user’s intent, improves recall
over organisation-specific content, and avoids swamping results with overly broad
matches. The synonyms of the jargon query terms should align with the description
in the organisation’s ‘jargon buster’ PDF document.

JARGES LTR Ranking Model. Our ES LTR ranking model is generated using
eight features as part of the ENTRP-SRCH dataset (i.e., the same feature set used
in EXP-1). These features include BM25, recency, document hits, linkrank and
click-though rate and are described fully in [231]. A ninth feature, representing
JARGES is then added to the dataset to test its impact. Table 3.10 describes the
hyper-parameters and validation used for the LTR calculation.

Table 3.10: Hyperparameters used in the Learning to Rank experiment.
Parameter Value

Dataset ENTRP-SRCH
Algorithm GradientBoosting
n estimators 100
max depth 3
learning rate 0.1
rank nDCG
random state 42
n splits 5
num features 8 (9 incl. JARGES)
Validation method Cross-Validation (CV)
CV Folds 5
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3.11.2 Results (EXP-5: JARGES Ranking and Recall with LM-generated
Synonyms)

As described in Section §3.11, JARGES is a novel feature for detecting and decoding
jargon for ES. It is designed to enhance a ranking model combining LTR with LM
and transformer-based synonym expansion.

An A/B test was conducted to compare the ranking performance for two models
generated and evaluated using the ENTRP-SRCH dataset. The first model incorpo-
rated eight features from our base model, while the second additionally included the
JARGES feature. The ranking scores for both models are displayed in Table 3.11.
The results indicate no significant percentage change between the two.

Table 3.11: A/B test results for ranking models with the percentage change in nDCG
score after implementation of the JARGES feature.

Feature nDCG@10

Base LTR model 0.9646 ± 0.001
With JARGES 0.9639 ± 0.001
Percentage change 0.0007%

A ‘leave-one-out’ ablation study to evaluate the contribution of individual features
was also conducted. This method systematically removes one feature at a time to
measure its impact on the overall model performance. As shown in Figure 3.15,
removing the JARGES feature from the baseline model has a negligible effect on
ranking performance.

Both experiments showed that there is no statistically significant improvement for
nDCG@10 at the 5% level (p > 0.05). This is attributed to the ENTRP-SRCH dataset’s
limited query diversity (many of the queries are more topical rather than exploratory
in nature, as described in Section §3.4.2) and scarcity of jargon rich Query-Document
pairs, which deflated the performance score of the JARGES feature.

The ‘Jargon Buster’ PDF file acts as a independent reference for assessing both the
precision and the comprehensiveness of the decoded jargon terms (i.e. synonyms).
Of the 126 jargon terms defined in the PDF, 53 also appear in our generated list.
Furthermore, a cursory inspection of the synonyms generated for these terms appears
to reflect the correct semantic context. Some examples are shown in Table 3.12.

3.12 Validation
The experimental designs outlined in Section §3.6 include several intrinsic validation
checks for robustness, stability and generalisability. For example, EXP-3 and EXP-
4 work to assure the validity of the ENTRP-SRCH dataset. In this section, several
additional diverse validation checks are described.

3.12.1 Model

Overfitting can occur if a statistical model fits too closely against its training data
(including noise and irrelevant information). The model learns the noise, generates
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Figure 3.15: LTR ranking model performance with and without JARGES.

spurious correlations, and fits the training set too closely. The model is said to be
‘overfitted’ if it is unable to generalise well to new data. The best method to detect
overfit models is by testing the machine learning models on more data and with a
comprehensive representation of possible input data values and types. To facilitate
this, several validation methods are employed and compared.

• Basic Validation

• Holdout Validation

• Cross Validation

• Generalisation using new ‘real world’ data

Basic Validation The validation method generates a numerical estimate of the
difference in predicted and original responses (i.e. training error). A limitation of
this method is that it only approximates how well our model does on data used
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Table 3.12: Some examples of correctly decoded jargon terms via their contextual
synonyms generated by RoBERTa.

Jargon
Term

Synonyms Meaning per ‘Jargon Buster’

pav pavilion, pavilion bar Formally, the Pavilion Bar. The University’s
student bar, managed by the Sport Union,
located at the eastern end of College Park.

tangent climate entrepreneur-
ship, social data sci-
ence

The ideas workspace, providing courses and
events centred on business and innovation.

forum cafe, restaurant College-operated eatery located in the Busi-
ness School. Here you’ll find hot and cold
lunch offerings, barista coffee, and - often -
pop-ups run by local businesses.

to train it. Validation does not indicate how well the model will generalise to an
independent/ unseen data set. The typical 80–20 rule of splitting data into training
and validation can be vulnerable to accidentally ending up in a perfect split that
misleadingly boosts model accuracy. A high error rate during the model accuracy
test may indicate overfitting.

Holdout method The shortcomings of Basic Validation can be overcome by re-
moving a part of the training data and using it to get predictions from the model
trained on the rest of the data. The error estimation then tells how our model is do-
ing on ‘unseen data’. Although this method does not take any overhead to compute
and is better than basic validation, it still suffers from issues of high variance. It is
unsure which data points will end up in the validation set, and the result might be
entirely different for different sets.

Cross Validation Since our ENTRP-SRCH ES dataset is relatively small (in com-
parison to WS datasets), there is a limit to the size of the holdout partition. If the
holdout data is sizeable, it may reduce the effectiveness of the training and validation
sets. The CV method allows us to repeatedly and randomly split the dataset into
training, validation, and holdout partitions. The CV method involves partitioning
the dataset into K equally sized subsets or sample sets called ‘folds’. The training
process consists of a series of iterations. During each iteration, the steps are:

• Keep one subset as the validation data and train the machine learning model
on the remaining K-1 subsets.

• Observe how the model performs on the validation sample.

• Score model performance based on output data quality.

After the last iteration, the model is finally retrained on the complete dataset using
the optimisation learned from CV (hence ensuring efficient use of the limited Q-D
pairs).
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Generalisation using new ‘real world’ data While validation asks the question
“am I building the model correctly?” during training , generalisation asks “does
my model work in the real world?” during the post-deployment phase. As the
validation metrics (i.e., CV scores) are high, the model is likely to generalise well.
Generalisation using new/unseen data, and the related concept of domain transfer
are discussed in Chapter 5.

3.12.2 Size of Dataset

There are many factors that determine the minimum size of a dataset, not least of
which is the purpose for which the dataset was designed. The more complex the
underlying relationship between the variables, the more data would be needed to
estimate it. Additionally, the more noise corrupting the data, the more data one
is likely to need to average out the effects of the noise. The greater the size of the
dataset, the less likely overfitting (see Section § 3.12.1) will be a problem for the
subsequent model generated using the dataset.

Learning curve graphs can be employed to estimate the required size of a dataset.
As the dataset size increases, the performance initially increases until the model
saturates. The minimum sufficient dataset size occurs when adding more data does
not significantly improve performance. When the model performance saturates, it
can be assumed that the general population and the training dataset now have
similar underlying distributions. Thus, the cost of further computation and storage
has diminishing rewards.

Figure 3.16: Impact of dataset size on ranking performance. The ranking perfor-
mance, as measured by the average nDCG@k score (where k = 1,3,5,10 and 20) on
the y-axis, is seen to plateau after the first 1000 training Q-D pairs (x-axis).

Figure 3.16 is a learning curve that plots nDCG performance for various training
dataset sizes. The plot shows the ranking performance growing rapidly and then
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reaching a plateau. As the size of training data (number of Q-D pairs) increases,
the ranking performance improves following a power law. But, after about 1000
Q-D pairs, the ranking performance plateaus (based on visual inspection). While
the curve initially exhibits some turbulence, it is seen to ‘smoothen’ with increasing
Q-D pairs. This would suggest that the size of ENTRP-SRCH dataset (2554 Q-D pairs)
is more than sufficient for the given ranking task in EXP-1, and is not a limiting
factor. For reproducibility purposes, the code used to generate this plot is available
online 10. The sizing study is conducted as an auxiliary experiment and described
below.

• Hypothesis: The null hypothesis is that, there is no requirement to further
expand or otherwise adjust the ENTRP-SRCH dataset, for the purpose of ranking
the most frequently queried (‘fat head’) topics. The alternate hypothesis is
that a bigger dataset would lead to improved ranking performance.

• Baseline: A learning curve that plots nDCG performance for various training
dataset sizes. The plot is designed to estimate the dataset size required for a
target performance value. The plot shows the ranking performance growing
according to a power law and then reaching a plateau.

• Mechanism: Learning curve graphs can be employed to estimate the required
size of a dataset (for a given task).

• Sufficiency of Data: As training data size (the number of Q-D pairs) increases,
the ranking performance improves following a power law. But, after about
1000 Q-D pairs, the ranking performance plateaus.

• Domain Knowledge: For this experiment, there is little requirement for any
knowledge of the domain of ES. The knowledge is intrinsic to the dataset.

• Limits: The assumption is that the task for which the dataset is employed is to
optimise ranking for the most frequently queried terms (e.g., EXP-1, EXP-2).
This does not include EXP-5, which assumes a very different task (ranking
jargon terms). Apart from this, overfitting can occur if a statistical model fits
exactly against its training data (including noise and irrelevant information).
The sizing experiments assume validation is undertaken as a pre-requisite.

• Results versus Expected Results: As the dataset size increases, the perfor-
mance initially increases until the model saturates. The minimum sufficient
dataset size occurs when adding more data does not significantly improve per-
formance. When the model performance saturates, it can be assumed that
the general population and the training dataset now have similar underlying
distributions. Figure 3.16 shows that the experimental results closely match
these expectations.

10https://github.com/ColinDaly75/LTR-dataset-sizing-ES
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3.13 Conclusions
This chapter has explored the application of AI methods, specifically LTR and LM,
in the context of ranking search results for ES. The research questions addressed
are RQ-1 (To what extent can Learning to Rank improve relevance matching and
ranking performance of search results for Enterprise Search?) and RQ-2 (To what
extent can Language Modelling address vocabulary mismatch by improving semantic
matching for Enterprise Search?).

The primary objectives were to evaluate whether these AI methods offer measurable
improvements over traditional ranking methods such as BM25 and field boosting
(OBJ-1 and OBJ-2). Through a series of structured experiments, the effectiveness
of these methods was assessed using the nDCG and MAP ranking performance
metrics.

The results of EXP-1 demonstrate that the LTR-based ranking approach outper-
forms traditional methods, achieving higher nDCG scores at various cutoff points
(e.g., nDCG@3, nDCG@5, nDCG@10). The ablation study in EXP-2 revealed that
BM25 and field boosting remained strong contributors to ranking effectiveness, un-
derscoring the importance of combining traditional ranking functions with AI-driven
approaches. Surprisingly, the recency feature (i.e., how recent is the document’s cre-
ation or modification timestamp) contributed little to the LTR model. This may be
because many ES documents do not have any ascertainable timestamp. Documents
with extensions such as TXT or CSV do not have built-in metadata for a creation
date. In these cases, the median value was imputed for the document and stored in
the Solr index. The median was chosen as it represents the central tendency and
is less sensitive to outliers than the mean. The imputations may have the effect of
diluting the contribution of the recency feature.

The findings of EXP-3 indicate that utilising CTR data, as a surrogate for human
relevance judgments in LTR models is a valid approach, but introduces potential
biases related to organisational and position effects. Notably, this finding means
that a dataset could be created, based on CTR data, that is sufficiently diverse
and large enough to carry out diverse ranking tasks (i.e. capture the nuances of
enterprise specific terminology).

The IAA experiment (EXP-4) revealed that while human relevance judgments exhib-
ited moderate agreement levels, variability among annotators highlighted subjective
differences in document assessment. This underscores the need for diverse annotator
perspectives or alternative feedback mechanisms, such as implicit user interactions,
to enhance the reliability of training data for LTR models in ES. The decision to
depend on a single judge, even if they are a recognised subject matter expect, to
award annotations for a topic or subject area was questionable. A better approach
would have been to seek out two judges, each willing to participate and annotate for
their topic. This IAA test is a validation experiment; it was introduced latterly to
confirm the integrity of the ENTRP-SRCH dataset in spite of this single-rater-per-topic
limitation.

EXP-5 was designed to address OBJ-3. It showed, however, that the JARGES fea-
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ture yielded no significant quantitative improvement over the baseline ranking per-
formance (nDCG@10 = 0.964, ∆ = 0.001, p> 0.05). This failure is likely due to the
dataset’s lack of jargon-rich pairs and highlights the need for larger ES datasets de-
rived from diverse, real world click-through data or other implicit feedback to detect
subtle ranking signals. Had the ENTRP-SRCH dataset been designed with more queries
(perhaps traded against having fewer judgments per query), it is suspected that the
experiment would have proved a quantitative improvement in ranking scores. The
qualitative analysis of the generated synonyms (using the ‘Jargon Buster’ reference
file) reveals promising results for recall as a foundation for semantic search.

Despite these general quantitative and qualitative improvements, the adoption of
AI-based ranking methods introduces additional complexities. The implementation
effort required for training, feature engineering, and maintaining LTR models ne-
cessitates expertise in machine learning, relevance tuning, and statistical analysis.
Moreover, while the AI-enhanced ranking model provides clear advantages in preci-
sion and recall, its real-world applicability must be weighed against the availability
of organisational resources and the need for periodic retraining.

In summary, this chapter provides quantitive evidence supporting the use of LTR
(research contribution RC-1) for ES search result ranking. In terms of LM and NLP,
the JARGES algorithm exhibited some promising qualitative results which partially
address the ‘recall’ element of RC-5. However, organisations considering these AI
methods should carefully evaluate the trade-offs between performance improvements
and the associated implementation complexity. Future research may focus on further
expanding the dataset using CTR data, whilst mitigating both organisational and
position bias in implicit feedback annotations.

The conclusions and observations drawn from the ranking of search results cannot be
examined in isolation from those of QAC candidate ranking (described in Chapter
4). Hence, a detailed and holistic synthesis of the experiments and associated results
will be undertaken and discussed in Chapter 5.
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4
RANKING OF QUERY

AUTO-COMPLETIONS

4.1 Introduction
Whereas Chapter 3 explored the role of AI methods in the ranking of ES Search
Results (RQ-1, RQ-2), this chapter examines the ranking of Query Auto-Completions
( RQ-3, and RQ-2). QAC is an important aspect of any search service, but it is of
particular importance to the field of Enterprise Search for the following reasons:

• Query Auto-Completions (QAC) prompts query reformulation which helps
users avoid submitting queries that produce no results (a potentially common
occurrence, as an ES corpus is small compared to those used by commercial
WS engines) [6].

• QAC for ES can educate new staff members about the range of selections
available to them and assist in narrowing that selection even before the user
has finished typing a query. Contextual suggestions can steer searchers to use
the appropriate and official organisational jargon/terminology.

• Users of Google’s WS service have collectively ‘saved over 200 years of typing
time per day’ [22]. But, unlike WS, searches on an ES service are usually un-
dertaken by ‘knowledge workers’ attempting to carry out a specific work task.
Any delay in retrieving the desired information or document has a monetary
cost for an organisation.

• QAC is said to reduce keystrokes by 50% for WS users [125]. For ES, QAC
also has the potential to assist disabled personnel in matters of keyboard
accessibility and ease of use.

As is the case with the ranking of ES Search Results, any poor user experience with
QAC can be a source of frustration that could lead to negative feelings toward the
service and organisation [42,52,53].

This chapter addresses the question as to what extent LTR and LM methods can be
used to improve the ranking of candidates generated for Query Auto-Complete for
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ES-specific content (RQ-3) and an organisation’s specialised language and jargon
(RQ-2). The objectives are to develop and evaluate a ranking model for the pre-
sentation of QAC candidates that is customised for enterprise content (OBJ-4) and
associated specialised jargon/terminology (OBJ-3). To this end, aspects of QAC
ranking performance on The University’s ES service (using a combination of offline
and online experiments) are developed, deployed, base-lined and evaluated.

Structurally, this chapter adopts the same section headings as Chapter 3. It starts
with an examination of the various signals used by the traditional (non-AI) approach
(§4.2). As the quantity and diversity of the signals grow (§4.3), LTR is used to
apportion ‘importance’ to each (§4.4). LM is then applied in the form of the newly
developed ‘QACES’ feature (described in Section §4.5), which is used to detect and
uprank organisational jargon/terminology. The experiments are as follows:

• EXP-6: Compares QAC ranking performance of traditional and AI approaches.

• EXP-7: An ablation (leave-one-out) study to discover relative contributions
of each QAC ranking feature.

• EXP-8: Determines whether the QACES LM detection feature can uprank
jargon/terminology candidates.

Each experiment is systematically described and, wherever possible, carried out both
on an ES and a WS dataset (§4.6). Implementation details and challenges (both
experimental and organisational) are described in Section §4.7.1, §4.8.1 and §4.9.1.
The results of the experiments are presented and tabulated toward the end this
chapter in Sections §4.7.2, §4.8.2, and §4.9.2. Finally, to ensure the experiments are
rigorous and the results robust, several validation checks are reported out in Section
§4.10.

An integrated synthesis, framing and reflection of these results (from both this
chapter and Chapter 3) will be discussed in Chapter 5.

4.2 Traditional Ranking
As outlined in Section §2.3.2, Google incorporated QAC into its search engine in
2008. Search engines began incorporating LTR in the mid-2000s. Word embeddings
(e.g., Word2Vec) did not come to prominence until 2014. Google’s Transformer
breakthrough for Language Modelling was in 2017 [232]. Considering these timelines,
the question arises as to how ranking performed before the advent of AI. Hence,
before evaluating the impact of the AI ranking approach for QAC, an experiment is
conducted to analyse how QAC ranking can perform using traditional and heuristic
(non-AI) ranking functions for an ES service.

Establishing an initial (minimum) baseline using traditional ranking functions also
informs the discussion of whether state-of-the-art AI ranking approaches are ‘worth
the effort’ in the domain of ES (where search may not be at the core of the business,
and organisational resources and skills may be limited).
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Traditional QAC ranking functions are based on corpus content or users’ collective
search history. Two common traditional functions are ranking by a) term frequency
and b) query frequency.

4.2.1 Ranking by Term Frequency

In the context of QAC, Term Frequency (TF) is the number of times an indexed
term containing the prefix appears in the corpus. The assumption is that a higher
TF value signals higher candidate relevance for a given prefix.

A TF value can be computed for all fields (combined) within a corpus or, at a more
granular level, it can be scored for individual fields. For example, a corpus may have
fields such as title, footer, content, path, anchor text, etc.

Unlike WS, however, the effectiveness of Term Frequency as a relevance signal may
be reduced in the domain of ES. This is because, within an ES corpus, many words
appear multiple times as part of branding within the header, title, or footer fields.
For example, the name of The University, the university’s maxim, address, contact
details, etc, may appear on almost all pages or documents in an ES corpus. This
repetition may be part of The University’s consistent branding policy but has the
impact of diluting the originality (i.e. reducing the relevance) of the term.

In Chapter 3, TF-IDF and BM25 were used to overcome this limitation when ranking
Search Results (which is a document retrieval task). The IDF element of TF-IDF is a
measure of how common or rare a term is across all documents in the corpus. A term
that appears in many documents has a lower IDF, indicating that it is more common
(i.e. less original). However, the concept of assigning a weight to words that are
more unique and relevant to specific documents rather than those common across all
documents is founded on Query Document (Q-D) pairs. Unfortunately, since QAC is
based on Prefix-Candidate(P-C) pairs, no individual document is considered. Hence,
neither TF-IDF nor BM25 is applicable to the field of QAC. TF, when used alone,
is unlikely to rank QAC candidates in a sequence that matches users’ intent.

4.2.2 Ranking by Query Frequency

Whereas TF relates to counting the number of occurrences of a term in the corpus,
Query Frequency is about mining the query logs for previously submitted terms
and counting their frequency. With the Query Frequency ranking function, more
frequent queries appear higher in the suggestion list.

As described in Section §2.3.7, Most Frequent Queries (MFQ) [130] is a sorted list of
historical queries representing the topics or keywords searched for most frequently
by the user community and simply ranks the most frequent suggestions matching the
input prefix. MFQ consists of a table of queries with their frequency of occurrence
extracted from the query logs and can be applied as a ranking feature. Chapter 3
also documents how the MFQ list can be easily extracted from the University’s log
data, and how it can be used produce a search demand curve.

The accumulated Search history (i.e. of all users collectively) is said to be a likely
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indicator of current search intent [131]. Hence, even when used alone as a ranking
signal, MFQ is likely to closely rank QAC candidates in a sequence that matches
users’ intent.

In EXP-6, the traditional QAC ranking methods described above will act as a non-
AI baseline for ranking performance. This will then be compared to the results
obtained using an AI-based approach on The University’s ES service.

4.3 Other Hand-Crafted Ranking functions
In addition to the traditional ranking functions above, a number of other functions
can be created to rank the completions. The list of ranking functions below can
be described as ‘heuristic’ because they are carefully hand-crafted based on domain
knowledge, known user behaviour, empirical observations, predefined criteria and
information retrieval principles. These ranking functions do not employ complex
statistical models or machine learning algorithms. The contribution of each of the
functions described below will measured in EXP-7.

• aolFeature This ranking function is generated from a list of pertinent queries
extracted from the AOL WS dataset (20 million search queries from about
650,000 users collected between May and July 2006). It is a table of queries
with their frequency of occurrence extracted from the AOL dataset. An exam-
ple is “music downloads 517”, which tells us that the query ‘music downloads’
has been submitted to the AOL search engine 517 times. To use this feature in
ES, the WS list must be filtered to offer only ‘sensical’ candidates. Hence, the
usable list for The University’s dataset is filtered down to just 1740 matching
candidates, which is 0.009% of the AOL total. This highlights how the AOL
WS queries differ markedly from the types of query expected for ES, which
are of a much narrower focus, as shown in Table 4.1.

Table 4.1: The top 10 most popular query terms for the 2006 AOL WS compared with
The University’s ES query history. The two columns contain entirely distinct sets of

terms.
Rank AOL Web Search Enterprise Search

1 google scholarship
2 ebay fees
3 yahoo library
4 mapquest phd
5 yahoo.com medicine
6 google.com psychology
7 myspace.com erasmus
8 internet courses
9 myspace vacancies
10 www.google.com law

• trendingFeature. This ranking function incorporates trending queries within
an enterprise, helping users stay updated with searched topics that are both
recent and common. These queries can potentially uncover useful information
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such as ‘what are our ES users collectively working on, curious about and
thinking about today’. A trending query is a search term or keyword phrase
that is currently experiencing a significant increase in search volume over a
short period of time (as described in Section §2.3.8). This sudden rise in
interest may be due to breaking news, recent events, or seasonal changes. To
measure an abnormal spike, one must first determine what a normal baseline
volume would be. This type of calculation lends itself to z-scores (To measure
an abnormal spike, one must first determine what a normal baseline volume
would be. This type of calculation lends itself to z-scores (i.e. quantifying how
far an observation deviates from the baseline mean [233]). In this case, the
burst of popularity against the backdrop of the historical average (including
its standard deviation) is computed. This feature consists of a table of queries
with their computed z-score. A higher z-score indicates that the query is
more ‘trending’. Using The University’s ES data, an interesting example is
“erasmus 24.9”. The ‘erasmus’ query, with a z-score of 24.9, is a student
exchange program, which allows students to study, intern, or train in another
EU country for a certain period. Applications open for Erasmus at certain
times during the academic year, and this might explain any temporary surges
in query volume for this topic. The code used to compute z-scores for trending
queries is published on github11.

• anchorTextFeature. The ‘anchorText’ is the link label that content providers
use to describe a document. This feature was generated using the LinkRank
algorithm (similar to Google’s PageRank) as described in Section §2.2.5. In
the field of Web Search, this feature can be expected to have a high weighting
coefficient as it tags meaningful descriptive text and adds context to a docu-
ment. In ES, LinkRank may be less effective, as many documents are created
without publishing intent (e.g., MS Word documents placed on an intranet
drive). This feature consists of a table of terms with their frequency of occur-
rence. An example is “research support system 24”, which tells us that the
phrase ‘research support system’ is encoded into anchors 24 times in The Uni-
versity’s corpus (these anchors originally pointed to a specific page or group
of pages). Considerable filtering was required to remove non-descriptive terms
and repetitive labels such as ‘Next page’, ‘Previous Page’, ‘Home’, etc.

• titleFeature. This term frequency ranking function uses a list of QAC can-
didates with their corresponding frequency retrieved from the field of The
University’s enterprise corpus. An example is ”communication 333”, which
tells us that the term ‘communication’ occurs 333 times in the title field.

• contentFeature. This term frequency ranking function uses a list of candidates
with their corresponding frequency retrieved from the content field of the en-
terprise’s corpus. The ranking is derived from the sorting of the frequency
value.

• pathFeature. This term frequency ranking function is based on terms extracted
from the path part of the URL or shared drive path field in the corpus. The
path part of a URL or drive path potentially contains a rich source of QAC

11https://github.com/ColinDaly75/QAC_LTR_for_ES

135

https://github.com/ColinDaly75/QAC_LTR_for_ES


completions, as shown in Table 4.2. To extract terms and n-gram phrases
from the URL field, LM and NLP techniques are used. The NLTK (Natu-
ral Language Toolkit) and spaCy library are used to tokenise the text. The
CountVectorizer utility from sklearn is then used to extract n-grams from the
path12. Table 4.2 gives an example of how one URL can be ‘mined’ to reveal
many rich terms and n-gram phrases for use with QAC. The hierarchical and
departmentalised nature of an enterprise means that there is likely be a higher
TF score for a top level sub-directory.

Table 4.2: Extracting Terms from URL or Shared Drive Path.
URL Path Segment Recognized Search Terms

Full Path: /itservices/skills-development/online-learning/linkedin-learning

/itservices/ it, services, itservices, it services
/skills-development/ skills, development, skills development
/online-learning/ online, learning, online learning, on line learning
/linkedin-learning/ linked, in, linkedin, learning, linked in,

linkedin learning, linked in learning

4.4 Learning to Rank
As described in Section §2.4, layering more and more ranking functions has the
inherent problem that it is very difficult and eventually impossible to apportion the
‘correct’ weighting to each function. For example, it was noted that the TF ranking
function can be computed at a granular level for individual fields. This raises the
question as to what importance should be assigned to each field. The importance of
the anchor-text field likely outweighs that of the content field, but by what margin?
The LTR AI supervised ML method answers these questions by apportioning a
‘weight’ to the contribution of each of the ranking functions (or ‘features’, as they
are referred to when using LTR).

XGboost is an open-source Python LTR framework [37] based on ensembles of de-
cision trees and is employed to train the model and determine the ranking perfor-
mance. It can also calculate each feature’s contribution (e.g., via MAP or MRR) to
the overall ranking efficiency. RankEval [38, 234] is employed to cross-verify MRR
performance scores and validate weightings.

The coming sections (§4.4.1 to §4.4.4) describe how logging is configured to capture
users’ autocomplete session behaviour, and how this collective historical behaviour
is then converted into a QAC dataset, which is used to train a baseline ranking
model using LTR-weighted features.

4.4.1 LTR Ground Truth

LTR is the application of machine learning techniques to labelled data to train a
ranking model (i.e. supervised learning). Ground truth consisting of a labelled

12https://github.com/ColinDaly75/LM_N-Gram_TF_Extraction
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Figure 4.1: The typed “aca” prefix presents a list of completion choices via a ranked
list of prefix-candidate pairs. Candidates are generated from various sources/fea-
tures, each of which is ‘weighted’ using LTR.

dataset is therefore required. Each input (prefix, P) is paired with a correct output
(candidate, C ) to create P-C pairs. Each prefix is likely to have many potential
candidates.

But neither TF nor MFQ can be used as ground truth as they rank candidates
independently of the prefix. In other words, TF and MFQ are signals of candidate
importance that are ascertained regardless of the typed prefix.

As described in Section §2.3.7. the Most Popular Completions (MPC) [235] ranking
function overcomes this limitation by matching completion candidates based on user
preference for a particular prefix. MPC is thus a prefix-dependent ranking signal.

MPC is also more sophisticated than TF and MFQ because it depends on user
interaction data. The system records which completed query candidate users select
after typing a particular prefix. MPC is not computed by a predictive model; it is
derived directly from Solr’s query and click logs, which capture the frequency with
which users choose each completion following a given prefix.

A less practical alternative to a click model would be to ask a group of annotators
to explicitly judge prefix-candidate pairs. This is generally considered an impossible
task [6], as annotators cannot be expected to guess or estimate which candidates
are best suited for prefixes of various lengths. Relevance judgements in the form of
annotated query-document pairs are typically required to train a ranking model for
documents on the Search Engine Results Page (SERP) [98, 136]. QAC researchers
rarely rely on the same editorial effort to annotate prefix-candidate pairs manu-
ally. More often, QAC relies on collecting large-scale historical data, such as MPC,
for QAC tasks [131]. Previously recorded behaviour and queries provide helpful
information for any user’s intent and can be leveraged to suggest more relevant
completions while adhering to the user’s prefix [130].
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In terms of implementation MPC presents some challenges (as described in Section
§4.7.1), but it is typically considered the gold standard of historical relevance [25,
235]. Yossef et al. claim that MPC carries ‘the wisdom of the crowds’ [236] and
can be regarded as an approximate maximum likelihood estimator [25, 130]. MPC
is thus considered a credible proxy for ground truth in QAC LTR datasets.

The QAC dataset for the LTR AI method is therefore based on MPC data created
from The University’s ES log files using a click model. The process is described in
the next section.

4.4.2 Log Collection for QAC

QAC session data can be visualised as consisting of two dimensions. The horizontal
dimension consists of prefix keystrokes. The vertical dimension consists of candi-
date drop-down selection. According to Li [237], collection of this 2-D session data
constitutes a ‘high-resolution QAC log’.

By default, the log files on the Apache Solr Enterprise Search platform [14] only
collect submitted queries. To enable detailed capture of users’ session behaviour (and
MPC data), the Solr log4j module13 is modified to record the suggestion candidates
for a prefix, the selected candidate (if any), and finally, the submitted query. Table
4.3 lists the recorded parameters for each query session. This high-resolution QAC
log approach mirrors that used by Google and Yahoo [25].

Table 4.3: QAC session logging parameters to capture suggestion candidates for a
prefix, record the user’s selection, and the submitted query.

Parameter ES QAC Dataset Example
user id (anon) qtp1209411469-21
session id 33418 (rid)
timestamp 2024-01-14 16:25:37.697
prefix “aca”
top suggestion candi-
dates (by MFQ)

academic registry, academic calendar, academic year struc-
ture, academic registry fees, academic year, academic prac-
tice, academic resources

user selection “academic registry”
submitted query “academic registry”

The QAC session commences when the first letter is typed into the search box.
At this point, the session id is allocated and the timestamp recorded. The auto-
complete minChars is set to ‘2’; this means that QAC candidates are presented
and recorded only after the second letter is typed. This setting was chosen to
avoid placing an excessive demand on the Apache Solr framework. For example,
in The University’s ES corpus, there are 94226 completion candidates starting with
the letter ‘a’, ‘ac’ has 12180 completion candidates and ‘aca’ has 2193 completion
candidates.

13https://cwiki.apache.org/confluence/display/solr/SolrLogging, accessed 16th Jan
2024
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User identification is anonymised in accordance with the approval restrictions granted
during the research ethics process (Section §1.4.4 and Appendix C). Similarly, no
IP address information is gathered in the search log files. The timestamp is gath-
ered to identify timed-out sessions. Based on knowledge (estimation) of typical user
behaviour, the timeout has been set at 60 seconds.

The session ends when:

• the user selects one of the presented QAC candidates, or

• the user clicks the ‘submit’ button, or

• the user hits return (equivalent to clicking submit), or

• the timeout is exceeded (session fragment is ignored and no valid QAC session
is recorded)

This enhanced logging, together with offline scripts to extract and shape the MPC
prefix-candidate pairs into tabular form, are the constituent parts of my basic ‘click
model’. This method is similar to that carried out in Chapter 3 where another basic
click model (’click-through’) was used to record and annotate end-user Q-D pair
preferences for Search Results.

The enhanced logging for QAC has no discernible impact on the responsiveness or
latency of The University’s live ES service. Storage was added to the back-end Linux
servers to host both the enhanced logging file size and extended file retention.

4.4.3 QAC Dataset construction

MPC consists of user preference data (extracted above) for P-C pairs. Enumerated
annotations {1-5} are allocated to the candidates for a given prefix, representing
{utterly irrelevant, irrelevant, moderately relevant, relevant, highly relevant}. The
annotation scores are computed as a percentile of the MPC score. The scores are
therefore normally distributed with an approximately equal number of each for a
given prefix. Figure 4.2 shows an example extract of The University’s QAC dataset
for a single prefix, which has been formatted for use with the XGBoost [37] or
RankLib [238] LTR framework. The first column in the dataset is the so-called
‘relevance label’ [31]. The second is the prefix id (pid). Some LTR frameworks
require this to be called qid (query id, which reflects that LTR is historically and
primarily used for training Q-D pairs). Columns three to eleven are the feature
vectors. Each feature value is proceeded by a feature number and a colon. For
example, in the first row, “9:12” means that the ninth feature has a value of 12.
This means that the candidate term ‘open day’ occurs twelve times within URLs
within the corpus.

The candidate must contain (i.e. start with) the prefix string. Each feature is
necessarily based on the candidate (the prefix itself may have no meaning). This
differs from feature classification in the domain of search results, which can have
both query dependent and query independent features (§2.4.6).
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Figure 4.2: An extract of The University’s LTR-formatted dataset including a
sample of the prefix-candidate pairs for the “open” prefix (id 1055). Each candidate
has an associated judgement for a particular prefix (generated using MPC). Columns
labelled 1:n to 9:n represent an array of nine feature vectors representing MFQ,
Anchor TF and other ranking functions described in Section §4.3.

The dataset’s creation was subject to approval by both an ethics committee and The
University’s IT Services department. A condition was that personal data (and meta-
data) should be anonymized or pseudorandomized to protect individuals’ identities
(GDPR Article 25). It is based on log data collected over six months between June
and December 2024. This period recorded 902,412 prefix-candidate pairs. This is
relatively small compared to the AOL WS dataset (17,521,031 P-C pairs, collected
over the course of one month). Therefore, in Section §4.10, a learning curve graph
is used to validate the data quantity gathered over this time period to ensure that
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The University’s QAC training dataset is sufficiently sized.

4.4.4 LTR Model

At this point, the LTR-formatted ES QAC dataset has been created and is ready to
be used to generate a QAC ranking model. The ranking model is generated using
the XGBoost (Extreme Gradient Boosting) implementation of the LambdaMART
list-wise ranking algorithm. As outlined in Section §2.4.9, a list-wise loss function
examines the entire ranked list rather than individual pairs or items. Table 4.4 lists
the hyperparameters used.

Table 4.4: Hyperparameter settings used to evaluate ranking performance for the
Learning to Rank ranking method.

Parameter Value

Algorithm LambdaMark
Framework XGBoost
max depth 10
rank MAP
num round 10
eta 0.5
Validation method Cross-Validation (CV)
CV Folds 5

The LambdaMART algorithm uses gradient boosting to build an ensemble of de-
cision trees. With each new tree, it improves the ranking by reducing errors in
previous predictions. LambdaMART optimizes list-wise ranking measures, making
it well-suited for tasks where the position of the first matching item in a ranked list
is of prime importance (as is the case for QAC).

XGBoost is a highly efficient and scalable implementation of the Gradient Boost-
ing (GB) ML algorithm, widely used for supervised learning tasks. The XGBoost
‘max depth’ parameter is the maximum depth of the GB tree.

The learning rate (designated by ‘eta’) is set to 0.5. A higher value for eta results
in higher computation speed, but would require a higher num round value. Since
this is an offline experiment for computing feature weights, it was not necessary to
use a high value.

As discussed in Section §2.3.10, MRR is accepted as the de facto metric for measuring
QAC ranking. However, for determining LTR feature weights, the MAP or nDCG
metrics are generally used. Moreover, some LTR frameworks (like RankLib [238]) do
not natively include MRR as an evaluation metric, requiring manual implementa-
tion. Hence, MAP enables cross-comparison between weights derived from different
LTR frameworks.

In this section, the background methodology to create a dataset for use with the
LTR frameworks has been described. These methods are used in Section §4.6 where
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a series of LTR experiments are described. The resultant weightings output by the
LTR model are described in Section §4.7.1.

The next section similarly describes the background methodology for the use of
language modelling in enterprise search.

4.5 Language Modelling for ES Jargon
As discussed in Section §2.1.8, ES content is often imbued with organisational termi-
nology/jargon (i.e., words, phrases, expressions, and idioms that are not universally
familiar or have different meanings inside and outside of an organisation). To ad-
dress this, a QAC ranking feature explicitly designed for ES is introduced. This
feature, which harnesses both LLM and LM techniques, is centred on the relative
unusualness of words, such as those used in organisational jargon/terminology.

4.5.1 QACES LLM feature for ES

The task of detecting enterprise jargon/terminology terms depends on comparing
semantic divergence. I call this feature ‘QACES’ (Query Auto-Complete for Enter-
prise Search). It is computed using the synonyms of terms in the real world and the
closest terms in an enterprise corpus. Where these differ significantly, the term is
considered jargon. Once the jargon terms have been detected, they can be used as
a feature in the ranking model.

Whereas JARGES (described in Section §3.5) focuses on improving the ranking
of search results through the detection and interpretation of organisation-specific
terminology, QACES addresses a distinct problem: the generation and ranking of
query auto-completion candidates during user input.

Table 4.5 outlines the interacting LLM and LM components of the QACES feature.
The first step is to use LLM to identify synonyms (i.e. nearest terms) in the real
world of the most common query terms in The University’s search logs. The next
step is to use LM (via corpus vectorisation) to identify the within-corpus synonyms
of these same terms. The two lists are then compared to discover discrepancies.

Extracting LLM near-synonyms LLMs are trained on enormous datasets con-
taining vast amounts of text from diverse sources. The near-synonyms extracted
from an LLM model are therefore assumed to represent common parlance.

OpenAI’s GPT-4 model [36] includes an API called ‘client.chat.completions.create’.
This is used to produce a list of ten English language ‘LLM nearest’ terms for
each query in the ‘fat head’ zone of The University’s Search Curve (this is the
second column of Table 4.5). A potential alternative tool to GPT-4 would have been
WordNet [239]. WordNet was not used because frequency data are not independently
available, making it impossible to determine the nearest terms.

The API was used to generate the near-synonyms (as opposed to using the graphical
interface). This prevents data leaking [240] which could feed back into the GPT-
4 model. The temperature parameter was set to both 0.5 and 1.0 (changing this
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parameter did not significantly modify the list of nearest terms). The prompt was
“create a flat, json-formatted, sorted, unnumbered list of the top 10 nearest (se-
mantically) words or phrases for each of the words in the following array”. One of
the strengths of GPT-4 is that it is conversational in nature, and does not tend to
repeat itself. For this reason, the prompt was very specific. A factual inquiry about
top ten near-synonyms, as measured by frequency in the LLM model, would not be
expected to fluctuate. Nonetheless, it was a struggle to achieve repeatable lists of
near-synonyms on each run. The detailed wording of the prompt was necessary to
achieve repeatable results. The output array included near-synonyms for all of the
query terms in the ‘fat head’ of The University’s Search Demand Curve.

Extracting near-synonyms using ES Corpus Vectorisation Word embed-
dings represent terms as dense vectors where similar words are closer together in
vector space. Word2Vec [34] is used to learn representations based on their contex-
tual usage in the ES corpus. This produces word and phrase vectors where vectors
close together in vector space have similar meanings based on context. This becomes
a list of ‘Corpus Nearest’ terms for each query in the ‘fat head’ zone of the Search
Curve (this is the third column of Table 4.5).

Table 4.5: A comparison of the top synonyms for two examples of ‘fat head’ queries.
The ‘Divergent Terms’ are those that commonly feature in the Enterprise Corpus but are

not part of LLM’s common vocabulary. The ‘JD Distance’ is a measure of jargony.
‘Fat

Head’
Query

LLM Nearest
(X)

Corpus
Nearest (Y)

Divergent
Terms

(X̃ ∩ Y)

JD
Distance
(Jargony)

scholarship grant, bursary,
fellowship, fi-
nancial aid,
award, stipend,
tuitions assis-
tance, academic
fund, educa-
tional grant,
study grant

foundation
scholarship,
scholarship
examinations,
entrance schol-
arships, schol-
arship exams,
schols, visiting
scholar

schols

0.65

id card Identification
Card, Identity
Card, Personal
Identification,
Photo ID Card,
Driver’s License,
Passport, Em-
ployee Badge,
Student Card,
Membership
Card, Official
Documentation

id card, student
card, student id,
tcard

tcard

0.9
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Detecting Jargon/Terminology Jargon/terminology consists of enterprise-specific
words, phrases, expressions, and idioms that diverge from those universally familiar
or understood outside of an organisation. In Set Theory, these divergent terms can
represented by the set of elements both in Y and not in X:

Divergent Terms = X̃ ∩ Y

where X is the set of LLM generalised terms and Y is the nearest neighbour terms
with the ES corpus. The fourth column in Table 4.5 lists the divergent terms.

Jargony Jaccard Distance (JD), also known as the Jaccard similarity coefficient,
is a measure commonly used to calculate the similarity or dissimilarity between two
sets of words such as those in columns 2 and 3 in Table 4.5. JD is particularly useful
in scenarios where the presence or absence of elements is more important than their
actual values. In this case, the Jaccard distance represents a measure of divergence.
A higher distance suggests the divergent terms are more ‘jargony’ (i.e. more unlikely
to be understood outside the enterprise). The calculated JD score is presented in
the final column of Table 4.5).

In set theory mathematics, JD is defined as the size of the intersection divided by
the size of the union of the sample sets, as per the following formula:

JD = |X̃ ∩ Y|
|̃X ∪ Y|

This formula can be practically represented as a function in Python using the code
in Listing 4.1. Note that, for interpretation purposes, the jargony score is one minus
the JD similarity score. Jargon is thus a measure of dissimilarity (i.e., the bigger
the number, the bigger the distance, the more jargony the candidate).

def jaccard jargony(list1, list2):
# inverse of jaccard, i.e. big number means big distance
set1 = set(list1)
set2 = set(list2)
intersection = len(set1.intersection(set2))
union = len(set1.union(set2))
#print (set2−set1) # the words in list2 that do not exist in list1
number = (1 − (intersection / union))
decimal value = decimal.Decimal(number)
rounded number = decimal value.quantize(decimal.Decimal(’0.00’))
return rounded number

Listing 4.1: The Jargon Distance dissimilarity function and computation in Python
(3.1.4).

As will be described in EXP-8, the hypothesis is that adding this jargon feature
to the LTR ranking model significantly increases the QAC ranking performance, as
measured by Mean Reciprocal Rank (MRR).
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4.6 Experiments
Three experiments are designed to determine the extent to which LTR and LM
methods can be used to improve the ranking of candidates generated for Query
Auto-Complete for enterprise content (RQ-3) and an organisation’s specialised jar-
gon/terminology (RQ-2).

Each of the experiments listed below is designed with a consistent structure (de-
scription, hypothesis, baseline, mechanism, sufficiency of data, domain knowledge,
limits and expected results). The experiments are intended to be implemented inde-
pendently but are presented in a logical sequence (EXP-7 elaborates on the finding
of EXP-6, etc). The results are subsequently presented in Sections §4.7.2, §4.8.2
and §4.9.2.

These QAC experiments were published in Paper III “‘Learning to Rank for Query
Auto-Complete with Language Modelling in Enterprise Search.” and the associated
code is available on GitHub.

4.7 EXP-6: QAC Ranking Approach Comparison
This experiment compares QAC ranking performance between a traditional ap-
proach and an AI approach in the domain of ES. For the traditional approach, the
QAC ranking is configured to use the TF ranking function. This is then compared to
the ranking performance when both of the LTR and LM methods (i.e. the QACES
feature) of an AI approach are applied. In both cases, ranking performance is mea-
sured using MRR. Apart from determining whether an AI approach can improve
ES QAC ranking, the outcome informs the discussion of whether state-of-the-art AI
ranking approaches are ‘worth the effort’. Furthermore, this initial result provides
validation that the approach is sound before later advancing to EXP-7 and EXP-8.

• Hypothesis: The hypothesis is that QAC ranking performance, as measured
by MRR, improves when AI methods (LTR and LM) are used instead of using
the TF ranking function alone.

• Baseline: TF is the default ‘out-of-the-box’ QAC ranking function, which is
why it is chosen as the ‘traditional approach’ baseline. In Apache Solr, if the
SuggestComponent is enabled, the “main index is used as a source of terms
and weights”14. Experiments are to be performed on The University’s QAC
dataset, which uses MPC as the ground truth for ranking annotations.

• Mechanism: As described in Section §4.4.3, a click model was created to record
user preference data and subsequent MPC ground truth, which is used to create
The University’s LTR ES dataset. The experiment is carried out in an offline
setting (i.e., on an instance of Solr that is not serving live requests) using
the static dataset. Ranking is measured using MRR metric (as described in
Section §4.8.1). No single fixed set of training queries is used as all queries
participate in model training through k-fold cross-validation.

14https://solr.apache.org/guide/solr/latest/query-guide/suggester.html, accessed
18th Aug 2024
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• Sufficiency of Data: As described in Section §3.12.2, the learning curve graph
demonstrated that even the 2544 Q-D pairs of the ENTRP-SRCH dataset were
more than sufficient to train a model to rank search results for ‘fat head’
queries. For The University’s QAC dataset, log and click data were recorded
over six months and a total of 902,412 P-C pairs were recorded. As this is an
order of magnitude greater, it is inferred that the data size is sufficient for the
QAC ranking task.

• Domain Knowledge: Knowledge of The University’s corpus and ES service is
a pre-requisite for building the hand-crafted field ranking functions for various
fields and LM feature used to generate the LTR ranking model. Amongst the
features used are the ranking functions described in Section §4.3.

• Limits: If the improvement using the AI approach is marginal (versus tradi-
tional TF), it must be balanced against the real-world implementation efforts
in an Enterprise Search QAC deployment. But measuring implementation ef-
fort is subjective; there is no easy way to represent it in quantitative terms.
Another limitation is the assumption that the traditional approach uses just
a single ranking function (TF in this case). This is not necessarily correct, as
there is no reason why additional re-ranking functions could not be applied
after TF (e.g., recent and trending queries). However, in such a case, without
using LTR, it would be impossible to determine the correct weighting to apply
to each function.

• Expected Results: An example for a single prefix shown in Figure 4.3 compares
the QAC ranking when switching between the TF ranking function and all
ML ranking features combined using LTR weightings. Even without domain
knowledge (i.e. knowing that ‘calendar’ is a very popular search query at The
University), the AI approach (on the right hand side) seems to produce better
candidates. Hence, it can be expected, even from this single but apt example,
that the ranking performance achieved when using the combined LTR and
LM approaches to exceed that of the traditional approach (i.e., TF ranking
function on its own).

4.7.1 Implementation: (EXP-6: QAC Ranking Approach Comparison)

This section details the practical application of the experiment designed above (Sec-
tion §4.7).

MPC Log Collection The collection of Most Popular Completions (MPC) data,
which serves as a proxy for ground truth in the training dataset, took longer than
expected. After a three month period, it was observed that many of search sessions
in log files had recorded ‘null’ entries for submitted queries. Two possible reasons
for this are outlined below.

Firstly, the MPC null records may have occurred because the desired candidate was
simply not listed for the typed prefix. If the initial ranking is poor (i.e. prior to the
application of the AI approach), and since The University’s ES service only offers
seven candidates (k=7), the candidate may not not ‘make the cut’.
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Figure 4.3: An example of QAC candidate ranking for prefix ‘cal’ using Term
Frequency (left) ranking versus all ranking features combined using LTR and LM
(right).

Secondly, it may be because many search users fail to engage with the QAC service
or to select any suggested completions, even if the correct one is listed. In this
scenario, the MPC click model would not record any data (since no candidate was
selected). This concept is discussed further in Section §4.9.2.

The MPC null record problem was mitigated using the following twin-track ap-
proach:

• The ranking performance, which initially depended exclusively on TF, was
improved using the MFQ ranking function. As the ranking improved, a drop
in the number of MPC null sessions was observed.

• The MPC data was collected over a six month period (twice the originally
planned collection period).

Sensical Suggestions Before using the QAC ranking functions (described above)
to present candidates on a live ES service, an important step is the removal of
suggestions that would produce no search results if selected. An incorrect suggestion
may be considered more damaging than no suggestion, as it would undermine users’
confidence in the ES service (it suggests that the corpus and QAC indices are out
of sync). This step is sometimes referred to as producing ‘plausible completions’
or filtering out of ‘nonsensical’ suggestions [130]. For example, many suggestions
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extracted from the 2006 AOL WS dataset (Table 4.1) cannot be used. Even the
top AOL queries, such as ‘mapquest’ and ‘myspace’ do not produce search results
within The University’s ES corpus.

Pre-Processing Further pre-processing steps involve converting all queries, pre-
fixes, and completions to lowercase. Full stops, other punctuation, and diacritics
were removed. Queries and suggestions with more than eight words, or 50 charac-
ters (whichever was the bigger) were removed or truncated. These restrictions are
driven by the limited real estate space dimension available to the enterprise search
box and the requirement to avoid line-breaks within a candidate.

LTR QAC weightings implementation Table 4.6 shows the RankLib com-
puted weighting associated with each of the ranking features.

Table 4.6: LTR weightings for features calculated using the RankLib framework.
Feature Number Description Weight

suggestion weight 1 MFQ 101
suggestion weight 2 Trending 8
suggestion weight 3 Anchor TF 50
suggestion weight 4 Title TF 80
suggestion weight 5 Content TF 1
suggestion weight 6 AOL 3
suggestion weight 7 People 1
suggestion weight 8 QACES 20
suggestion weight 9 URL TF 45

The Apache Solr ’weightExpression’ parameter of the ‘DocumentExpressionDic-
tionaryFactory’ dictionary implementation is used to score the suggestions. The ‘An-
alyzingInfixLookupFactory’ Lookup Implementation allows for suggestions where
the starting string does not necessarily match the query prefix. These numeric
weights were calculated offline using the RankLib framework [39] and cross-verified
using XGBoost [37] (as described in Section §4.4.4). Figure 4.1 depicts how each
feature weighting contributes to ranked suggestions in the ES search box. The sol-
rconfig.xml file is published on github15.

<searchComponent name="suggest" class="solr.SuggestComponent">
<lst name="suggester">

<str name="name">suggester all</str> <!−−combines all sources −−>
<str name="lookupImpl">AnalyzingInfixLookupFactory</str>
<str name="highlight">false</str>
<str name="dictionaryImpl">DocumentExpressionDictionaryFactory</str>
<str name="field">suggestion term all</str>
<int name="rows">10</int>
<str name="weightExpression">(
(suggestion weight 1 * 101) + <!−− MFQ −−>
(suggestion weight 2 * 8) + <!−− Trending −−>
(suggestion weight 3 * 50) + <!−− Anchor TF −−>

15https://github.com/colindaly75/QAC_LTR_for_ES
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(suggestion weight 4 * 80) + <!−− Title TF −−>
(suggestion weight 5 * 1) + <!−− Content TF −−>
(suggestion weight 6 * 3) + <!−− AOL −−>
(suggestion weight 7 * 1) + <!−− People −−>
(suggestion weight 8 * 20) + <!−− QACES −−>
(suggestion weight 9 * 45) <!−− URL TF −−>
)
</str>
<str name="sortField">suggestion weight 1</str>
<str name="sortField">suggestion weight 2</str>
<str name="sortField">suggestion weight 3</str>
<str name="sortField">suggestion weight 4</str>
<str name="sortField">suggestion weight 5</str>
<str name="sortField">suggestion weight 6</str>
<str name="sortField">suggestion weight 7</str>
<str name="sortField">suggestion weight 8</str>
<str name="sortField">suggestion weight 9</str>
<str name="suggestAnalyzerFieldType">text en</str>
<str name="buildOnStartup">true</str>

</lst>
</searchComponent>

Listing 4.2: Implementation of LTR weights to QAC in Apache Solr. The teal
numbers applied to the suggestion weight lines are those weights generated by LTR

QAC Offline Implementation The offline experiments (EXP-6 and EXP-7) use
‘curl’ scripts to retrieve and score the ranked list of candidates for a given prefix; no
click model is used.

A cloned Solr instance was required to conduct offline experiments, as utilising
The University’s live production environment was not feasible due to the following
constraints:

• The live service handles a constant stream of incoming queries and associated
completions. The Solr log files would end up with a mixture of live data as
well as the experimental data (e.g., completions for ‘fat head’ queries). My
basic click model cannot distinguish the difference.

• Each time EXP-7 is run or re-run, it would pollute the live log files and hence
impact the subsequent online experiment (EXP-8).

The results of EXP-6 are presented in Section §4.7.2.

4.7.2 Results (EXP-6: QAC Ranking Approach Comparison)

As described in Section §4.7, this offline experiment compares the QAC ranking
performance for the traditional and AI approach. The results of the comparison
experiment are shown in Table 4.7.
Per the expectations outlined during the design stage, the AI approach’s MRR
ranking performance is substantially improved over the traditional approach. For
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Table 4.7: Traditional versus AI approach to QAC ranking for ‘fat head’ queries for
k=7. TF is used in the traditional approach; LM and LTR are used in the AI approach.

Ranking Approach MRR@7 (%)
Traditional (TF only) 0.59
Using LTR and LM 0.68

k=7 in The University’s ES QAC dataset, the AI approach’s performance is 15.3%
higher than using the traditional approach.

This performance gain suggests that the AI ranking approach (comprising LTR and
the QACES LM feature) is indeed quantitatively ‘worth the effort’. Based on the
ranking performance literature for ecommerce [241] and Web Search, a performance
gain was expected. This is now also proven for the domain of Enterprise Search.
Additionally, the results reassure and confirm that the research is on the right track
before proceeding to EXP-7 and EXP-8.

The MRR scores for selected k-value cut-offs for the three Search Demand Curve
zones are listed in Table 4.8. The scores for the AOL WS and ES datasets are
included for comparison with the University’s ES dataset. Across all zones, the AOL
scores are higher. It may be that this may be due to AOL using personalisation
features. Singh et al. have achieved QAC MRR scores in the region of 0.485 for
ecommerce site search [242], but any comparison is complicated as they omitted to
break down scores into Search Demand Curve zones.

Table 4.8: Offline MRR scores for ES and WS ranking models, with a breakdown for
the sections of the Search Demand Curve. The ES model comprises the LTR and LM

methods.
Dataset /
Zone

MRR
@1

MRR
@7

MRR
@10

ES dataset
Fat Head 0.60 0.68 0.68
Chunky Mid 0.32 0.34 0.36
Long Tail 0.21 0.24 0.24
All Zones 0.29 0.33 0.34
AOL WS dataset
Fat Head 0.72 0.75 0.78
Chunky Mid 0.29 0.36 0.36
Long Tail 0.23 0.25 0.29
All Zones 0.33 0.36 0.36

4.8 EXP-7: QAC Ablation Study
.
LTR feature weightings provide a static view of importance and are sometimes
misleading due to correlated (multi-collinear) features or noise in the data. Ablation
involves removing a feature, which allows direct observation how its absence affects
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model performance, confirming its true importance. The study is carried out for
MRR@{1,3,7 and 10}. An ablation study also provides insights into the redundancy,
and interactions of features.

• Hypothesis: The hypothesis is simply that the ranking features are of differing
importance. Specifically, this study discovers the ranking features that make
the biggest contributions to the model’s performance. This ‘experiment’ can
be regarded more as a study than an experiment in the strict sense.

• Baseline: For an ablation study, each collective feature set serves as a baseline
before the systematic removal of a single feature. The performance of one
feature is marked against ‘all the rest’.

• Mechanism: This involves removing one feature from each iteration and per-
forming the LTR training and testing steps again. The ranking performance
differential is measured using the MRR metric for each feature. If a large de-
crease in QAC MRR scores is observed, the ablated feature is very important
for the model.

• Sufficiency of Data: This experiment uses the same dataset as that used in
EXP-6 where a learning curve graph is employed to estimate the required size
of the ES QAC dataset size.

• Domain Knowledge: The procedures and protocols of an ablation study are
well-defined. No particular domain knowledge is required as the ES dataset
has already been created. Knowing which features are likely to make big or
small contributions helps estimate the expect results (see below).

• Limits: A limitation of this study is that feature contributions in The Uni-
versity’s ES dataset cannot be compared with those in the AOL WS dataset.
This is because the AOL dataset only presents MPC and MFQ data (it does
not include feature definitions or a ranking model).

• Expected Results: Figure 4.4 displays how a prefix and associated candidates
are sorted as Term Frequencies for a sample selection of fields. From this
example, it is expected that MFQ will be the dominant contributor to the
ranking model. The example also suggests that it may be expected that the
Anchor TF (a link label that content providers use to explicitly describe or
‘tag’ a document, see §4.3) will be a more prominent contributor than Content
TF.

4.8.1 Implementation (EXP-7: QAC Ablation Study)

This section details the practical application of the experiment designed above (Sec-
tion §4.8).

MRR Metric calculation As described in Section §2.3.10, the calculation of the
RR metric is a prerequisite for MRR. RR is the multiplicative inverse of the rank of
the first correct answer; 1 for first place, 1⁄3 for third place, or zero if the submitted
query is not present in the ranked list. A file called mrr-list is created by the mrr.sh
script, which parses the solr log files, collecting the position of selected candidate
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Figure 4.4: Relative Term Frequencies for various fields. The example prefix
is ‘acc’, and the target (golden) candidate is ‘accommodation’. This side-by-side
graphic gives us an approximate expectation as to which fields are expected to be
of most importance for the ranking model.

for a given prefix and assigns an RR score. For example, the [0,0,0,0,0,1] boolean
representation means that, for a user’s prefix, the correct candidate (sometimes
referred to as the ‘golden’ or ‘target’ candidate) was positioned 6th in the list.
Other examples of RR representations are shown in Figure 4.5. The graphic shows
that the geo prefix shows the target candidate in second from the top of the list,
therefore producing an RR encoding of [0,1].

Figure 4.5: RR representations for MRR calculation. Example prefixes are ‘geo’
and ‘mac’. According to the ground truth, the correct or ‘golden’ candidates are
‘geology‘ and ‘machine learning’, respectively.

In the offline study, the MRR scores are broken down for the three zones of The
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University’s ES Search Demand Curve (Figure 3.3). The MRR scores are computed
after three prefix keystrokes (i.e. p=3). For the purpose of the experiments, it does
not matter the value of p, so long as the same value is used throughout. The SDC
breakdown helps us distinguish the QAC ranking performance for the most popular
queries versus more obscure queries in the long tail zone.

For the online study, MRR is computed for the users’ last keystroke since this is
where the user selects a suggested candidate for submission to the search engine.
Chang [131] refers to this horizontal measure as MRR@last (which is a little con-
fusing as MRR@5 is the accepted notation for the MRR score for the top five in the
vertically ranked list). A score of zero is used where no candidates are offered or in
the case where users fail to select any of the offered candidates.

MRR@k is calculated, where k is the number of offered completion candidates. I
present results for k=10 (as is the norm) for the offline ‘curl’ experiments and I
use k =7 for the online experiment (because The University’s ES service presents a
maximum of seven candidates.)
The results of EXP-7 are presented in Section §4.8.2.

4.8.2 Results (EXP-7: QAC Ablation Study)

The ablation analysis was undertaken to better understand the contribution of each
of the different features of the QAC ranking model (for MRR@{1,3,7 and 10}).
Figure 4.6 shows their relative contribution totals.

MFQ is the most important ranking feature, as its removal from the model results
in a sharp decrease in MRR scores. This suggests that the collective query history
is the best indicator of user intent.

Term Frequency is the next most important contributor. For this feature, all doc-
ument fields (title, anchortext, content, etc) are combined into a single feature.
This enables a comparison with Apache Solr, where this is the default, stand-alone,
out-of-the-box QAC ranking function.

The AOL feature, which extracts pertinent completion candidates (and their as-
sociated frequencies) from the AOL WS dataset, makes the smallest contribution
to the model. Perhaps this is because many of the suggestions in the feature are
deprecated or simply because the feature was not generated from The University’s
ES index.

Surprisingly, the ‘trend’ feature (which extracts trending queries within an enter-
prise) did not fare better. Perhaps there was no sudden rise in interest (e.g., due
to breaking news, recent events, or seasonal changes) in The University on the day
that the dataset was created.

The contribution of the QACES jargon/terminology feature is similar to that of
the trend feature. A big contribution was not to be expected, as few queries are
expressed using jargon vocabulary.
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Figure 4.6: Ablation/leave-one-out analysis showing the contribution of individual
features to the MRR performance across the QAC ranking model.

4.9 EXP-8: QACES Online A/B Test
While the ablation study in EXP-7 is useful for investigating model internals for
offline evaluation, an online test can validate changes in a real-world, user-centric
environment. This experiment evaluates the ranking performance contribution of the
QACES LM feature by comparing two ranking models in an online environment. The
first model (designated ‘A’) includes non-LM features only. The second (‘B’) also
includes the QACES LM feature. The A/B test is undertaken on The University’s
live ES service.

• Hypothesis: The hypothesis is that adding the QACES LM feature to a LTR
ranking model that uses non-LM features increases the QAC ranking perfor-
mance, as measured by Mean Reciprocal Rank (MRR).

• Baseline: The LTR ranking model consisting of non-LM features is the baseline
(i.e., the ’A’ in the online A/B test) as per the mechanism outlined below.

• Mechanism: Before commencing the A/B test, an A/A test is performed.
Also known as a null test, the A/A test establishes trust in the experimental
platform. This null test involves splitting the search requests into two pools,
as in a regular A/B test, but where B is identical to A. If the scripts to
record search requests and compute metrics from the logfiles are functioning
consistently, a t-test is expected to prove that any difference in MRR results
is not statistically significant [228].
Having established the integrity of the experimental platform, the A/B test is
subsequently undertaken to compare the ranking performance of QAC candi-
dates using two pools:

– A: This is the control pool and encompasses all of the non-LM features
described in Section §4.3.
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– B: This treatment pool includes all of A’s features plus the additional
QACES feature.

• Sufficiency of Data: Since the data in group A is independent of the data in
group B, and the groups are normally distributed, an unpaired two-sample t-
test is used to validate statistical significance with α set to 0.05. The t-test is
computed based on the standard deviation of both populations (i.e. ‘group’).
If the p-value is less than α, the improvement is statistically significant. Data
is gathered over a three month period initially, and with the potential to use
a longer period if necessary.

• Domain Knowledge: The QACES feature is generalisable as it detects jar-
gon/terminology independently of domain knowledge. As per the earlier ex-
ample in Section §4.5, the algorithm behind the QACES feature detects that
candidates like ‘schols‘ and ‘t-card’ are enterprise-specific words, phrases, ex-
pressions, and idioms that diverge from those universally familiar or under-
stood outside of The University.

• Limits: The volume of data required to capture sufficient prefix-candidates
that QACES detect as jargon requires time to collect. This period is difficult
to estimate in advance, and three months is chosen to start with. The A/B
test depends on users typing prefixes that produce candidates classified as
jargon/terminology.

• Expected Results: I expect that adding the QACES feature will increase model
performance. As jargon/terminology is only a small fraction of QAC sugges-
tions overall, I expect that the contribution will be modest. Since the XG-
Boost LTR framework includes regularisation techniques with cross-validation,
adding the QACES feature can only make a zero—or positive contribution to
a model’s performance.

The results of EXP-8 are presented in Section §4.9.2.

4.9.1 Implementation (EXP-8: QACES Online A/B Test)

This section details the practical application of the experiment designed above (Sec-
tion §4.9).

QAC Online Implementation A load balancer is configured as shown in Fig 4.7.
It consists of two servers running the Apache Solr application in an active/active
configuration, with a 50% traffic allocation to both the Control and Treatment pool.
The load balancer has a session persistence (stickiness) parameter enabled so that
the suggestion candidates are presented by the same back-end server that executes
the submitted query. Stickiness enables the load balancer to consistently route the
same client’s requests to the same back-end server based on the IP address. This
ensures that each log file has a complete record from the first keystroke until the
query is submitted.

In addition to enabling the stickiness parameter, it was discovered that X-Forwarded-
For (XFF) header forwarding was also required to enable sticky sessions via Apache
ProxyPass.
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Figure 4.7: Load Balancer in active/active mode used for A/B testing.

Before proceeding the the A/B test, an A/A (null) test was undertaken to establish
trust in the load-balanced platform. Both of the Apache Solr instances behind the
load balancer were configured identically (i.e. using the same features and weights).
The mrr.sh script recorded the MRR scores on a day-by-day basis for 30 days on
both pools. The standard deviation was computed. After several days, it was noted
that the MRR scores increasingly converged to produce near identical results on
both instances. A two-tailed independent sample t-test was used to demonstrate
that any slight difference between the MRR scores were not statistically significant.

Having established the integrity of the test platform, the A/B test is subsequently
undertaken. Figure 4.7 shows how the load balancer is configured to send half of
incoming search sessions to the Control pool and the other half to the Treatment
pool. The result of the A/B test are presented in Section §4.9.2.

Implementation Resources Deploying the AI ranking model to a production
ES service requires additional resources and considerations beyond those associated
with offline experimentation with established datasets.

Many organisations, where search is not at the core of the business, may not have
access to a ‘relevance engineer’ with knowledge of AI ranking methods. Relevance
engineering generally falls outside of the generic skill sets of an IT Services depart-
ment. In my case, I served in several organisational roles, including as relevance
engineer, systems administrator, network administrator and as a sponsor of the de-
ployment ‘change’ via the local change control process. This resource would not
have been necessary if a traditional ranking approach had been adopted.
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As the world around us changes, the relevance of a candidate for a given prefix
also changes, over time leading to relevance drift. This can be mitigated only by
periodic re-training of Learning to Rank models [216]. In deployments managed by
an IT Services group, the project and budgetary structures are generally designed
to ‘deploy and forget’. Enterprises are thus in danger of not taking such ongoing
maintenance costs into account when choosing machine learning methods. The pro-
longed commitment would not have been necessary if a traditional ranking approach
had been adopted.

During the course of the deployment of the ranking models, the EU AI Act 2024
was published. The provisions of the act will become applicable in 2026. As dis-
cussed in Section §2.6, the act stipulates that public institutions must adhere to the
same standards as private entities, including conducting conformity assessments,
implementing risk management systems, and ensuring transparency in AI system
operations. Consequently, the decision to use LTR and LM methods means that
there will be further (as yet unplanned and uncosted) work in the future. This obli-
gation would not have been necessary if a traditional ranking approach had been
adopted.

The general qualitative question of the additional implementation effort required for
the AI approach (for both QAC and search results) is discussed in 5.6

4.9.2 Results (EXP-8: QACES Online A/B Test)

Two ranking models were compared. The first (A) included heuristic features only.
The second (B) included everything from (A), but additionally included the QACES
feature. The ranking score for each ranking model is presented in Table 4.9. The
A/B test was undertaken on The University’s live Enterprise Search service. The
model was tested for initially for three months on 100,000 queries, which resulted in
a statistically significant increase in MRR score by +3.8% with a p-value < 0.05.

Table 4.9: A/B test results for ranking models with the percentage change in MRR
score after implementation of the QACES feature.

Feature MRR@10

Heuristic only. 0.219 ± 0.01
With QACES. 0.227 ± 0.02
Percentage change. +3.8%

The observed MRR@10 score in the online evaluation is 0.227, which is substan-
tially lower than the value of 0.34 obtained in the offline study. This difference
is to be expected because the online metric reflects real user behaviour suggestion
abandonment. Such behaviour can lower click-based evaluation scores. The online
metrics do not ignore this behaviour; they incorporate it directly.

A possible cause is that search users type with speed and urgency and opt not to take
the time to engage with the QAC interactive search offering, even where a candidate
was an exact match to the query. Li et al. refer to this as ‘skipping’ in WS [235].

157



In the context of ES, I call this phenomenon ‘QAC abandon’ and speculate that
it frequently occurs in the case of navigational searches (i.e. returning users who
already have a good idea of what document they are looking for).

QAC abandon is not recorded in the offline study (since the submitted query exactly
matches the candidate, the logic in the scoring script assumes that the candidate
was selected). Conversely, for the online evaluation, an RR score of zero is awarded
if the matching candidate is not positively selected. One idea to obtain a relative
sense of QAC abandon would be subtract the online MRR score from the offline
score, but only for those P-C pairs that exist in both.

4.10 Validation
The experimental designs outlined in Section §4.6 include several intrinsic valida-
tion checks for robustness, stability and generalisability. For example, in EXP-8,
a robustness A/A test is performed before proceeding to the A/B test. Moreover,
both offline and online experiments are used to cross-check results.

An additional and practical verification and validation test to ensure that all of the
various features (i.e. fields in the Apache Solr index) are being utilised by QAC is to
add a unique ‘tracking’ string that immediately conveys the source of the candidate.
For example, “qactracker[1..n]”, where n is the number of features as shown in Figure
4.8.

Figure 4.8: QAC validation. For the prefix ‘qac’, each feature is represented by the
‘qactracker‘ candidate followed by a number that coveys the source feature (field).

This tracker validation method performs a simple gauge of both the recall and
ranking aspects of QAC for ES:
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• Recall: the instance number appended to each string tells us the origin of the
QAC candidate. If there are nine features, there should be nine candidates for
the appropriate prefix.

• Ranking: the order in which the candidates are ranked is a reflection of the
weightings that are assigned via LTR. In Figure 4.8, feature number 6 (iden-
tified by qactracker6) has a relatively higher LTR weighting than, say, feature
number 3.

The speed and simplicity of this tracker method are appropriate for an Enterprise
Search environment, where search may not be the core focus of an organisation and
where it is unlikely that there is a dedicated Centre of Search Excellence (CSE)
comprised of staff with specialist expertise in fields like LTR who are constantly
monitoring the QAC subsystem [54]. A bash script called qactracker.sh is used to
populate the fields of the Solr index. While the script is custom-written for Apache
Solr, it should be easily adaptable for any IR platform. The code for qactracker.sh
and the accompanying ‘readme’ file are published on GitHub16.

The QAC tracker tool has two important limitations. Firstly, if the ranking model
contains more features than the number of candidates presented via the drop-down
(usually ten or seven), those features with a lower LTR weighting would not be
visible. This is easily overcome by typing the full prefix length (e.g., qactracker17).
Secondly, the presented order of the tracking strings merely conveys the relative
ranking order; it does not give any absolute information regarding the LTR weight-
ing.

To retrieve the absolute weighting for each feature, a more sophisticated validation
and verification of the LTR implementation and operation is required (Listing 4.3).
$ curl http://localhost:8983/solr/$CORE/suggest?\
> q=\${QAC STRING}\
> &suggest.count=10\
> &suggest=true\
> &sort=weight+asc\
> &suggest.dictionary=suggester all\
> &wt=json\
> | grep −e term −e weight

"term":"qactracker6",
"weight":600,
"term":"qactracker1",
"weight":101,
"term":"qactracker8",
"weight":80,
"term":"qactracker2",
"weight":8,
"term":"qactracker3",
"weight":50,
"term":"qactracker5",
"weight":1,
"term":"qactracker7",
"weight":1,
"term":"qactracker4",

16https://github.com/ColinDaly75/ES-Ranking
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"weight":80,
"term":"qactracker9",
"weight":45,

Listing 4.3: REST API command to query the Solr Index to retrieve and verify
the LTR weighting (in teal font) for each feature.

The weight figures above can be validated against the LTR weightings generated
offline by the RankLib framework. Moreover, the order in which qacktraker terms
are presented in Listing 4.3 should match the ranking order in Figure 4.8.

4.11 Conclusions
Chapter 3 showed the extent to which LTR and LM techniques, tailored to enterprise
content and information needs, can boost the ranking and recall of ES search results.

Similarly, in this chapter, the custom requirements for QAC when tailored to enter-
prise content and context are outlined, followed by a series of experiments (again
using LTR and LM techniques) to determine the extent of ranking performance
improvements.

The first experiment (EXP-6) demonstrates that the AI approach produces better
ranking scores than the traditional approach. Although prior research in e-commerce
and web search suggested this performance improvement, it has now been empirically
demonstrated for Enterprise Search. EXP-6 advances research contribution RC-2.

A natural shortcoming of EXP-6 is the inability to answer the subjective and qual-
itative question, ‘Is it worth it?’. In other words, although the QAC ranking model
performance gain is substantial using AI, it must be weighed against the additional
skills, resources and effort required for an organisation to implement (and periodi-
cally maintain) it.

EXP-7 is an ablation study to determine each feature’s MRR contribution. The
study also demonstrated the implementation mechanism of a feature-rich QAC rank-
ing model on the Apache Solr platform. The ranking model comprised features de-
rived from the ES corpus, the ES log data and data from an external WS dataset.
The features are crafted and described in terms of suitability for enterprise content.
Feature weightings were computed using the XGBoost and RankLib LTR frame-
work. The ablation study shows that MFQ and TF are the most important ranking
features. EXP-7 advances research contribution RC-1.

The final experiment (EXP-8) proved that, in an A/B test, adding the QACES LLM-
based jargon/terminology ranking feature to the baseline heuristic LTR model re-
sulted in a statistically significant improvement to QAC ranking performance (MRR
score) on The University’s live ES service. This experiment advances RC-5.

EXP-8 uncovered several challenges. Apart from the repeatability issue when us-
ing the GPT-4 LLM, the online experiment depended on users submitting queries
that produced ’jargony’ QAC candidates. Moreover, an analysis of the search logs
suggested that many searchers opted not to take the time to engage with the QAC
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‘interactive search’ offering, even when the golden candidate is offered. In WS, this
is sometimes referred to as ‘skipping’ [235]. For ES, I call this phenomenon ‘QAC
abandon’ and it offers an interesting new direction for the field of auto-completion.

Utilising offline (EXP-6, EXP-7) and online experiment (EXP-8) allows for a thor-
ough evaluation a model’s performance in both controlled and real-world scenarios,
ensuring robust and user-aligned improvements.

The conclusions and observations drawn from the ranking of QAC candidates cannot
be examined in isolation from those of Chapter 3. For example, the QAC ranking
should complement and reinforce the Search Results ranking. Similarly, when rank-
ing both Search Results and QAC completions, there are inherent limitations to
using the ‘wisdom of the crowds’ as training data. Hence, a detailed and holistic
synthesis of the experiments and associated results will be undertaken and discussed
in Chapter 5.
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5
DISCUSSION

This chapter contextualises and synthesises the research and its findings, emphasis-
ing their significance, implications, and limitations. It also examines how the results
contribute to existing knowledge and identifies directions for future research.

It starts with revisiting the context of Enterprise Search (ES) and the prerequisite
creation of a new dataset. The discussion then integrates experimental findings from
the evaluation of Learning to Rank (LTR) and Language Modelling (LM) methods
in ES for both search result ranking and Query Auto-Completions (QAC) rank-
ing. The chapter also highlights key challenges encountered during implementation,
including dataset constraints, biases, and practical barriers to adopting the AI ap-
proach for organisations. Finally, in Section §5.9, some future research directions
and opportunities are explored.

5.1 Revisiting Enterprise Search
In §2.1.2, it was noted that academia has many definitions for Enterprise Search. At
the beginning of this study, the broadest definition of ES was adopted, encompassing
both internal and external-facing content, such as intranets, file shares, corporate
directories, document management systems, as well as content more typically asso-
ciated with Web Search (WS), such as pages on an organisation’s website.

When this research commenced six years ago, this definition was expedient as it
matched the hybrid content available on The University’s site. While the primary
differences between ES and WS content pertain to file types, hyperlink structure,
size and jargon/terminology, this study also documents numerous other smaller
distinguishing factors (as recorded in Appendix A).

An unexpected effect of this longitudinal study has been a growing awareness of
the importance of the ES service to The University. The initial recruitment and
engagement of judges for Q-D annotation promptly identified a designated individual
responsible for the ES service. Although the research focused on ranking, the initial
outreach meant that there was now an answer to questions like ‘Who should I
talk to if I want my directory indexed?’, ‘Why are my pages not showing near the
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top of the search results?’ or ‘Why does it take several days for new content to
be indexed?’. While these questions confuse the roles of ‘relevance engineer’ and
‘search engineer’ [61], there may be little room for distinction in busy organisational
environments.

It is expected that this awareness (of ranking, the AI approach, and the ES service
in general) and enhanced collaboration experienced at The University would also
apply to other organisations. So perhaps a more practical revised definition for
ES would transcend content type, to also include this collaborative aspect between
parties responsible for search and content provision.

5.2 Using The University’s Dataset

As outlined in Section §2.4.5, numerous extensive and publicly accessible datasets
are available for WS. However, as consistently emphasised throughout this study,
ES and WS content exhibit fundamental differences.

Test collections based on ES content are hard to come by [10]. This may be due to
security or privacy concerns. Organisations might decline permission to publish the
results of any research carried out on their ES service. Most researchers with access
to an intranet have access only to that of their own institution [43].

For all of these reasons, it was considered necessary to create a new dataset (ENTRP-SRCH)
with 2544 Q-D pairs, and specifically designed to improve ranking of the most fre-
quently queried topics. Moreover, as the dataset is formatted as a feature vector
array for use in LTR frameworks, it contains no sensitive organisational or per-
sonal information and has been approved for publication for all to use (Research
Contribution RC-3).

Had the study depended exclusively on a previously published dataset, our ranking
model might have been a ‘black box’ with opaque reasoning behind ranking and fea-
ture importance. Using a ‘home-grown’ dataset allowed for more transparent inner
workings, leading to understandable explanations for feature importance, ranking
behaviour and enabling comparison with the traditional ranking approach.

The scale and composition of the datasets used in this research were necessarily
constrained by practical and ethical considerations. As the study was conducted
within a live organisational environment, the volume of data that could be collected
was limited by institutional approvals, privacy safeguards, and the need to avoid
intrusive monitoring of individual users. Resource constraints (particularly in terms
of personnel, funding, and time) also influenced the achievable dataset size and scope
of annotation. While larger-scale datasets may have enabled broader generalisation,
the dataset assembled for this work represents what was realistically and ethically
feasible within the context of a single organisation ES service. These limitations
are common in applied information retrieval research conducted under real-world
conditions and should be interpreted as reflecting a balance between methodological
rigour and organisational responsibility.

164



Another drawback of creating an in-house, human annotated, relatively small dataset,
with a specific design purpose, is that it may not perform well for other ranking
tasks. For example, the ‘JARGES’ feature, which was designed to detect and up-
rank jargon/terminology (EXP-5), failed to demonstrate a statistically significant
increase in ranking performance. Had the dataset been designed with a greater
breadth (i.e., the ‘shallow judgement’ dataset design strategy recommended by Yil-
maz et al. [167]), it is possible that JARGES would have resulted in an improved
ranking score. This dataset limitation was avoided for the QAC experiments, as
Most Popular Completions (MPC) data was used as the ‘ground truth’ for annota-
tions of the Prefix-Candidate (P-C) pairs. This generated QAC dataset contained
902,412 P-C pairs, and EXP-8 proved that this was sufficiently diverse to capture
an improvement in ranking performance for jargon terms.

The generalisability and domain transfer of experimental findings based on ENTRP-SRCH
to other domains and contexts are discussed in Section §5.7.

5.3 Implications of Experimental Results
The implications of the experimental results are discussed in terms of search result
ranking and QAC ranking before ‘bringing it all together’ to discuss the overall
combined implications.

5.3.1 Implications for Search Result Ranking

EXP-1 compared the ranking performance of traditional and AI approaches us-
ing LTR. The experiment was designed to answer RQ-1 by meeting OBJ-1. For
nDCG@5, the LTR method performs 5.85% better than BM25 with field boosting
(the full results of EXP-1 are presented in Section §3.7.2). A prerequisite for mea-
suring performance was the annotation of Q-D pairs and the subsequent creation of
the publicly available ENTRP-SRCH dataset, which fulfils Research Contribution RC-
3. For search results ranking, the LTR model consistently achieved higher nDCG@k
and MAP scores where the cutoff, k, is ≤ 10. This affirms the LTR model’s ability
to perform better on the first page of search results (RC-1, RC-2). Surprisingly,
the performance advantage of the LTR method is reduced and even reversed when
k is 20 and 100, respectively. For most users, however, scores for k ≥ 10 may not
be critical. According to a 2014 Google organic desktop search study, it was found
that just 6% of end-users navigated to pages two and three [183,206]. Moreover, an
analysis of The University’s search logs indicates that this figure is less than 2%.

EXP-2 was an ablation study conducted to detail the contribution of each feature
in the LTR model. This experiment elaborates on EXP-1 and was designed to fur-
ther investigate RQ-1. The results of EXP-2 are presented in Section §3.8.2. As
expected, BM25 and field boosting were the biggest contributing features. Surpris-
ingly, the recency feature (i.e., how recent is the document’s creation or modification
timestamp) contributed little to the LTR model. This may be because many ES
documents types do not have any ascertainable timestamp. As described in Section
§3.7.1, several approaches were used to extract timestamps. However, documents
with extensions such as TXT or CSV do not have built-in metadata for a creation
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date. In these cases, the median value (calculated using timestamps of all docu-
ments in the index) was imputed to the document. This imputation strategy seems
acceptable when a small amount of data is missing. For The University’s ES con-
tent, an imputed timestamp was assigned to nearly 30% of documents, potentially
diluting the contribution of the recency feature.

More generally, the diverse nature of ES content means that similar limitations are
encountered for LinkRank (e.g., an MS Word document stored on a network share
might not contain any hyperlinks) and field boosting (e.g., MS Excel documents
generally do not have distinguishable title and content fields).

EXP-3 explored the use of implicit feedback (click-through data) as a substitute for
human relevance judgements and was designed to meet objective OBJ-2. The results
of EXP-3 are presented in Section §3.9.2. EXP-3 was not the central focus of Chapter
3, and can be considered as an auxiliary experiment because it supplements the
main study by reinforcing the approach adopted to build the ENTRP-SRCH dataset.
Statistical analysis showed a ‘strong correlation’ between CTR and human relevance
judgement, meaning organisations can safely use CTR in place of costly human
annotations (RC-4). Perhaps more interestingly, a subsequent analysis of correlation
outliers revealed examples of position bias and organisational bias. These biases are
discussed further in Section §5.5.

EXP-4 examined the assumption that The University’s microsite editors were suf-
ficiently qualified to assess the ranking order of their documents for a given query,
to the extent that only a single rater per topic was employed. The EXP-4 Inter-
Annotator Agreement (IAA) results are presented in Section §3.10.2. Similar to
EXP-3, EXP-4 can be considered a confirmatory experiment as it was conducted to
assess the reliability of the ENTRP-SRCH dataset (which was created to meet OBJ-1).

The IAA results reveal that while human relevance judgements exhibited moderate
agreement levels, variability among annotators highlighted subjective differences in
document assessment. This underscores the need for diverse annotator perspectives
(or alternative feedback mechanisms like CTR), to enhance the reliability of train-
ing data. The practical barriers to soliciting and enrolling annotators for ES are
described in Section §5.6.

EXP-5 used the JARGon for Enterprise Search (JARGES) innovative LM algo-
rithm / feature, which was designed to detect and uprank search results containing
organisational jargon/terminology. The experiment attempted to answer RQ-2 by
meeting OBJ-3. The results of are presented in Section §3.11.2. Unfortunately,
the results show no statistically significant improvement for nDCG@10 at the 5%
level (p > 0.05). In an accompanying qualitative study, the ‘Jargon Buster’ PDF
file was used as an independent reference for assessing both the precision and the
comprehensiveness of the decoded jargon terms (i.e. synonyms). Of the 126 jar-
gon terms defined in the PDF, 53 also appear in our generated list. Furthermore,
a cursory inspection of the synonyms generated for these terms appears to reflect
the correct semantic context. This qualitative analysis of the generated synonyms
reveals promising results for recall as a foundation for semantic search.
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The lack of a quantitative ranking improvement is attributed to the ENTRP-SRCH
dataset’s limited query diversity and scarcity of jargon rich Query-Document pairs,
which deflated the performance score of the JARGES feature. This attribution is
based on the quality of the generated synonyms for jargon terms (the final step of
the algorithm). The obvious way to prove this would be to expand the dataset, so
that it is sufficiently diverse and large enough to capture the nuances of enterprise
specific terminology (this is discussed further in Section §5.9).

5.3.2 Implications for QAC Ranking

EXP-6 compared the QAC ranking performance of traditional and AI approaches
using LTR and LM. The experiment was designed to answer RQ-3 by meeting OBJ-
4. The results of EXP-6 are presented in Section §4.7.2. As per expectations (based
on the literature for ecommerce and Web Search), the AI approach produces signif-
icantly higher ranking (MRR) scores than the traditional approach (RC-1).

The MRR scores achieved using the ES model trained on The University’s data
are about 10% lower across the board (fat head, chunky middle, long tail) than
those achieved for WS (AOL model), as shown in Table 4.8. At first glance, this is
disappointing, particularly as the AOL model was generated in 2006. Nonetheless,
as has been constantly emphasised throughout this study, ES and WS are two very
different domains; comparing results between the two might be like comparing apples
and oranges.

EXP-7 was an ablation study conducted to determine the performance contribution
of each feature. This experiment elaborates on EXP-6 and was designed to further
investigate RQ-3. The results of EXP-7 are presented in Section §4.8.2. The ablation
showed that Most Frequent Queries (MFQ) is the most important ranking feature
for QAC. This suggests that the collective query history is the best indicator of user
intent.

The ‘trend’ feature (which extracts trending queries within an enterprise) generated
a small contribution to the overall MRR score. Perhaps there was no sudden surge
in interests (e.g., due to recent or seasonal events) within the organisation during
the period when the dataset was created. More likely, an organisation’s task-focused
searchers are unlikely to exhibit the meme-like cultural behaviour typically generated
by users for/on social media platforms.

EXP-8 was an A/B test to measure the effectiveness of the ‘QACES’ LLM-based
jargon/terminology innovative ranking feature. The experiment was designed to an-
swer RQ-2 by meeting OBJ-4. The results of EXP-8 are presented in Section §4.9.2.
The addition of the QACES feature resulted in a small but statistically significant
improvement to QAC ranking performance (MRR score) on the organisation’s live
Enterprise Search service (RC-5).

Perhaps the most significant challenge uncovered during EXP-8 was ‘repeatability’
when using the GPT-4 LLM for near-synonym extraction. This points to GPT-4
not being the appropriate tool for the experiment. This is discussed in Section §5.4.
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Finally, the search logs of The University’s ES service recorded that many searchers
opted not to take the time to engage with the QAC ‘interactive search’ offering,
even when the golden candidate was offered. This phenomenon was uncovered when
comparing the results of online and offline studies. Within WS systems, this user
action is sometimes characterised as ‘skipping’ [235]. In the context of ES, I call this
phenomenon ‘QAC abandon’, and it is potentially a serious problem for ES where
QAC helps users avoid submitting queries that produce no results (a potentially
common occurrence, as an ES corpus is small compared to those used by commercial
WS engines). QAC abandon offers an interesting new direction for the field of auto-
completion (e.g., why do searchers abandon? Is it only the very fast typists who
abandon? Or does abandon correlate with latency in the presentation of candidates?.
Could the abandon rate be used as a new metric, perhaps in conjunction with
MRR?).

5.3.3 Combined Implications

Before the emergence of artificial intelligence, the academic community had, for
decades, extensively explored traditional ranking approaches in the field of infor-
mation retrieval. Out of an abundance of caution, independent experiments were
carried out for a) search results and b) QAC. These experiments ensure the robust-
ness of the assumption that LTR and LM can yield superior ranking scores.

EXP-1 and EXP-6 can be seen as a pair of experiments demonstrating that the
LTR method outperforms the traditional approach. Similarly, experiments EXP-5
and EXP-8 reinforce each other as a pair that shows how LM can be used either to
improve ranking or recall of jargon/terminology. While LTR and LM are routinely
used in commercial search engines [25] and ecommerce [70], their application and
appraisal for ES had hitherto not been sufficiently explored. It is hoped/anticipated
that this study will elevate the adoption and integration of AI methodologies in the
field of ES to match existing adoption in WS and ecommerce.

The field of search result ranking dates back to the early information retrieval sys-
tems of the 1960s. The field of QAC is relatively newer and dates back to the late
1990s. This difference in the maturity of the two fields may be why the performance
gains achieved in the QAC ranking have been higher than those achieved for the
search results ranking (EXP-1), where decades of additional research have reduced
the potential room for improvement.

5.3.4 Relationship Between JARGES and QACES

Although both JARGES and QACES operate within the broader ES ecosystem,
the two features are designed to address fundamentally different problems and are
therefore not interchangeable. Their distinct objectives, inputs, and outputs posi-
tion them at different stages of the search pipeline, with JARGES functioning as a
semantic search enhancement and QACES as a query auto-completion framework.

JARGES is concerned with identifying and interpreting the organisation specific
terminology that emerges within an enterprise corpus. Its approach is term centric.
By measuring the divergence between TF–IDF weights in the enterprise corpus and
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a reference corpus of general English, it quantifies the degree to which individual
terms are specific to the organisation’s internal discourse. Terms that exceed a
divergence threshold are designated as jargon, and a separate decoding stage uses
a fine-tuned transformer model to generate contextual synonyms for these terms.
JARGES does not generate query completions, nor does it rank suggestions for a
given prefix. The JARGES role is to augment the linguistic signals available to the
downstream retrieval component.

By contrast, QACES is designed as a query auto-completion framework. Its focus is
prefix centric. Given a partially typed query, the goal is to generate and rank a set
of completion candidates that reflect likely user intent. The output of QACES is a
ranked list of candidate queries presented interactively to the user during typing.

Mathematically, JARGES operates over the term space (t ∈ V), where V denotes
the enterprise vocabulary, to model linguistic divergence within the corpus. In con-
trast, QACES operates over the query auto-completion space (p, c ∈ Q), where p
represents the user-typed prefix and c candidate completion, estimating the con-
ditional ranking P (c | p) that reflects the likelihood of each completion candidate
being selected.

The two features are consequently not interchangeable. Their problem formulations
differ as JARGES ranks Q-D pairs, whereas QACES ranks P-C pairs. Their inputs
and outputs are distinct, as are their evaluation criteria. JARGES is assessed using
intrinsic measures (e.g., whether it captures genuine organisational terminology) and
extrinsic effects on retrieval metrics such as nDCG. In contrast, QACES is a feature
for QAC, and is therefore evaluated through the MRR metric.

Despite these differences, the two features are complementary, as they both have the
goal of dealing with jargon within organisations and their respective roles within the
ES pipeline are distinct but mutually reinforcing.

5.4 Methodological Implications

This section reflects on the research methods used in the study and their broader
significance for the field of ES.

The research questions and objectives specified in Chapter 1 are, at first glance,
entirely quantitative in nature. However, the challenge of deploying AI methods
like LTR and LM in organisations (where search may not be at the core of the
business, and organisational resources and skills may be limited) necessitates some
accompanying qualitative analysis. An example of fusing quantitative and qualita-
tive methods is to be found in EXP-1 and EXP-6, where quantitative improvements
in ranking performance are judged against the additional effort, skills and resources
required to implement them. This trade-off is captured in the subjective question
‘Is it worth it?’ as mentioned in Section §3.7.2 and §4.7.2 and discussed further as
a ‘barrier’ to AI-approach adoption in Section §5.6.
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In a 2024 paper, Baidu described LTR as its “standard workhorse” [27] with respect
to the ranking of search results. Not only does LTR have no theoretical upper limit
on the number of features that it can train on, it can also incorporate LM-based
features like it would for a regular feature. This study, therefore, agrees with the
workhorse designation and takes it a step further, where LTR is used not just for
search results but also for ranking QAC candidates.

The use of the Search Demand Curve (SDC, §3.4.2) for query and prefix selection
is perhaps an unconventional method more likely to be found in commercial SEO
studies than in information retrieval literature. In this study, the SDC is used twice.
Firstly, it is used as a criterion for optimum query selection for Q-D annotation.
Secondly, it is used for categorising Most Popular Completions (MPC) for query
auto-completions. The rarity of using the SDC is probably because most ranking
studies involve off-the-shelf datasets, where the original selection method of queries
for Q-D annotation (or prefixes for P-C annotation) is an obscured or long-forgotten
detail.

To maximise representation, the queries selected for Q–D annotation are drawn from
the top 18.5% of the SDC search volume. Focusing on this segment ensures that
annotation effort is concentrated on queries that collectively account for the majority
of user activity. However, this choice necessarily under-represents rarer, long tail
queries, which are often more heterogeneous and potentially more challenging for a
ranking model. This was not an objective in itself but a practical constraint: long-
tail queries occur infrequently, making them difficult to judge reliably, and many
lack sufficient click or usage data to support model training.

The problem of repeatability using GPT-4 for synonym extraction for the QACES
feature in EXP-8 might have been foreseen. One of the attractions of GPT-4 is
that it is not inclined to repeat itself (even with low-temperature settings). In
hindsight, using Google’s BERT LLM may have been more appropriate. BERT
is primarily designed for understanding and works on a masked language modelling
objective [243]. Moreover, BERT is not a generative model (like GPT-4) and is likely
to be more repeatable under controlled experimental conditions. The emergence of
generative AI has stirred significant enthusiasm within the research community, and
it is possible that the selection of GPT-4 for EXP-8 was influenced, at least in part,
by this prevailing excitement. Future research might involve replacing GPT-4 with
BERT and re-conducting EXP-8.

Two complementary methodological innovations were deployed to tackle jargon at
different places in the search loop. First, JARGES treats jargony terms as a
contrastive-salience signal (a high TF-IDF in the enterprise corpus but low TF-
IDF in a general corpus). Matching documents can be boosted at result ranking
time. Second, QACES uses a set-dissimilarity signal (Jaccard distance) to pri-
oritise domain-relevant completions at the prefix stage, nudging users towards in-
vocabulary phrasing before they submit the query. These two innovations act at
different places (document ranking vs candidate ranking) and rely on different sig-
nals (TF-IDF differential vs Jaccard), as summarised in Table 5.1.
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Table 5.1: Contrasting methodology used for the JARGES and QACES LM features.
Aspect JARGES QACES

Signal definition Jargony as contrastive salience:
high TF-IDF in the enterprise
corpus and low TF-IDF in a
general-language corpus.

Jargony as set dissimilarity:
larger Jaccard distance between
candidate/prefix token sets and a
reference vocabulary/context.

Jargony score A number derived from
subtracting one TF-IDF score
from another.

A number representing the
Jaccard distance between sets.

Reference data Two corpora (enterprise vs.
general) for a contrastive score.

A reference token set (e.g.,
enterprise lexicon, accepted
completions, or context tokens).

Interpretability “Frequent here, rare in general
English” (linguistic salience
story).

“Low overlap with generic
tokens” (distance/overlap story).

Place in ‘Search loop’ Document ranking for a given
query.

Candidate ranking for a given
prefix.

5.5 Position and Organisational Bias

While auxiliary EXP-3 was designed to explore the use of implicit feedback (click-
through data) as a substitute for human relevance judgements, the analysis of cor-
relation outliers revealed examples of position bias and organisational bias.

5.5.1 Position Bias

As described in Section §2.4.8, users surveying search results will likely click on the
first sufficiently promising abstracts without further exploration of links below that
result [178,179]. Results are clicked on not necessarily because they are more rele-
vant, but because they appear earlier in the list. This innate time-saving mechanism
is known as position bias.

Failure to mitigate position bias in click data can lead to ‘näıve’ models that have
been trained to learn position rather than relevance [179]. This omission would have
the effect of reinforcing the existing ranking positions. However, as the ENTRP-SRCH
dataset was constructed with explicit Q-D annotations, this scenario did not arise.
However, position bias detection in the CTR data is interesting as it implies that
a complete dependence on CTR for relevance feedback (i.e., ground truth) would
require bias mitigation, such as inverse propensity scoring. While much research has
been carried out on de-biasing in the domain of WS, little has been carried out for
ES, which could be an opening for potential future study.

5.5.2 Organisational Bias

Organisational bias is inherent to the institutional approach when employing the
organisation’s subject area experts for Q-D annotations(§2.4.8). It stems from the
collective attitudes, cultural norms, and structural policies that inadvertently influ-
ence employees to favour certain documents above others.
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In EXP-3, the example given was that of the homepage of a VIP / celebrity in-
dividual in the organisation, where the page was annotated as ‘irrelevant’ (for the
given query). This judgement dampens favouritism and diminishes the democratic
preferences of end users. In this case, the expert judges are subject to organisational
bias, where the ‘wisdom of the crowds’ is discarded in favour of an institutional out-
look. The wisdom of the crowds cannot be depended on if the crowds are not wise
to new documents, products (in the case of e-commerce), or jargon/terminology, if
members of the crowd are new to the organisation.

A potential mitigation for organisational bias would be to use a hybrid annotation
scheme, where Q-D scores are formed by a mixture of CTR and expert judgements.
For example, each feedback method could have a 50/50 input to the final annota-
tion score. Alternatively, the ratio could be an adjustable variable, much like the
‘temperature setting’ in generative AI. This ratio would likely have the effect of
dampening both position and organisation bias, and could be an interesting avenue
of future research.

5.6 Implementation Challenges and Barriers
The challenges and barriers associated with implementation can critically influence
the decision to adopt the AI approach or cling to the traditional ranking approach.

Implementation challenges and barriers hold particular significance in the domain of
ES. Unlike commercial search providers or ecommerce sites, an ES service search is
unlikely to be a central business objective, and the allocated organisational resources
and skills may be limited.

Transitioning from traditional ranking methods to LTR and LM introduces multiple
challenges beyond algorithmic ranking performance. Below is a summary of the main
challenges and barriers identified during this research.

• Academic literature pays scant attention to the amount of effort required to
construct the machine learning pipeline in its totality. The pipeline
includes tasks such as identification of relevance signals, converting signals to
ranking functions and subsequent features, labelling, extracting features from
a corpus, data pre-processing, and training and evaluating a model.

• The effectiveness of LTR is contingent on high quality feature engineering
and selection. Constructing the LTR features requires expertise in both
machine learning and enterprise search, which may not be readily available in
all organisations. According to White [60], a Web search engine like Google
relies on 20,000+ engineers to look after the system, and in ES, there is “rarely
more than one lonely person with the responsibility for supporting the search
application and making sure that it is tuned to meet user requirements”.

• To create an LTR dataset using explicit feedback, a lot of effort is required
to solicit Q-D human relevance judgements from subject matter ex-
perts in the organisation. In the field of ES, crowd-sourcing platforms, such
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as Amazon’s Mechanical Turk(AMT), cannot be used because external anno-
tators cannot access the highly technical blueprints, confidential documents,
network file shares, etc., behind an organisation’s firewall.

• As the world around us changes, the relevance of a document for a given query
also changes over time, leading to relevance drift. Unlike traditional methods
(like BM25), models based on LTR and LM require periodic retraining to
mitigate relevance drift. Large-scale enterprises, such as Google, frequently
update their ranking models based on user feedback, whereas many smaller
organisations operate under a ‘deploy and forget’ model that may not sustain
optimal performance over time. It is possible that these smaller organisations
have not planned sufficiently for these ongoing maintenance costs.

Prior to the introduction of BERT in 2018, and the transformer revolution, language
models were trained on enormous datasets without leveraging pre-trained models or
transfer learning. Training these early models required massive computing power
(requiring resources such as high-end GPUs and large bandwidth memory). Smaller
organisations may not have had easy access to such resources. This is less of a barrier
nowadays. For example, in this study, where LM was used for synonym generation
and detection of domain specific jargon/terminology, no compute-intensive resources
were required. The large pre-trained, embedding models (Word2Vec and BERT)
were fined-tuned on The University’s corpus. The LM fine-tuning was performed
on computational infrastructure that is readily accessible to most organisations.
Similarly, the implementation of LTR in this study (utilising the XGBoost ML
library with a listwise LambdaMART loss function and eight input features) required
minimal compute resources.

Measuring implementation effort in an organisation would involve counting the time
(in person-hours, assuming availability of skilled engineering staff) required to exe-
cute a project, associated tasks and Work Breakdown Structures (WBS), risks and
process change for the deployment of the AI approach. In addition to the initial im-
plementation effort, an estimation of the annual ongoing maintenance effort would
also be required. These measurements may be subjective, and the emergence of a
person-hours figure might imply an unwarranted degree of precision and accuracy.
These efforts compound the already substantial energy requirements and consequent
environmental consequences of modern AI training procedures. A natural limitation
of the scope of this study is that the numerous additional steps that are required for
the AI approach versus the traditional approach are merely outlined; no attempt is
made to count person-hours, costings, etc.

The broader adoption of AI across other business functions in organisations is in-
evitable. According to the Harvard Business Review, the question is no longer
whether AI will reshape business processes, but how quickly and extensively it will
do so [244]. The challenges listed above will therefore need to be addressed in any
case. Implementing AI methods for search result and query auto-completion ranking
offers a pragmatic entry point that serves as a relatively low-risk introduction and
a strategic bridge toward future AI integrations.
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5.6.1 Legislative Barrier

As described in Section §2.6, the EU AI Act will become fully applicable in 2026.
Any search service using AI methods must align its AI systems and practices with
the new regulatory requirements.

Under the Act, ES and QAC services are generally categorised as a ‘limited risk’
(as the ranking models are not used for automated decision-making). But even
providers of limited risk services are obliged to consider conformity assessments, risk
management systems, bias mitigation documentation, and ensuring transparency
in AI system operations. This minimum adherence is required regardless of the
designated risk categorisation [205].

No similar compliance, documentation or regulatory requirements are applicable
when using the traditional ranking approach. Smaller enterprises might prioritise
traditional methods (e.g., BM25 with field boosting) over the AI approach. There-
fore, the Act, which purports to “promote the uptake of human-centric and trust-
worthy AI”, could inadvertently act as a barrier for smaller organisations considering
the transition from traditional to AI approaches for ES.

In summary, this section outlines the main implementation challenges and barriers
associated with adopting the AI approach. The challenges are listed and summarised
to provide an indication of the additional effort required. Unfortunately there can be
no straight reply to the subjective question ‘is it worth it?’, as the answer is entirely
dependent on the priorities, capabilities and resources of the individual organisation.

5.7 Generalisability and Domain Transfer
While this study demonstrates measurable ranking improvements of LTR and LM
methods over traditional ranking methods on The University’s custom ES service,
the generalisability and domain transfer of these findings to other contexts and
domains warrants careful consideration. This section discusses the challenges and
opportunities related to generalisability and domain transfer.

For this discussion, generalisability is defined as the extent to which the findings of
a study can be broadly applied using unseen data drawn from the same distribution
as the ES training data. Domain transfer deals with crossing contextual boundaries
into different but related domains (e.g., legal search, healthcare search, WS).

5.7.1 Generalisability

As described in Section §3.12, the performance of the ranking model was validated
using basic, holdout and cross-validation techniques. These techniques also have the
benefit of ensuring that overfitting is avoided.

Since The University’s ES ranking model is deployed on a ‘real world’ corpus that
changes from day to day, another technique is to use new unseen ‘real world’ data.
These changes present opportunities to ‘eyeball’ how well the ranking model per-
forms on new data. For example, a new microsite called ‘Ukraine’ was created several
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months after the initial deployment of the LTR ranking model, coinciding with the
onset of the Ukraine war, which was widely covered in the news at the time. The
new data was not labelled, and was never part of the ENTRP-SRCH dataset, so the
performance of the ranking model for a specific query can not be formally validated.
However, even with some basic subject matter knowledge, it was possible to observe
that the ranking model generalised quite well for a cluster of Ukraine-related queries.

The extent to which such generalisation holds depends on whether newly created
microsites exhibit characteristics similar to those represented in the training data.
For instance, if a microsite were composed entirely of MS Excel documents (which
typically lack hyperlinks, anchor text, and well-defined structural fields), the model
would be expected to perform poorly. Although this study focuses on a university
setting (where content is naturally segmented into faculty, school, and administrative
microsites), the same structural pattern is common across many higher-education
institutions [83]. As such, the features and ranking approach developed here may
have applicability to other universities that maintain similar microsite architectures.

5.7.2 Domain Transfer Challenges

A recurring theme of this study is the incompatibility of models and datasets de-
veloped for WS when applied directly to the domain of ES (appendix A presents a
comprehensive list of differences between ES and WS). These differences constrain
the transferability of ranking models trained on open WS datasets (e.g., the Mi-
crosoft and Yahoo LETOR benchmark datasets [29, 30]), as such models rely on
assumptions about content structure, user behaviour, and feedback loops that do
not hold in ES contexts.

Even within the field of ES, content varies widely across organisations. A key con-
sideration in deploying the AI approach for ranking models is the transferability
of findings beyond the experimental setting. While this study successfully demon-
strated LTR and LM effectiveness in one ES environment, certain results may be
specific to the dataset and organisational context. For instance, the reliance on
domain-specific features, such as jargon-aware ranking signals, may limit applicabil-
ity to organisations with different content structures or user behaviours.

ES systems in other industries (e.g., legal, healthcare, manufacturing) have distinct
content types (e.g., contracts, arguments, patient records, technical manuals) and
structures (e.g., hyperlinks in intranets vs. file shares). Features like URLlength
or LinkRank may lose relevance in non-web-based ES systems (e.g., stand-alone
document repositories). Domain-specific feature engineering (e.g., ‘publication date’
for legal court records) could replace or complement the existing features.

The JARGES and QACES LM features are tailored to detect organisational jargon.
Jargon is, by definition, specific to an organisation. Their effectiveness depends
on the prevalence of such terminology in the target domain. For example, in a
healthcare ES system, medical terminology might require a different LM fine-tuning
approach compared to academic jargon. On the other hand, some organisations
are taking proactive steps to prevent the proliferation of jargon. As described in
Section §2.1.8, the ‘explain like I’m 5’ (ELI5) pedagogical and communicative device
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is the latest organisational trend that encourages employees to explain concepts in
jargon-free terms anyone could understand [71]. This would limit the effectiveness
of the JARGES and QACES LM-based features.

It is somewhat paradoxical that, although feature engineering can significantly im-
prove in-domain performance, it may constrain transferability unless the engineered
features are available or can be reliably reproduced in the target domain.

While the dataset’s size (2544 Q-D pairs) is sufficient for its intended purpose at The
University (namely search result ranking, optimised for the most frequently queries
topics), it may not scale to larger or more diverse enterprises. By contrast, the
methodology for dataset creation (e.g., leveraging microsite editors as judges or the
use of CTR data) could be replicated in other organisations to build domain-specific
datasets. The public release of ENTRP-SRCH allows future researchers to validate and
adapt their approach.

In conclusion, the research demonstrates that the AI approach can significantly
improve ranking in ES, but transferability depends on addressing domain-specific
challenges. While the core methodologies (e.g., LTR for feature weighting, LM for
jargon/terminology detection) are transferable, the application of the ENTRP-SRCH
dataset to new domains warrants careful consideration.

A potential avenue for future study could focus on creating more adaptable frame-
works to fit broader ES contexts, ensuring that the AI approach’s ranking model
can be readily applied in other organisations.

5.7.3 User Behaviour Differences

The study notes that ES users (e.g., knowledge workers) exhibit different search
behaviours than WS users (e.g., query length, navigational intent). The ‘QAC
abandon’ phenomenon observed and described in EXP-8 might vary in domains
with different user urgency levels (e.g., customer support vs. academic research or
even a team of auditors).

5.8 Scope Limitations
The possibilities for research in information retrieval for ES are nearly limitless.
However, due to practical constraints, the scope of this study has been restricted.
Exclusions encompass ranking functions like personalisation, location-based ranking,
and AI generated summaries.

5.8.1 Personalisation Ranking Function

As discussed in Section §2.2.11, personalisation and collaborative-based filtering are
major areas of investigation in their own right and are typically covered in the
domain of recommender systems. While personalisation is not within the scope of
this study, it has been very effective for ranking in the field of WS [21,137,245].

Profiling of individual user or session data was not permitted for this programme
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of research by The University (in accordance with research ethics and data pro-
tection requirements). While many enterprises employ various forms of monitoring
or telemetry for operational, security, or compliance purposes, such practices are
generally governed by internal policies and employment contracts. In contrast, for
research purposes, the profiling of individual search behaviour raises distinct ethical
and legal concerns relating to consent, transparency, and the proportionality of data
use under GDPR. Consequently, only aggregated and anonymised query history and
selection data was used in this study.

The nature of the relationship between an organisation and its members/employees
is not the same as that between an individual and a commercial WS provider like
Google. While a user may not be concerned about sharing their behaviour patterns
with a third-party organisation like Google, they may feel differently when asked to
share this with their employer [96].

5.8.2 Location-based Ranking Function

As described in Section §2.2.12, the ranking of search results based on the user’s
location is called ‘location-based ranking’. The concept can also be applied to QAC,
which would involve tailoring the ranking of prefix-candidate pairs to consider the
user’s geographical location. In ES, this function could be used for the upranking
of nearby organisational services, such as offices, printers or first aid defibrillators.

As per personalisation, this function would depend on users disclosing personal data
(location). While users may be content to share their location (and location history)
with the major commercial WS providers, it is generally considered a breach of
privacy and trust to grant it to their employer/organisation. This is probably due to
the potential for misuse and the inherent power imbalance in the employer-employee
relationship. Location-based ranking is not within the scope of this study, though
it has proven to be very effective in the fields of WS and ecommerce [30,169,246]

5.8.3 AI Generated Summaries

Many of the major WS providers now integrate AI summaries into their interfaces.
As described in Section §2.5.6, AI summaries are automatically generated concise
textual representations. The summary affects ranking insofar as the content is
presented atop the search results page. These summaries are typically generated
using transformer-based language models combined with extractive summarisation
techniques.

The conservative nature of smaller enterprises may delay adoption of generative AI
until the dangers of factual inaccuracies and hallucinations is reduced. For example,
for The University’s ES service, IT Services management have raised concerns that
AI generated content might replicate or reinforce biases present in training data,
potentially exposing the institution to reputational and legal risks. Furthermore,
enterprises may be at a loss to understand, much less explain why certain content
was included in AI summaries.
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Just as most advancements in WS eventually make their way to ES, AI summaries
will likely soon also become standard in ES. Microsite editors would be well-placed,
as subject matter experts, to gauge and validate summaries. By leveraging LTR and
LM methods in search results and QAC ranking today, the organisation would be
well-prepared for implementation of (more disruptive) AI summaries in the future.

5.9 Future Directions and Research Opportunities
While this study has demonstrated the viability of LTR and LM approaches for ES
ranking, several areas warrant further exploration:

• Future research might include replacing GPT-4 with BERT and re-conducting
the jargon detection experiment (EXP-8). As discussed in Section §5.4, BERT
is primarily designed for understanding. It is not a generative model (like
GPT-4) and is likely to be more repeatable under controlled experimental
conditions.

• While this study proved a correlation between human relevance judgements
and CTR feedback, it would be interesting to use a hybrid ES dataset.
For example, each feedback method could have a 50/50 input to the final
annotation score. Alternatively, the ratio could be an adjustable variable
much like the ‘temperature setting’ in generative AI (as discussed in Section
§5.5.2). Comparing the performance of the subsequent ranking models could
be an interesting avenue for a future study. A hybrid dataset would also serve
to mitigate position and organisation bias identified in EXP-3.

• A limitation of the ENTRP-SRCH dataset, which centres on just twenty of the
most frequently submitted queries, was apparent in EXP-5 (JARGES). The
use of click-through data in place of human judgements for Q-D pair annota-
tion would facilitate larger and more diverse ES datasets that are better able
to capture the nuances of enterprise specific terminology. Finally, it would be
interesting to perform a longitudinal study to gauge the JARGES impact on
semantic and exploratory search, based on query expansion and recall on a
real-world ES system.

• Many real-world searchers opted not to take the time to engage with the QAC
‘interactive search’ offering, even when the golden candidate is offered atop
the list. This QAC abandon phenomenon presents some interesting new
directions for the field of auto-completion (e.g., why do searchers abandon?
Is is just the very fast typists who abandon? Does abandon correlate with
latency in the presentation of candidates?).

• Employing generative AI to produce AI summaries for ES would mark a
significant leap forward. Introducing AI summaries for ES would be an excit-
ing, but perhaps sensitive/controversial avenue for further study and experi-
mentation (as discussed in Section §5.8.3), which would likely be subject to
a thorough multi-stakeholder research ethics approval process. A smoother
implementation of this service can be expected where the organisation’s ES
infrastructure already employs LTR and LM methods.
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5.10 Summary
This chapter synthesised experimental findings, discussed their implications for ES
ranking, generalisability, and practical adoption challenges. While LTR and LM
methods have proven potential in improving ranking performance, their integration
requires careful consideration of implementation complexity, dataset generation, and
ongoing maintenance requirements. The scope limitations of this study are noted.
Future research could include replacing GPT-4 with BERT for jargon detection,
using a mixture of human and CTR data to create a larger and de-bias dataset, in-
vestigating causes of QAC abandon, and an exploration into the use of AI summaries
for ES.
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6
CONCLUSION

This research set out to address challenges in Enterprise Search (ES) by investi-
gating the applicability and effectiveness of Learning to Rank (LTR) and Language
Modelling (LM) methods to improve ranking performance for both search results
and query auto-completions (QAC).

The motivation for this study stemmed from the persistent gap between user expec-
tations, shaped by commercial web search (WS), and the generally poor performance
of ES systems, particularly for ranking search results, auto-completion candidates,
and addressing the vocabulary mismatch that is compounded by the prevalence of
specialised jargon and terminology unique to an organisation.

This concise chapter complements the comprehensive discussion in Chapter 5 by sys-
tematically evaluating the fulfilment of the Research Objectives (OBJ), addressing
the Research Questions (RQ), and assessing the outcomes of the Research Contri-
butions (RC) originally defined in Chapter 1.

6.1 Research Objectives Revisited
The following provides a summary of how each of the four research objectives was
achieved.

• Fulfilment of OBJ-1

Develop and evaluate a Learning to Rank model for ES search results
and compare it with the effectiveness of traditional ranking methods.

This objective was fully accomplished. Experiments (EXP-1, EXP-2) demon-
strated that LTR improved ranking performance (as measured by nDCG) com-
pared to traditional methods like BM25 and field boosting. The ablation study
(EXP-2) identified the contribution of each feature in the LTR model.

• Fulfilment of OBJ-2
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Compare the effect of using implicit feedback such as click-through
data instead of human judgements in LTR training data gathered
from an online ES service.

This objective was fully accomplished. EXP-3 showed a strong correlation
between click-through data and human judgements, validating CTR as a viable
surrogate for training data. The experiment also uncovered biases related to
organisation and position effects.

• Fulfilment of OBJ-3

Detect jargon/terminology in enterprise content and decode jargon
terms for query expansion via synonyms to unlock Semantic Search.

This objective was partially accomplished. While the JARGES LM feature
(EXP-5) was introduced to detect jargon/terminology, evaluation using the
ENTRP-SRCH dataset did not exhibit a statistically significant improvement in
ranking performance. In spite of this, the qualitative analysis of the generated
synonyms revealed promising results for recall as a foundation for semantic
search.

• Fulfilment of OBJ-4

Develop and evaluate a ranking model for Query Auto-Completion
candidates customised for enterprise content and associated specialised
jargon/terminology.

This objective was fully accomplished. EXP-6 and EXP-7 demonstrated that
a ranking model generated using LTR improved QAC ranking (as measured
by MRR). Furthermore, the A/B test in EXP-8 confirmed the positive impact
on ranking performance of QACES in a live ES service.

6.2 Research Questions Revisited
With the research objectives accomplished, the original research question can be
revisited and evaluated.

As outlined in §1.2, the overarching research question pursued in this thesis is:

To what extent can Learning to Rank and Language Modelling methods,
tailored to enterprise content and information needs, boost traditional ES
ranking performance for both search results and query auto-completions?

This overarching question is divided into three underlying research questions, each
targeting a distinct problem in ES: (PS-1) the poor relevance of ranked results
compared to WS, (PS-2) the challenge of semantic mismatch between query intent
and document language, and (PS-3) the difficulty users experience in formulating
queries using organisation-specific jargon.

• Answer to RQ-1
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Compared to the traditional methods, to what extent can Learning to
Rank improve relevance matching and ranking performance of search
results for Enterprise Search?

This question has been fully answered. EXP-1) showed that LTR significantly
outperformed traditional methods (e.g., BM25 + field boosting), with mea-
surable gains in nDCG (e.g., a 5.85% improvement for nDCG@5). Feature
ablation (EXP-2) confirmed that BM25 and field boosting are the dominant
contributors.

• Answer to RQ-2

To what extent can Language Modelling address ‘vocabulary mis-
match’ by improving semantic matching for Enterprise Search?

This question has been fully answered. LM methods (e.g., JARGES/QACES)
bridged vocabulary gaps by detecting divergence in jargon and terminology
(Tables 3.12 and 4.5). EXP-5 showed a qualitative improvement in search
result recall via synonyms for jargon terms. EXP-8 showed improved ranking
when LM methods were added to the LM model for QAC.

• Answer to RQ-3

To what extent can LTR and LM methods be used to suggest and im-
prove the ranking of candidates generated for Query Auto-Complete
for an organisation’s specialised jargon/terminology?

This question has been fully answered. The QACES feature (EXP-8) enhanced
MRR in live A/B tests, while LTR-weighted features (e.g., MFQ, anchor text)
outperformed TF alone (EXP-6).

Table 6.1 summarises how each of the three research question is tied to a specific
research problem/objective and experiments.

Table 6.1: A mapping of how each research question is linked to the original research
problems, objectives, thesis chapters and experiments.

Research Research Research Thesis Experi-
Question Problem Objective Chapter ment

RQ-1 PS-1 OBJ-1,2 3 1,2,6,7
RQ-2 PS-2 OBJ-3,4 3,4 5,8
RQ-3 PS-3 OBJ-4 4 6,7,8

6.3 Research Contributions Revisited
In Section §1.5, it was stated that the overarching contribution of this research would
be a bridge of the gap between state-of-the-art AI ranking models and real-world
Enterprise Search implementations, while introducing novel features to detect and
decode organisational jargon.

• Contribution RC-1
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An identification of the features influencing a ranking model’s per-
formance for ES search results and QAC and how these features
differ (or are weighted differently) from those used in Web Search.

This contribution has been fully realised and achieved via EXP-2 and EXP-7
(ablation studies for ranking of search results and QAC respectively). The
experiment identified ranking features specific to enterprise content, and how
these differ from those commonly adopted for WS. Feature weights (e.g., URL
length, LinkRank) were determined. BM25 was the most significant contrib-
utor. Field boosting and document recency proved less critical due to the
variety of document types in the enterprise corpus.

• Contribution RC-2

A comparison of the effectiveness of traditional ES ranking methods
with ranking performance achieved using LTR and LM methods.

This contribution has been fully realised and demonstrated through EXP-1
(nDCG improvements) and EXP-6 (MRR gains). Marginal gains for certain
nDCG cut-offs for search results ranking highlight the balance of performance
and implementation effort for smaller organisation with limited resources. Al-
though the QAC ranking model performance gain is substantial using the AI
approach, it too must be weighed against the additional skills, resources and
effort required for an organisation to implement (and periodically re-train) it.

• Contribution RC-3

The creation of an Enterprise Search dataset based on document
characteristics and search log data from a ‘real world’ ES service.
The dataset is in the LTR format and is publicly available.

This contribution has been fully realised and the completed and anonymised
dataset (ENTRP-SRCH) has been published on GitHub17, enabling reproducibil-
ity and future ES research. Query clustering and the Search Demand Curve
were used as an innovative approach for selection of suitable topics for an-
notation. The auxiliary IAA experiment (EXP-4) confirmed that while hu-
man relevance judgments exhibited moderate agreement levels on a Q-D pair,
variability among annotators highlighted subjective differences in document
assessment.

• Contribution RC-4

A demonstration that click-through rate can be used in place of hu-
man relevance judgements in training data for ES search results.

This contribution has been fully realised and validated in EXP-3, showing
CTR’s viability for training. While analysis of the CTR data detected position
bias (as expected), it also uncovered a new kind of ‘organisational bias’ specific
to ES. A novel approach to mitigation of both kinds of bias was also discussed,
via the use a hybrid annotation scheme, where Q-D scores are formed by a

17https://github.com/ColinDaly75/ES-Ranking/blob/master/ENTRP-SRCH-v14.txt
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mixture of CTR and human judgements. In the field of WS, click models have
long been regarded as an effective method for inferring document relevance to
a given query. It can now be said to hold true for ES as well.

• Contribution RC-5

A Language Model algorithm that improves ranking and recall for
jargon/terminology specific to an organisation (applied to both search
results and QAC).

This contribution has been partially realised. The novel QACES feature (EXP-
8) leverages the ‘divergence’ between the meaning of a query as understood
using a local corpus and that of the GPT LLM. This divergence, as measured
by the Jaccard Distance, is used not just to detect jargon, but also to measure
how ‘jargony’ a term is. Similarly, the ‘JARGES’ feature was used to detect
and decode jargon (EXP-5), but quantitative testing using the ENTRP-SRCH
dataset failed to demonstrate a statistically significant increase in ranking
performance. This result is disappointing, but not entirely unexpected, as the
dataset is small, with limited query diversity and a scarcity of jargon rich Q-
D pairs. In spite of this, the qualitative analysis of the generated synonyms
revealed promising results for recall as a foundation for semantic search.

6.4 Publications

During the process of realising the research contributions, three papers were accepted
for publication18, and an additional (Paper IV) has been submitted, and currently
awaiting acceptance for publication. These publications ensure that the findings
and insights from this thesis reach the broader scientific audience.

• Paper-I Daly C. “Learning to Rank: Performance and Practical Barriers to
Deployment in Enterprise Search.” 3rd Asia Conference on Information En-
gineering (ACIE), Chongqing, China, 2023 (long paper) [136]. This paper
compares the implementation and performance of traditional, moderately un-
complicated methodologies such as BM25 with Learning to Rank and examines
the common assumption that whatever method is best for WS must also be
best for ES.

• Paper-II Daly C and Hederman L. “Enterprise Search: Learning to Rank
with Click-Through Data as a Surrogate for Human Relevance Judgements.”
In Proceedings of the 15th International Joint Conference on Knowledge Dis-
covery, Knowledge Engineering and Knowledge Management (KDIR), Porto,
Portugal, 2023 (long paper) [231]. This paper explores whether click-through
data relevance feedback correlates with that of the human relevance judge-
ments, and whether small relevance judgement training data can be dispensed
with while relying entirely on abundant quantities of click-through data in-
stead.

18https://scholar.google.com/citations?user=j7zs9-YAAAAJ
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• Paper-III Daly C and Hederman L. “Learning to Rank for Query Auto-
Complete with Language Modelling in Enterprise Search.” in Proceedings of
the 16th International Joint Conference on Knowledge Discovery, Knowledge
Engineering and Knowledge Management (KDIR), Porto, Portugal, 2024 (long
paper) [247]. In this paper, traditional QAC ranking functions, such as how
often the prefix appears in the corpus, most popular completions, most fre-
quently queried, anchor text frequency, and trending queries are implemented.
The individual contribution of each of these signals is computed and then sup-
plemented with a novel LLM feature (QACES) to detect jargon/terminology.
LTR is used to combine the weighted features to create a QAC ranking model
and an A/B test is used to compare ranking performance.

• Paper-IV Submitted for publication (awaiting acceptance decision). Daly C
and Hederman L. “JARGES: Detecting and Decoding Jargon for Enterprise
Search.” submitted to (KDIR), Marbella, Spain 2025 (short paper) attached as
Appendix B. This paper introduces ‘JARGES’, a novel algorithm and feature
for detecting and decoding jargon for ES. It is designed to enhance a ranking
model combining LTR and transformer-based synonym expansion.

I am the primary author of each of the publications. Notably, Paper-III received
the KDIR 2024 Best Overall Paper award. Table 6.2 presents a mapping of
each contribution to its corresponding research problem, question, objective, and
associated paper. In contrast to the previous table, this version is structured around
Research Contributions as the organising principle.

Table 6.2: A mapping of how each research contribution is linked to the original
research problems, questions, objectives, thesis chapters, experiments and associated

papers.
Research Research Research Research Thesis Experi- Paper

Contribution Problem Question Objective Chapter ment Number
RC-1 PS-1 RQ-1 OBJ-1,4 3,4 2,7 I,III
RC-2 PS-1,2 RQ-1,2 OBJ-2,3 3,4 1,6 I,III
RC-3 PS-1 RQ-1 OBJ-4 3 3,4 I,II
RC-4 PS-1 RQ-1,3 OBJ-2 3 3 II
RC-5 PS-2,3 RQ-2,3 OBJ-3,4 3,4 5,8 III,IV

6.5 Limitations
Limitations are documented as an integral part of each experiment described in
Chapters 3 and 4. Similarly, scope limitations are detailed in Section §5.8.

This research journey has revealed how methodological choices profoundly shape
outcomes. While these limitations represent valuable learning opportunities, ad-
dressing them earlier would have strengthened the study:

• It was foolhardy to assume that a single judge, even a subject matter expert,
could be used to award annotations for a topic or subject area. A better
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approach would have been to seek out two judges, each willing to participate
and annotate for their topic. More thought should have been put into planning
the dataset rather than prematurely jumping into creating it. The IAA test
in auxiliary EXP-3 was introduced latterly to confirm the integrity of the
ENTRP-SRCH dataset in spite of this limitation.

• Similarly, for EXP-5, the relatively small ENTRP-SRCH had a limited query di-
versity and scarcity of jargon-rich Q-D pairs. The dataset used human annota-
tions and was designed primarily for ranking the most frequent topic queries.
Had the dataset been generated using CTR data as a surrogate for human
annotations (EXP-4 proves that this is a valid approach), then the evaluation
would have been able to capture the nuances of enterprise specific terminology
better (in line with the qualitative success of synonym generation).

These limitations were avoided in the QAC experiments, as Most Popular Com-
pletions (MPC) data was used as the ‘ground truth’ for annotations of the Prefix-
Candidate (P-C) pairs. These pairs combined to generate a QAC dataset that
contained 902,412 P-C pairs, and EXP-8 proved that this was sufficiently diverse to
capture an improvement in ranking performance for jargon terms.

6.6 Future Directions
While this study has demonstrated the effectiveness of the AI approach for ES
ranking, several areas merit further exploration. Future research could include using
a combination of human and CTR data to create a larger, more diverse dataset
with de-biased annotations, investigation of the causes of QAC abandonment, and
an exploration of the use of AI summaries for ES. These opportunities are detailed
in the discussion chapter (Section §5.9).

6.7 Final Comment
Six years is a considerable span in the rapidly evolving field of artificial intelligence.
When this study commenced in 2019, BERT and GPT-1 had only just emerged.
Since then, the pace of advancement has been remarkable, and continued transfor-
mation is inevitable. By leveraging LTR and LM methods in search results and QAC
ranking today, organisations will be better positioned for the implementation of po-
tentially more disruptive future AI developments. If this work contributes to that
ongoing progress and helps organisations make informed decisions about adopting
the AI approach, it will have served its purpose.

This research demonstrates that the AI approach (specifically LTR and LM) can
be effectively adapted and applied to ES, a domain traditionally underserved by
the academic community. By designing, implementing, and evaluating intelligent
ranking models in a live, real-world ES system, this work closes the gap between
theoretical AI advancements and practical organisational search needs.

The creation of a jargon-aware Language Model and its integration into LTR pipelines
marks a novel contribution to enterprise information retrieval. The public release
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of a LETOR-formatted ES dataset also addresses a known barrier in the field: the
lack of open training data tailored to enterprise contexts.

Beyond performance improvements in both search results and query auto-completion,
this thesis offers a replicable methodology, reusable tools, and a clear demonstration
of how AI ranking systems can enhance search effectiveness for knowledge workers.
It provides a solid foundation for future ES research and serves as a template for
organisations seeking to modernise their internal search capabilities using AI-driven
methods.
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Appendices

A
ES and WS DIFFERENCES

This appendix highlights the main variations between Enterprise Search (ES) and
Web Search (WS). It functions as a detailed compilation of differences noted during
the course of this study. Given the absence of a similar compilation elsewhere, it is
included here as an appendix. The list below is in no particular order.

DIFF-1 ES: Data components may be both internally and externally accessible.
WS: Data components are exclusively externally crawlable (discussed in
Section §2.1.2 and 2.4.4).

DIFF-2 ES content may be indexed from multiple sources including corporate di-
rectories and intranet document repositories. WS data has been typically
crawled from web pages (discussed in Section §2.2.10).

DIFF-3 ES documents may be stored without search optimisation (no tags, hrefs,
or even titles). Document may have been placed on an intranet drive purely
for storage, with no intention of being made searchable. Different ranking
functions will therefore be required (discussed in Section §3.3).

DIFF-4 ES frequently handles alphanumeric searches for organisation, including
specific data like usernames, course codes, tracking numbers, and purchas-
ing codes (discussed in Section §2.1.3).

DIFF-5 The typical number of tokens in a query is generally smaller for ES com-
pared to WS. Average query length: 2.187 words in The University’s ES
service (measured 20-Dec-2023). In WS, users have discovered that search
engines can successfully handle full length sentences / questions as a query.
Similarly, in The University’s ES system, only 0.84% of queries are in the
form of a question. This compares to 14.1% for WS, based on analysis of
question-word frequency (discussed in Section §3.4.2).

DIFF-6 An effective ES service helps users avoid navigating hierarchical menus by
providing a single search interface for organisational assets. The web offers
no such top level portal (at least not since ‘Yahoo! Directory’ was retired
in 2014). White defines ES as a service that “enables employees to find all
company information without needing to know where it’s stored” [54]. ES
exists on a continuum between web search and desktop search [6] (discussed
in Section §2.1.1).
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DIFF-7 Query Auto-Completion (QAC) helps users formulate queries when they
understand their intent but struggle with the organisation’s specific termi-
nology. This is especially useful for newcomers (prior to orientation and
onboarding, etc and discussed in Section §2.1.8 and §4.5).

DIFF-8 ES research uses various terms including ‘workplace search systems’, ‘en-
terprise document search’, and ‘Enterprise AI search’. Lewandowski notes
the lack of consistent terminology between information scientists and WS
search engine optimisers [248](discussed in Section §2.1.1).

DIFF-9 Crowdsourcing platforms like Amazon Mechanical Turk (AMT) can be em-
ployed for WS annotation, but they cannot access intranet content. ES
relevance judgments require internal domain experts to achieve the equiv-
alent (discussed in Section §3.4.3).

DIFF-10 While WS relevance judgments show low inter-annotator agreement, ES
benefits from higher consensus as the annotators are internal domain ex-
perts or at least have an approximately shared understanding of the organ-
isation (discussed in Section §3.4.3 and in Section §2.2.20).

DIFF-11 Scale difference: ES indices are typically of size measured in hundreds of
MB. This is tiny compared to WS’s petabyte scale systems. The Google
search index is estimated to exceed 100 PB in size (discussed in Section
§2.1.7).

DIFF-12 Resource difference: Google employs 130,000 staff (20,000 engineers dedi-
cated to search). White [72] notes that most organisations have a significant
shortage of people with skills to support and manage ES (discussed in Sec-
tion §2.5.7).

DIFF-13 ES query intent often involves navigational queries (‘lookup searches’) with
typically one perfect result, as classified by Broder and Russell-Rose et
al [57, 249]. Hence, ranking scores (in terms of the nDCG metric) will be
higher for ES. For example, a search for the name of a department (or
school etc) is expected to return the homepage of that department at top
billing (discussed in Section §2.1.4).

DIFF-14 WS QAC may use session based queries and collaborative filtering, con-
sidering previous queries even unrelated to the current prefix. Some ES
organisations shy away from profiling, even at the session level (discussed
in Section §2.2.11).

DIFF-15 ES users are typically employees accessing via workstations (desktops/lap-
tops), with fewer mobile users than WS, affecting the weighting of features
like userFromMobile (discussed in Section §2.2.10).

DIFF-16 ES QAC helps prevent zero-result queries, which is a potentially common
occurrence in smaller ES corpora. It has become increasing rare to submit
a search to a commercial WS provider and receive ‘no results found’. An
ES QAC service must produce ‘sensical candidates’ (discussed in Section
§1.1.2 and §4.7.1).
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DIFF-17 Molnar notes ES challenges: users demand perfect results but don’t tag
documents, misuse collaboration tools as file systems, and create content
silos [9]. This is the opposite of what SEO engineers strive for in WS
(discussed in Section §2.1.2).

DIFF-18 Some organisations guide publishers to use document tags for search and
QAC, while others have untagged legacy files never intended for search
(discussed in Section §4.3).

DIFF-19 For The University’s ES service, 91.8% of search terms are long-tail key-
words. The top 500 WS terms account for 8.4% of search volume, versus
38.5% in The University’s ES dataset (discussed in Section §2.1.7).

DIFF-20 Location based ranking is generally inappropriate (or not permitted) for
ES, except perhaps in multinational organisations or on exceptionally large
campuses (discussed in Section §2.2.12 and §5.8.2.)

DIFF-21 Personalisation and Location based ranking both raise GDPR concerns in
ES, requiring transparency and consent to prevent employee profiling (dis-
cussed in Section §5.8).

DIFF-22 Effective QAC in ES reduces unnecessary queries, improving server load
and retrieval performance. This is not a problem for WS, where there are
more resources available to deal with server load issues (discussed in Section
§2.3.2).

DIFF-23 WS requires strict autocomplete content filtering; ES doesn’t need such
policies as employees are accountable for content (discussed in Section
§3.2.3).

DIFF-24 WS faces legal challenges over content use (e.g., the infamous case of Per-
plexity’s news aggregation), unlike ES where crawling and indexed content
is applied within the organisation (discussed in Section §2.2.5 and §2.2.7).

DIFF-25 Unlike WS, ES has no SEO industry, and document publishers/content-
providers do not generally compete for rankings. View count manipulation
(possible via scripts) is common in WS but rare in ES organisational con-
texts. ES content publishers are rarely compete for top-billing (discussed
in Section §3.2.3 and §3.2.2).

DIFF-26 ES document paths include network drive letters (e.g., W:\path\to\document)
alongside URLs, unlike WS which uses forward-slash-only paths (discussed
in Section §4.3).
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Abstract: Newcomers to an organisation often struggle with unfamiliar internal vocabulary, which can affect their ability
to retrieve relevant information. Enterprise Search (ES) systems frequently underperform when queries contain
jargon or terminology that is specific to the organisation. This paper introduces ‘JARGES’, a novel feature for
detecting and decoding jargon for ES. It is designed to enhance a ranking model combining Learning to Rank
(LTR) and transformer-based synonym expansion. The ranking model is evaluated using the ENTRP-SRCH
dataset. Our experiments showed, however, that the JARGES feature yielded no significant improvement over
the baseline (nDCG@10 = 0.964, ∆ = 0.001, p> 0.05). These failures are likely due to the dataset’s lack of
jargon-rich pairs. This highlights the need for larger ES datasets derived from diverse, real world click-through
data or other implicit feedback to detect subtle ranking signals.

1 INTRODUCTION

Enterprise Search (ES) plays a key role in enabling
organisations to efficiently access internal knowledge.
But ES systems are often perceived to be ‘relevance-
blind’ [Turnbull and Berryman, 2016] as users “can-
not find the information they seek within an accept-
able amount of time, using their own enterprise search
applications” [Bentley, 2011]. For newcomers, this
challenge is compounded by the prevalence of spe-
cialised jargon and terminology unique to an organi-
sation.

Such jargon, while familiar to long-term employ-
ees, can impede effective searches by new staff or ex-
ternal stakeholders. This is sometimes referred to as
‘vocabulary mismatch’ [Ganguly et al., 2015]. Query
formulation using incorrect terms or phraseology can
lead to poor ranking and recall of query results, with
a potential reduction in staff productivity.

To address this problem, we propose a ranking
model that integrates Learning to Rank (LTR) and
Language Modelling (LM). The LM component is
called ‘JARGES’ (JARGon for Enterprise Search),
and is designed to detect and decode jargon in ES
queries and corpora. The detection and decoding
stages of JARGES are demonstrated in Figure 1.
This study aims to evaluate the effectiveness of this

a https://orcid.org/0000-0001-7218-7765
b https://orcid.org/0000-0001-6073-4063

approach in improving search result rankings, par-
ticularly for content rich in organisational terminol-
ogy. To test this hypothesis, we perform a quan-
titative evaluation of the performance of an LTR
ranking model with and without JARGES using the
LTR-formatted ENTRP-SRCH dataset (2,544 human-
annotated Q-D pairs) [Daly, 2023]. We subsequently
perform a qualitative analysis of the decoded jargon
terms via their contextual synonyms.

While the quantitative experiments did not result
in an improved ranking performance, the nuances of
enterprise specific terminology may have been bet-
ter captured had a larger and more diverse ES dataset
been available. Moreover, JARGES offers a promis-
ing direction for decoding organisational language
and semantic search.

2 RELATED WORK

Enterprise Search (ES) can be simply defined as find-
ing the information needed from within an organi-
sation [Bentley, 2011] or as a service that “enables
employees to find all the information the company
possesses without knowing where the information is
stored” [White, 2015].

Jargon is enterprise specific vocabulary that em-
ployees/members can understand. It encompasses
words, phrases, expressions, and idioms that are not

B
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Figure 1: Architecture of the JARGES algorithm, including
the detection (classification) and decoding (synonym gener-
ation) stages.

universally familiar or properly understood.
Although excessive use of jargon and terminology

in organisations is often perceived as exclusionary, we
use the terms here in a positive context for conveying
complex ideas, processes, or services among employ-
ees/members who share common knowledge of the
enterprise. In this context, jargon and terminology fa-
cilitate efficient communication.

The challenge of detecting and decoding enter-
prise jargon/terminology within a corpus lends itself
to the fields of natural language processing (NLP)
and LM. Comparative TF-IDF scoring and sparse ma-
trix vectorisation can be used for tasks like plagia-
rism classification [Pudasaini et al., 2024] and also
to distinguish word or phrase salience patterns be-
tween corpora [Belfathi et al., 2024]. The TF-IDF
divergence calculation is computationally lightweight
and can be executed using the standard IT hardware
commonly available in most organisations. Word em-
beddings are another NLP tool that can capture se-
mantic relationships between words in text data via
dense vector matrices. LMs, such as Google’s Bidi-
rectional Encoder Representations from Transform-
ers (BERT) [Devlin et al., 2019], are trained on large
datasets containing vast amounts of text from diverse
sources. While embeddings and transformers are
regularly used in e-commerce [Singh et al., 2023]
and commercial search engines [Li et al., 2017],

their application for ES has not been sufficiently ex-
plored. A 2024 study by Belfathi to classify docu-
ment genres used BERT to distil ‘linguistic attributes’
for legal terms and demonstrated elevated ranking
performance for specific tasks in the LegalGLUE
dataset [Belfathi et al., 2024].

In 2019, Facebook developed an improved ver-
sion of BERT called RoBERTa (Robustly Optimised
BERT Approach) [Liu et al., 2019]. Studies have
shown that RoBERTa’s larger training data leads to
superior generation of synonyms. RoBERTa is espe-
cially effective for jargon by leveraging its ability to
discern subtle contextual nuances that smaller models
like BERT might miss.

Learning to Rank (LTR) is the application of su-
pervised machine learning techniques to train a model
to list the best ranking order [Li, 2011, Xu et al.,
2020]. In the context of search results, LTR involves
combining ranking signals to present the best order
of documents for a given query. LTR computes the
optimum ‘weight’ (importance) of signals, which can
be extracted from an ES corpus and associated query
log data. While LTR has been in use since 2004,
major commercial Web Search (WS) providers like
Baidu and Google still use LTR in 2024 [Wang et al.,
2024, Google, 2025], with Baidu referring to it as the
“standard workhorse” [Wang et al., 2024] for rank-
ing search results. LTR methods, such as Lamb-
daMART [Burges et al., 2005], optimise ranking by
learning from relevance-labelled data, often evaluated
using metrics like normalised discounted cumulative
gain (nDCG), as seen in [Liu, 2010]. For ES, LTR has
been adapted to handle domain specific challenges,
including the presence of jargon, though with mixed
success due to dataset limitations [Hawking, 2004]. A
test collection or dataset based on Enterprise Search is
hard to come by, as organisations are not inclined to
open their intranet to public distribution, even for re-
search purposes [Craswell et al., 2005, Cleverley and
Burnett, 2019].

3 METHODS

This section outlines the methodology employed
to create the JARGES feature, integration with an
Apache Solr ES service, and the subsequent evalua-
tion of the LTR ranking model. The ranking model is
trained and evaluated using the ENTRP-SRCH dataset,
and incorporates offline A/B testing to assess ranking
performance.
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3.1 JARGES

The JARGES algorithm is designed to detect and de-
code jargon. It processes three input files and gener-
ates two output lists, as depicted in Figure 2. These
outputs are tailored to enhance distinct components of
Enterprise Search (ES):

• A ranked list of the organisation’s detected jargon
terms, ordered by their ‘jargony’ score. This list
serves as a ranking function for integration into an
LTR model.

• A list of synonyms for each decoded jargon term
from within the organisation. This output enables
query expansion in the search engine, thereby im-
proving recall.

Figure 2: The three inputs for the JARGES algorithm,
which outputs two lists (for ranking and recall respectively).

In this study, we use the ENTRP-SRCH LTR dataset,
which includes 2544 human-annotated Q-D pairs of
twenty most frequent queries of a large third-level ed-
ucation institution. One popular PDF document in the
corpus is entitled ‘jargon buster’ and describes 126
commonly used jargon terms within the institution.
The full code for the JARGES ranking and recall fea-
ture has been published to GitHub1.

3.1.1 Detection

The JARGES feature is centred on the relative unusu-
alness of words, such as those used in organisational
jargon/terminology. Figure 3 is a demonstration of
how JARGES works when applied to a real sentence
in the organisation’s corpus. Detections works by
harnessing TF-IDF (Term Frequency, Inverse Docu-
ment Frequency). TF-IDF is a core NLP statistical
technique and was chosen as it is better at detecting
semantic importance than raw word counts [Jones,
1972]. TF-IDF is used identify important (single and
multi-word) terms in an enterprise corpus and com-
pare their scores against general English frequencies.
A substantial difference between the two scores indi-
cates that the term may be jargon.

1https://github.com/ColinDaly75/JARGES

Figure 3: An example of jargon / non-jargon classification
by JARGES when applied to a sentence in the corpus.

ES Corpus Vectorisation. The TfidfVectorizer
python library [Pedregosa et al., 2011] is used to con-
vert a collection of raw text document into a matrix
of TF-IDF features. It splits and tokenises the docu-
ment’s words into n-grams and then computes the TF-
IDF score for each n-gram in a document. The text
is vectorised into a numerical matrix where each row
represents a document and each column represents a
word’s TF-IDF score.

Detecting Divergence. The challenge is to detect
enterprise specific words, phrases, expressions, and
idioms that diverge from those universally familiar or
understood outside of the organisation. This diver-
gence is measured by computing the absolute differ-
ence in TF-IDF scores for the terms.

SpaCy is an open source Python NLP library for
fast text processing that includes a small, pre-trained
statistical model for English called ‘en core web sm’.
The model is trained on web and news text data.
SpaCy has been shown to work well for standardised
English (e.g., formal writing, news, technical docu-
ments). For this reason, we use it as our reference
source of TF-IDF for common English.

Jargony. Moreover, the magnitude of the di-
vergence between the common score and the corpus
score represents a measure of ‘jargony’ (i.e. how
much jargon is likely imbued in the term). For ex-
ample, TfidfVectorizer computes the TF-IDF score
of the word ‘blackboard’ in common English (i.e.
en core web sm) is X, whereas the score recorded
from the organisation corpus is Y. In the event where
a term does not occur in common English, but oc-
curs frequently in the organisation’s corpus, this too
is treated as jargon (e.g. the ‘SCSS’ term shown in
Table 1).

Refining the List. The size of the sorted
list, which includes both the jargon term and its
corresponding jargony score, is determined by the
min divergence parameter. In the case of our cor-
pus, this was set to be 15%, meaning that any jar-
gon term with a TF-IDF divergence smaller that this
is discarded. This is the same as the threshold adopted
in Belfathi’s study [Belfathi et al., 2024]. Moreover,
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Table 1
JARGES classification. The terms in red font were successfully classified as jargon.

Jargon Term Wikipedia-api Definition Meaning within Organisation

Blackboard A reusable writing surface on which text
or drawings are made with sticks of
calcium sulphate or calcium carbonate,
known, when used for this purpose, as
chalk. Blackboards were originally made
of smooth, thin sheets of black or dark grey
slate stone.

Blackboard is an abbreviation of ‘Black-
board Learn’, which is the organisation’s
Virtual Learning Environment (VLE). Stu-
dents can use Blackboard to access lecture
notes, online assignments and other activi-
ties.

Atrium One of the two upper chambers in the
heart that receives blood from the circu-
latory system. The blood in the atria is
pumped into the heart ventricles through
the atrioventricular mitral and tricuspid
heart valves.

Event space and meeting place in the Din-
ing Hall building which is often used by
student societies.

SCSS No definition. Initialism for ‘School of Computer Science
and Statiscics’.

Botany Bay An open oceanic embayment, located in
Sydney, New South Wales, Australia

A residential square located behind the
Graduates’ Memorial Building.

Hilary Hillary Diane Rodham Clinton (née Rod-
ham;[a] born October 26, 1947) is an
American politician, lawyer and diplomat.

Hilary is the second of The University’s
three annual semesters, running from Jan-
uary to April.

on visual inspection, the terms below this threshold
did not intuitively appear jargon-like. This list is fur-
ther refined by filtering the jargon terms with those
query terms previously submitted to the search en-
gine (this is the ES query history input shown in Fig-
ure 2). Two years of ES log data included 62,044
unique query terms. The resultant list (named refined-
jargon-list.txt) consists of overlapping terms that are
a) likely to be jargon and b) have a history of being
queried. For our corpus, the refined list consisted of
547 records.

Blind Spot. A key limitation of the JARGES algo-
rithm is its reliance on TF-IDF score divergence be-
tween common terms and corpus specific terms. A
situation can occur when the divergence is too small
for detection, even where a term is clearly jargon. For
instance, as illustrated in the last row of Table 1, the
jargon term ‘Hilary’. The top Wikipedia-api defini-
tion presented changes the spelling from Hilary to
Hiliary (i.e. Clinton). The term Hilary exhibits com-
parable prominence in both sources, thereby prevent-
ing its identification as jargon. Resolving this issue
would require an alternative algorithm that differenti-
ates terms based on semantic meaning instead of TF-
IDF scoring.

3.1.2 Decoding

In the decoding stage, the RoBERTa language model
is adapted for synonym generation by fine tuning it
on the organisation’s corpus. RoBERTa is used to
predict plausible alternatives for the previously de-
tected jargon terms. Synonyms can enhance semantic
search by enabling the system to recognise and re-
trieve conceptually related terms beyond exact key-
word matches.

The synonyms are output to a text file in a format
that can be understood by the search engine. A practi-
cal consideration for Apache Solr is that the the more
specific terms should be listed in the file before gen-
eral ones [The Apache Software Foundation., 2004].
The synonyms are therefore ordered by their jargony
score (computed in the detection phase). To further
prioritise specific over more general synonyms, the
Solr SynonymGraphFilterFactory is used as it has bet-
ter handling of multi-term and large synonym sets
than the default SynonymFilterFactory . This allows
for query-time synonym expansion, where unpriori-
tised synonyms are added to the query, while the orig-
inal query term is still gets top billing. The syn-
onyms of the jargon query terms should align with the
description in the organisation’s ‘jargon buster’ PDF
document.
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3.2 LTR Ranking Model

Our ES LTR ranking model is generated using eight
features as part of the ENTRP-SRCH dataset. These fea-
tures include BM25, recency, document hits, linkrank
and click-though rate and are described fully in [Daly
and Hederman, 2023]. A ninth feature, representing
JARGES is then added to the dataset to test its im-
pact. Table 2 describes the hyper-parameters used for
the LTR calculation.

Table 2
Hyperparameters used in the Learning to Rank experiment.

Parameter Value

Dataset ENTRP-SRCH
Algorithm GradientBoosting
n estimators 100
max depth 3
learning rate 0.1
rank nDCG
random state 42
n splits 5
num features 8 (9 incl. JARGES)

4 EVALUATION

We conducted an A/B test comparing the ranking per-
formance for two models generated and evaluated us-
ing the ENTRP-SRCH dataset. The first model incor-
porated eight features from our base model, while
the second additionally included the JARGES feature.
The ranking scores for both models are displayed in
Table 3. The results indicate no significant percentage
change between the two.

Table 3
A/B test results for ranking models with the percentage
change in nDCG score after implementation of the JARGES
feature.

Feature nDCG@10

Base LTR model 0.9646 ± 0.001
With JARGES 0.9639 ± 0.001
Percentage change +0.0%

We also conducted a ‘leave-one-out’ ablation
study to evaluate the contribution of individual fea-
tures. This method systematically removes one fea-
ture at a time to measure its impact on the overall
model performance. As shown in Figure 4, remov-
ing the JARGES feature from the baseline model has
a negligible effect on ranking performance.

Figure 4: LTR ranking model performance with and with-
out JARGES.

Both experiments showed that there is no sta-
tistically significant improvement for nDCG@10 at
the 5% level (p > 0.05). This is attributed to the
ENTRP-SRCH dataset’s limited query diversity and
scarcity of jargon rich Query-Document pairs, which
deflated the performance score of the JARGES fea-
ture.

The ‘Jargon Buster’ PDF file acts as a indepen-
dent reference for assessing both the precision and
the comprehensiveness of the decoded jargon terms
(i.e. synonyms). Of the 126 jargon terms defined in
the PDF, 53 also appear in our generated list. Further-
more, a cursory inspection of the synonyms generated
for these terms appears to reflect the correct semantic
context. Some examples are shown in Table 4.

5 CONCLUSIONS AND FUTURE
WORK

This study proposed the innovative ‘JARGES’ LM
based feature for detecting and decoding jargon, and
investigated the subsequent performance of ES rank-
ing models calibrated with LTR weightings. Quan-
titative testing using the ENTRP-SRCH dataset failed
to demonstrate a statistically significant increase in
ranking performance, as evidenced by an nDCG@10
change of less than 0.001 (where p > 0.05). This re-
sult is disappointing, but not entirely unexpected, as
the ENTRP-SRCH is small, with limited query diversity
and a scarcity of jargon rich Q-D pairs. In spite of this,
the qualitative analysis of the generated synonyms re-
vealed promising results for recall as a foundation for
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Table 4
Some examples of correctly decoded jargon terms via their contextual synonyms generated by RoBERTa.

Jargon Term Synonyms Meaning per ‘Jargon Buster’

pav pavilion, pavilion bar Formally, the Pavilion Bar. The University’s student bar,
managed by the Sport Union, located at the eastern end
of College Park.

tangent climate entrepreneurship,
social data science

The ideas workspace, providing courses and events cen-
tred on business and innovation.

forum cafe, restaurant College-operated eatery located in the Business School.
Here you’ll find hot and cold lunch offerings, barista cof-
fee, and - often - pop-ups run by local businesses.

semantic search.
Future work plans will address the limitations of

our ENTRP-SRCH dataset, which centres on just twenty
of the most frequently submitted queries. The use of
click-through data in place of human judgements for
Q-D pair annotation would facilitate larger and more
diverse ES datasets that are better able to capture the
nuances of enterprise specific terminology. Finally, it
would be interesting to perform a longitudinal study
to gauge the JARGES impact on semantic and ex-
ploratory search, based on query expansion and recall
on a real-world ES system.

REFERENCES

[Belfathi et al., 2024] Belfathi, A., Gallina, Y., Her-
nandez, N., Dufour, R., and Monceaux, L. (2024).
Language Model Adaptation to Specialized Do-
mains through Selective Masking based on Genre
and Topical Characteristics. arXiv, 2402.12036.

[Bentley, 2011] Bentley, J. (2011). Mind the Enter-
prise Search Gap: Smartlogic Sponsor MindMetre
Research Report.

[Burges et al., 2005] Burges, C., Shaked, T., Ren-
shaw, E., Lazier, A., Deeds, M., Hamilton, N., and
Hullender, G. (2005). Learning to rank using gra-
dient descent. In ICML 2005 - Proceedings of the
22nd International Conference on Machine Learn-
ing, pages 89–96.

[Cleverley and Burnett, 2019] Cleverley, P. H. and
Burnett, S. (2019). Enterprise search and discovery
capability: The factors and generative mechanisms
for user satisfaction:. Journal of Information Sci-
ence, 45(1):29–52.

[Craswell et al., 2005] Craswell, N., Cambridge, M.,
and Soboroff, I. (2005). Overview of the TREC-

2005 Enterprise Track. In TREC 2005 conference
notebook, pages 199–205.

[Daly, 2023] Daly, C. (2023). Learning to Rank:
Performance and Practical Barriers to Deployment
in Enterprise Search. In 3rd Asia Conference
on Information Engineering (ACIE), pages 21–26.
IEEE.

[Daly and Hederman, 2023] Daly, C. and Hederman,
L. (2023). Enterprise Search: Learning to Rank
with Click-Through Data as a Surrogate for Hu-
man Relevance Judgements. In 15th International
Conference on Knowledge Discovery and Informa-
tion Retrieval (KDIR), pages 240–247.

[Devlin et al., 2019] Devlin, J., Chang, M.-W., Lee,
K., Google, K. T., and Language, A. I. (2019).
BERT: Pre-training of Deep Bidirectional Trans-
formers for Language Understanding. Proceedings
of the 2019 Conference of the North, pages 4171–
4186.

[Ganguly et al., 2015] Ganguly, D., Roy, D., Mitra,
M., and Jones, G. J. (2015). A word embedding
based generalized language model for information
retrieval. SIGIR 2015 - Proceedings of the 38th
International ACM SIGIR Conference on Research
and Development in Information Retrieval, pages
795–798.

[Google, 2025] Google (2025). Search and SEO
Blog — Google Search Central — Google Search
Central Blog — Google for Developers.

[Hawking, 2004] Hawking, D. (2004). Challenges in
Enterprise Search. In Proceedings of the 15th Aus-
tralasian Database Conference - Volume 27, ADC
’04, page 15–24, AUS. Australian Computer Soci-
ety, Inc.

[Jones, 1972] Jones, K. S. (1972). A statistical inter-
pretation of term specificity and its application in
retrieval. Journal of Documentation, 28(1):11–21.

218



[Li, 2011] Li, H. (2011). A Short Introduction
to Learning to Rank. IEICE Transactions, 94-
D:1854–1862.

[Li et al., 2017] Li, L., Deng, H., Dong, A., Chang,
Y., Baeza-Yates, R., and Zha, H. (2017). Ex-
ploring query auto-completion and click logs for
contextual-aware web search and query sugges-
tion. 26th International World Wide Web Confer-
ence, WWW 2017, pages 539–548.

[Liu, 2010] Liu, T.-Y. (2010). Learning to Rank for
Information Retrieval, volume 3. Springer Berlin
Heidelberg, 2nd edition.

[Liu et al., 2019] Liu, Y., Ott, M., Goyal, N., Du, J.,
Joshi, M., Chen, D., Levy, O., Lewis, M., Zettle-
moyer, L., and Stoyanov, V. (2019). RoBERTa: A
Robustly Optimized BERT Pretraining Approach.
arXiv, 1(abs/1907.11692).

[Pedregosa et al., 2011] Pedregosa, F., Michel, V.,
Grisel, O., Blondel, M., Prettenhofer, P., Weiss,
R., Vanderplas, J., Cournapeau, D., Pedregosa,
F., Varoquaux, G., Gramfort, A., Thirion, B.,
Grisel, O., Dubourg, V., Passos, A., Brucher, M.,
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that if there is a query that uniquely identifies a source IP address, this will be excluded from 
analysis.   
No means will be provided to inform end-users that their use of the website will be used beyond 
the standard "performance" analysis implied by "performance cookies", the use "beyond the 
standard" being that which forms the topic of the PhD project addressed by this research.   
 

The remainder of the text in this section outlines the wording and mechanism of the cookies and 

consent management to justify this approach. 

 

The first time that any user hits the XXXXXXXXXXXXXXXX website, he or she is presented with a 

cookie before proceeding to use the site.  The Consent Management box is prominently positioned.  

The data required for this study  falls under both the ‘Strictly Necessary Cookies’ (i.e. the collected 

data is essential for the necessary operation of the website) and ‘Performance Cookies’. 

 

 

 

 

 

 

 

The cookie’s ‘More information’ link leads any inquiring user to the XXXX XXXXXb Usage policies 

(reproduced below in Figure 2): - 

 

Figure 2: This is the cookie banner that points inquiring users to the  XXX Cookie Policy site. 

 

Figure 1: The default setting for the 

Performance Cookie is set to ‘active’.  

It also allows the end-user a one-click 

opt-out.  

 

 

226



 

The Cookie Policy URL points to https://XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXhp 
1 and cookies 

apply to “any website within the XXXX.XX domain”.  Figure 3 highlights the pertinent section of the 

page which describes why and how IT Services use traffic data to ‘analyse how users use the site’ and 

to ‘compile statistical reports on website activity’.  

 

 

Figure 3: The Cookie Policy for usage of the XXXX XXX website.  The highlighted sections of the ‘Strictly Necessary’ 

(Essential) and ‘Performance’ cookies, when combined, provide the basis for Log Data collection and end-user consent. 

 

While dataset size is known to have a significant impact on Machine Learning in the field of Learning 

to Rank, the training, testing and validation datasets are expected to number in tens of thousands 

rather than millions.  A tiny portion of the Log Data will be used in the dataset creation.  Data Quality 

is fundamental to project outcomes and strong filtering rules are required to mitigate prevalence of 

bots and spammers etc. 

 

Credibility of the ‘opt out’. 

As illustrated in Figure 1, the end-user can opt out of the Performance Cookie with just a single click.  

As per article 7 of the GDPR legislation, ‘it shall be as easy to withdraw as to give consent’.  If consent 

is not granted, the IP address is temporarily recorded (separately from Log Data) and all traces of this 

user’s session will be deleted automatically.   Furthermore, the IP address will be deleted from the 

session cookie and excluded from Log Data when it is converted into the feature vector array dataset.  

No trace of the user’s IP address will remain in the Log Data or any derived logs.  

The XXX.XX website receives over one million hits per year (i.e. one million different IP addresses are 

recorded in the Log Data).  

 
1  Accessed on 27th January 2021 
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 A negligible proportion of these end-users choose to later withdraw consent (i.e. having previously 

accepted the cookie).    This is rare, but not unprecedented. There have been several test-cases where 

the deletion procedure has been successfully carried out.  The deletion procedures include ‘deletion 

propagation’ (i.e. where the individual user’s IP address is deleted from any derived log files or 

dataset).  This is in accordance with Article 17 of GDPR legislation (‘right to be forgotten’). 

 

 

5. Procedures of the study. 

The researcher will provide a script named “anonymize.py” to IT Services; this will be used to 

strip the IP address from Log Data to create a working snapshot, which will be taken offline and 

further refined to generate the Metadata. 

Approval must come from two parties: - 

● SCSS Research Ethics Committee 

● IT Services Digital Director (in her role as Data Controller, i.e. exclusive owner of Log 

Data) 

On receipt of the dataset (a feature vector array) from IT Services, the research will be 

conducted using various Machine Learning algorithms and techniques to produce a new ranking 

(as measured by nDCG and MAP, etc).   

 

A practical outcome of the study is that the various algorithms and techniques will, subject to 

organisational change control and approvals, be applied to the Enterprise Search facility on the 

live XXX.XX website. 

 

The researcher has no direct contact with the end-user. In GDPR terms, the researcher is 

neither a data controller nor a data processor.  

 

6. Debriefing arrangements following the study. 

There will be no targeted debriefing.   Users will simply leave the website, close the browser 
etc and there is no way to communicate after session termination. A targeted debriefing of 
each of the millions of end-users is not practicable, not least because all we have is the users’ 
IP Address (no usernames or email addresses).   
 
However, for any of the end-users that may be interested, all outputs of this research will be 
made openly accessible (both via IT Services pages and academic publications). 
 

7. Intended questionnaire/survey/interview protocol (w/screen shots etc)  

The Dataset is metadata derived from an anonymized snapshot of Log Data. The snapshot will 

be generated by IT Services – and subsequently made available to the researcher.  This research 

will not be engaged directly in any surveys/questionnaires or interviews.  Note that it is the 

role of IT ServCCC   XXXXX XXXXXXXX n, to give feedback and engage with the web authoring 

community (who will constitute the judges and annotators).  The researcher will not 
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communicate with annotators or end-users and the SCSS Informed Consent template form will 

therefore not be required.   

 

SECTION 2 – Ethical Concerns  

Describe and discuss all ethical issues relating to the study (including any relating to 

participant autonomy 2and personal data). As part of this you should: 

1. Potential benefits and potential harms to participants and how they are addressed. 

The Participants are the end-users of the xxx  .IE website search service. They will benefit from, over 

the long-term, gradual improvement in ranking results when engaging with the Enterprise Web Search 

box.   

During the period of the study, astute end-users may note that they receive different ranking of their 

search results on a day-to-day basis.   This is potentially harmful, but users are accustomed to this 

from their interactions with commercial web search services (google, etc).  Moreover, participant 

autonomy is reasonably shielded insofar that ranking does not exclude any search results (‘recall’ is 

unchanged); it merely re-orders the presentation order. 

Since no personal data or sensitive data is included in the dataset (feature vector), it is inconceivable 

that any potential harm would be incurred to participants by way of exposure of personal data. 

 

2. Conflicts of interest and how they will be addressed. 

This study has a potential conflict of interest.   The PhD student is funded by two sources (IT Services 

and self-funded).  The part-time PhD student works in IT Services and is therefore exposed to 

privileged data. 

The key challenge, and mitigating technique, for the researcher will be to inquire ‘in which capacity 

am I carrying out this function?’. 

 

 

 

SECTION 3 – CONFIDENTIALITY AND DATA PROTECTION 

At this point, it is important to clarify and distinguish between ‘Log Data’ and the ‘Metadata’ 
associated with this research project (Figure 4). 
This distinction is essential to resolving the potential conflict of interested inherent to the dual role 
played by the researcher, who is also an employee of XXXX IT Services. 

 
2 
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● Log Data 
This is privileged data recorded in Apache and Solr log files and is collected by IT Services as an 
essential part of providing a web and enterprise web search service.  This data contains both 
personally identifiable information (IP address) and commercially sensitive information (number 
of hits, date of last modification of a particular URL).    The XXXXX.XX enterprise web search service 
is publicly accessible; no user login is required.  Hence, no user profiling (collaborative-based 
filtering) is used.  IT services have long-standing and strict protocols for the protection from 
unauthorised access of electronic locations where data are stored.  The Log Data is retained by IT 
Services and will never be made accessible, in its raw form, for research purposes.  Data is backed 
up using the CommVault Enterprise Grade backup technology on dedicated XXXXXXX file systems 
256bit encryption.  Backup data is retained no longer than 21 days. 
 
A snapshot of the above Log Data will be taken before it is anonymized and converted into 
Metadata.  This snapshot has two purposes: - 

● The snapshot will have personal data removed (i.e. the end-users’ IP address), thereby 
introducing a security layer between the researcher and IT Services. 

● The snapshot servers as a  ‘working copy’ and enables the researcher to investigate 
any inconsistencies in metadata without having to revert to the original Log Data stored 
on the production servers managed by IT Services. 

The snapshot is therefore an intermediate layer (Log Data will be converted to the anonymized 
snapshot, which in turn will be converted into Metadata).  The snapshot will be made available 
exclusively to the researcher.   
 
Whilst processing Log Data, the applicant will function in his role of IT Services employee (not as 
a researcher). 

 
● Metadata 
This is the feature vector array dataset derived from the snapshot of the Log Data.  This metadata 
cannot be re-constituted to recreate any privileged or sensitive information.    The Metadata (i.e. 
feature vector array dataset) contains pseudonymised data (DOC_ID is substituted for the URL).   
No other field of the array contains sensitive or personally identified or identifiable data.  The 
Learning to Rank methodology consequently has an element of ‘privacy by design’ (Article 25 of 
the GDPR legislation). It is proposed that this dataset is made available for research purposes.   IT 
Services will process the snapshot of Log Data to generate the metadata array and present it to 
the researcher.   An explanation of what each row and column represent is  illustrated  in Figure 
5. 
 
 
 
Neither the Log Data nor the Metadata contain usernames or access credentials.
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Via anonymized snapshot 

 

Figure 4: Log Data (Apache and Solr log files) is collected and retained by IT Services (as 

part of essential operational requirements).  The two files are then combined, stripped and 

pseudonymized into a snapshot to produce the Learning to Rank Feature Vector array 

(dataset).  Note that controls are applied on all elements of the data chain and that there is 

no personal or sensitive data in the  generated dataset. 

 

 

                        Metadata (dataset) 
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Whilst processing the Metadata, the applicant will function in his role of Researcher  (not as an IT 
Services Employee). 

 

 

3.1 Does this study involve collecting, using, accessing or sharing personal data3? 
 
        Yes                           No              
 
If NO, please go to section 3.4. 
 If YES, please list4 all categories of personal data.  
Please see checklist on secure storage available here. 

 
3

 

4  If using Personal data. Records must be kept pursuant to Article 30, GDPR; https://gdpr-

info.eu/art-30-gdpr/   

 

Figure 5: Metadata.  This is the feature vector array dataset.  Each row represents a Query-Document pair.  

The columns represent a feature and its associated value.   Recency is the last modification date of the file, 

while Popularity represents the number of hits.  The DOC_ID column is a pseudorandomized value for the URL 

and cannot be tied back to the URL without access to a key. 

X  
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Type of Data  Justification:   

Why do you need the 
data? 

Data Format  Technical and 

Organisational 

Controls 

 

Identifiable 
coded, or 
anonymised 

     

 
 
 
         

  3.2    Does the study involve collecting, using, accessing or sharing sensitive data5? 

 
      Yes                   No              
 
If NO, please go to question 3. 3. 
 
 
 If YES, please list all categories of the sensitive data collected.  
Please see checklist on secure storage available here. 
 

Type of Data Justification:  

Why you need the 
data? 

Data Format  Technical and 
Organisational 
Controls 

Identifiable 
coded, or 
anonymised 

     

 

 

 
  

 
5

 

 X 
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3.3 Who determines how and why the personal and/or sensitive data is used?  
(Data Controller6 or Joint Data Controllers)  
 
There is no Personal or Sensitive information in the Dataset (feature vector array) derived from the 
Log Data. The data controller of the Log Data (apache and solr log files) is XXXXXXXXXXX XXXXXX XXXX 
XXXXXXX 
 
 

3.4 Will the personal and/or sensitive personal data be shared with any third parties7?  
 
No. The only personal data is the end-user’s IP address, and this is stored in the Log Data.  It is removed 

in the generated dataset. The only commercially sensitive data is the URL, and this is stored in the Log 

Data. This field is pseudonymised (DOC_ID is substituted for the URL) in the generated dataset.    

3.5 How long will you retain the personal data?  

 
 
3. 6 Will the personal data be fully anonymised or deleted after it is no longer necessary? 
 

N/A.  No personal data is contained in the dataset used for this research. 

 

3.7 How will you inform participants of their rights under GDPR8: 
 

N/A.  IT services manage communication with end-users.  IT Security have created a page at 
CCCCCCCCCCCCCCie/ITSecurity/gdpr/.  This page includes the DPO’s cCCCCCCCCCCs.  The dataset 
used in this study contain no personally identifiable information about participants. 

 

 
6  Employees and students of XXX are not data controllers. XXX is the data controller for the institution. However, if 

other institutes jointly decide how and why the data will be used,  they should also be noted as controllers here.   

7  Third parties could be collaborators (institutes/industry) or service providers (transcribers, cloud storage etc.) 

8  Under GDPR, these include: 

-  right of access; 

-  right to rectification; 
-  right to erasure; 

-  right to object to processing based on legitimate or public interest; 
-  right to data portability; 

-  right to object to profiling or making decisions about individuals by automated means? 

 

N/A.  No personal data is contained in the dataset used for this research. 
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Consent from IT Services / IT Security Department 

 

 

REC Approval 
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