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Physician Review Websites (PRWs) help users select physicians by providing both structured and unstructured
data on physicians and patients' experiences with physicians. In this paper, the adequacy of the available in-
formation on PRWs is investigated. An empirical study is conducted to understand the information that patients
seek from PRWs through a survey instrument administered to 344 patients. A topic modelling approach is then
employed on 666,551 text reviews of patients using data from a popular PRW in India to discover information
available on the PRWs. Combining both approaches, it is found that 12 out of 25 topics are either unavailable or
only partially available, indicating an information gap. Two topics which constitute the information gap are then
utilised to conduct a full factorial experiment on 153 respondents using a Latin Square design. Experimental
results demonstrate that adding relevant information improves the physician selection process. Our work con-
tributes to the healthcare IS literature on online physician selection and the role of information availability. The
results will help PRWs and hospitals decide how to restructure information on their websites and devise stra-
tegies to nudge patients to write reviews highlighting the desired information.

1. Introduction

Online healthcare portals that provide a platform for matching pa-
tients with physicians are popular in many countries, for example,
RateMDs (USA and Canada), Vitals (USA), Good Doctor Online (China)
and Practo (India). These portals, referred to as Physician Review
Websites (PRWs) [1], have amassed large userbases. RateMDs is home to
over 2.6 million physician reviews, 1.7 million healthcare providers and
161 million users, and Vitals features 1 million physician profiles and >9
million reviews and ratings. The primary services provided by these
portals are physician search and booking physician appointments for
consultation. Practo, one of the popular PRWs in India, has over 100,000
physicians registered on its platform, whereas Good Doctor Online
(haodf.com) in China has >170,000 physicians registered on its plat-
form. One of the key focus areas of these portals is to elicit reviews from
patients regarding their consultation experience with the physician.
Insightful reviews of physicians expedite the physician selection process
and enrich customer (patient) experience.

In the USA, RateMDs, a popular PRW, has been used by 161 million
people (~49% of the population). Developing countries such as India

show lower numbers in terms of PRW usage. In India, 20 million people
use Practo every month (yourstory.com, 2021), with most users
belonging to the top seven cities. However, the average population in
each of the most populated cities is 7.6 million, and with a total popu-
lation of 1.38 billion (Worldometers, 2021), there is scope for substan-
tial growth. Ping An Good Doctor has over 11.2 million active users per
month in China (Statista, 2021). These numbers are not as high as they
could be, given that the population in major Chinese cities ranges be-
tween 7.9 and 23.4 million people (chinahighlights.com, 2021).

One possible reason for the less than expected usage of PRWs has
been mentioned as the lack of relevant information on these websites
[2]. In a qualitative study with 22 participants [3], it has been found that
PRWs are unable to cater to the different information needs of health
consumers. The authors conclude that the design and content of PRWs
need to be modified to address this challenge. A study of 280 patients in
Germany [4] indicates that most health consumers consider PRWs
important. However, the information inequality is higher for consumers
and therefore, most consumers rely less on PRWs for physician selection
compared to referrals from friends and other physicians. In a study of
approximately 1400 patients in China, it has been found that very few
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people contribute to the reviews on PRWs [5]. The above studies indi-
cate that prospective patients do not have access to all the relevant in-
formation needed to procure healthcare services like physician
consultation.

The Covid-19 pandemic has proved to be a proverbial shot in the arm
for PRWs. Many PRWs have augmented their usual offerings with tele-
consulting services and have consequently witnessed a sharp spike in
users during the last year. Between March and May 2020, Practo re-
ported that 80% of its users were first-time telemedicine users, implying
that its userbase had grown five times due to the pandemic [6]. In the
USA, Blue Cross Blue Shield of Massachusetts reported a peak increase of
telehealth claims of over 2000 times, and a year later, it still reported an
increased claim rate of 150 times the previous rate [7]. This has also
increased the reach of PRWs — in the case of Practo, 44% of the new
bookings were reported to come from Tier 2 or 3 cities in India, while
previously, such numbers were low. As patients are almost entirely
dependent on the information available on the PRWs for tele-
consultation services, providing relevant and high-quality information
may become even more important for the PRWs in future.

Extant literature has established that the availability of information
on websites influences consumers’ decision-making process. When
consumers buy a product or a service, the decision-making process in-
volves three major phases — intelligence, design, and choice [8]. Infor-
mation search and information processing, which fall under the
intelligence phase, are two steps in the decision-making process influ-
enced by the information available to the consumer [9]. Higher infor-
mation availability lowers search costs for the consumer, confirming the
impact of information available on these websites [10]. Information on
PRWs is typically provided in structured (specialisation, fees, etc.) and
unstructured formats, as seen in Table 1. As seen in several studies,
patient reviews are an important form of unstructured information that
impacts the decision-making process. In one study [11], the authors
distinguish between reviews from marketer and non-marketer-
generated websites and establish the influence of reviews on product
choice. Prior research has demonstrated the impact of both quality and
quantity of reviews and source credibility on purchase intention [12].
Review credibility plays an important role in the attitude towards the
physician [13]. The paper aims to address the gaps in understanding (1)
what information is available on PRWs and what information patients
seek for the selection of physicians, and (2) how PRWs can address the
information gap. The research questions that we attempt to answer in
our work are:

RQ1: What information do patients seek while selecting physicians or
booking physician appointments online?

RQ2: Is the information sought by patients available on the PRWs as
structured or unstructured data?

RQ3: Does providing information that is sought by patients but not
available on PRW:s positively influence patients' choice of physician?

To address RQ1, a survey instrument is designed to determine the
information that patients look for while selecting a physician online on
PRWs, and text mining is applied to patient reviews to determine the

Table 1
Information available on PRWs.

Structured Information Unstructured Information

Demographic details of the

hysician

'p 'y . Text reviews by patients (Practo, RateMDs,

Timings for consultation )
Lo Vitals)

Specialisation
Degrees
Y f E: i

ea‘r § ob bxperlence Consult Q&A (Practo)
Ratings

Hospital/clinic location

Profile Picture Healthfeed (Practo)

@ Healthfeed is a section where physicians can write articles related to their
areas of expertise on their profiles.
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information available on the PRWs to address RQ2. For RQ3, an
experiment is conducted to verify that additional information does
indeed help patients and improves the physician selection process. To
determine the information that patients seek, a study is conducted in
two phases — 1) In the first phase, a survey instrument is developed and
modified for the online selection of physicians, and 2) In the second
phase, the survey instrument is administered to respondents. The re-
sponses are analysed to find the factors patients perceive as important.
The patients' reviews of physicians from a leading PRW in India are then
analysed to determine the information available on the PRWs.

The data collected includes unstructured data (text reviews), with
666,551 reviews, analysed using a well-established text mining tech-
nique, Latent Dirichlet Allocation (LDA). Eight topics that occur
throughout the reviews are obtained via this analysis. We generate
themes that fit the topics, which indicate aspects of the healthcare
experience patients have written about in their reviews. The items in the
survey instrument, their availability on PRWs as structured data and
whether they match a corresponding topic in the reviews (unstructured
data) are cross-referenced. The following information is thus determined
— 1) items considered important by patients, according to the results of
the empirical study, and 2) the items corresponding to the topics
mentioned by patients in reviews that are not available or partially
available on the PRWs are ascertained. As the findings from the
empirical study are compared with the analysis of the text reviews, a
substantial information gap is observed between the information that
patients look for and the information present on the PRWs.

We then proceed to address the second research gap using an
experimental study. The experimental verification is carried out on a
different set of users to corroborate and confirm our findings from the
empirical study and therefore requires a multi-method approach [14].
Two items on which patients seek information (determined from the
survey) and are unavailable on PRWs are selected. A 2 x 2 full factorial
design is utilised, followed by a Latin Square design with four simulated
physician profiles to study the effect of providing these additional items
during physician selection. Statistical analysis of the experimental data
reveals that addressing the information gap significantly improves the
process of physician selection.

Our study makes several contributions. To the best of our knowledge,
this is the first study to investigate the gap between the information
desired by the prospective patients and the information available on the
PRWs. Extant literature has studied the impact of patient reviews on
physician selection. In contrast, we study patient reviews to extract the
information that patients may find useful for physician selection. We
demonstrate the benefits of providing previously uncaptured, relevant
information to patients in the physician selection process. The nature of
the questions prompts us to adopt a multi-method approach which
synthesises the tools and techniques from empirical research, machine
learning, and experimental research to identify and address the infor-
mation gap on these websites. Based on the findings from the study,
business managers who are responsible for these websites may decide to
modify the form and content of the websites to make them more useful
for patients seeking relevant information for physician selection. IS re-
searchers can use the findings to gain more insight into the role of in-
formation availability in decision-making in the context of PRWs. This
multi-method approach allows us to create a generalised framework
for studying online information systems which can be applied to other
contexts.

The remainder of the article is organised as follows. In the next
section, we present a review of the relevant literature. We then discuss
the empirical study and its findings, followed by an explication of our
analysis of patients' reviews. The next section discusses the experimental
study to verify whether addressing the information gaps improves the
physician selection process. We conclude with a discussion on the aca-
demic and managerial implications of the study, the limitations, and
possible future extensions of our work.
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2. Literature review
2.1. Evaluation of healthcare quality

One component of clinic or hospital service quality is the degree of
disparity between the services patients want and the services they can
discern when visiting a physician or a hospital [15]. Researchers have
developed models for evaluating healthcare service quality, such as the
HEALTHQUAL framework [16]. This framework has been used in
studies to determine the influence of the dimensions of healthcare ser-
vice quality on patient quality satisfaction and quality [17]. Most studies
have focused on determining the impact of these dimensions on patient
satisfaction and loyalty. Studies on factors affecting the choice of a
physician based on healthcare service quality dimensions are less com-
mon [18]. This study bridges the gap by adopting the dimensions used to
determine healthcare quality from multiple frameworks [16,19,20]. We
then combine the same with information available on PRWs to deter-
mine the factors affecting the choice of a physician in an online setting.

2.2. Impact of online reviews on physician selection

Online reviews have been studied extensively in the Information
Systems (IS) literature, with several studies focused on PRWs. A rela-
tively early study [21] established the causal impact of overall ratings on
physician demand. The effect of online reviews on the perception of
physician skills is examined in [1] using an experimental design. They
conclude that through the reviews, perceptions get influenced, which
impacts the choice of primary care physician. Recently, service quality
features were derived from unstructured patient reviews using econo-
metric models and text mining to predict doctor demand [22]. They
demonstrate that their method improves predictive power. The rela-
tionship between perceived physician quality and the likelihood of being
rated online is also explored in one study where authors find that the
"vocal minority" disproportionately influences the choice of physician
[23]. The link between patient mortality and the ratings of the surgeons
from rating data has been examined by [24] with a focus on cardiac
surgeons. Data from a popular PRW is used to find the relationship be-
tween patient readmission risk and chronic disease care [25]. The study
combines ratings with review data (unstructured information) and
builds a predictive model for readmissions risk, future ER visit rate and
changes in severity and mortality levels. The study concludes that the
impact of patient feedback is limited due to the credence nature of
healthcare services. A similar study uses data from a leading PRW to
predict a physician's suitability to practice medicine based on online
rating data [26]. The effect of online ratings on the choice of physicians
is examined through an instrumental variable approach in [27], where
the leniency of reviewers while rating other businesses is taken into
account. They find that the ratings then positively affect the choice of
physicians.

2.3. Information availability and physician selection

Controlled experiments to study the impact of information avail-
ability [28] are quite common in the IS literature. Some studies exist in
the context of online healthcare [29]. Decision aids in the selection of
physicians have been studied using controlled experiments [30]. The
clickstream data from one of the largest PRWs in India has been
experimentally analysed to determine how online word of mouth in-
fluences the patients' decision-making process [31]. The motivation for
using online healthcare platforms like PRWs has also been experimen-
tally studied with a focus on developing long-term participation [32].
The key difference between our work and the extant literature is that
while the existing papers have discussed the impact, usage, and credi-
bility of the information available on the PRWs, we investigate the ad-
equacy of the information provided on the PRWs. This research thus
addresses how PRWs can provide more relevant information to patients
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to enrich the experience of physician selection.
3. Empirical study

In this section, the empirical study conducted to understand infor-
mation that patients seek on PRWs while selecting physicians online is
discussed in detail. The methodology is based on existing healthcare
service quality frameworks, like SERVQUAL and HEALTHQUAL. These
frameworks contain widely adopted survey scales consisting of multiple
factors or items applicable in the context of the study. Data is collected
for the study in two phases to answer RQ1. The workings of each phase
of the empirical study are highlighted in Fig. 1.

For the first phase of the empirical study, a survey instrument is
developed to identify the factors those patients consider while booking a
physician's appointment online. We refer to physicians as doctors in the
survey instrument, as this term is more widely used in India. The con-
structs Assurance, Doctor's Credibility [33], Efficiency, Empathy, Tan-
gibles, and Degree of Care Improvement [16] are adapted from the
extant literature. A few patients and physicians are also consulted on the
important factors. The constructs are chosen based on the information
present on the physicians' profiles on the PRWs, along with the feedback
from the patients and physicians. For example, it is noted that online
reviews and referrals are important factors. Thus, items related to re-
views, ratings and physician's experience are added in the construct,
Doctor's Credibility. Items related to waiting time and availability of
booking slots are added to the construct Tangibles. The constructs are
modified to include the items appropriately and create the survey
instrument.

The dimensions of the constructs are measured using a seven-point
Likert scale, where "1" is defined as "Somewhat important”" to "7" as
"Very important". The construct, Degree of Care Improvement, is taken
as the dependent variable of choice here, indicating the healthcare
service quality. Therefore, we can assume that a patient who receives
high-quality healthcare services, i.e., a patient with a high degree of care
improvement, will recommend the physician to others. This is in line
with previous literature, where healthcare service quality has impacted
the willingness of a patient to recommend a physician [34]. The survey
consists of 50 items, including 5 demographic items (age, gender, in-
come, occupation, and education) and 4 general questions. Scholars
typically recommend a minimum of 1:5 sample size for factor analysis
[35]. For models with 5 or fewer constructs, with communalities higher
than 0.6, a sample size of 100 is considered sufficient.

The scales are based on the physician's inputs (see Table A.1 for
added items in italics). A pilot survey and Exploratory Factor Analysis
(EFA) are conducted to confirm the item groupings in the instrument
and to establish the contextual validity of the measures. Eighty-four
responses are collected on the Qualtrics platform and analysed to
investigate the possible factorial structure. Ten responses have >50% of
the responses missing and, as a result, are considered incomplete and
removed. Little's MCAR (Missing Completely at Random) test (p > 0.05)
shows that the remaining missing values have no specific pattern and as
a result, are replaced with the series mean. The EFA is carried out using
maximum likelihood extraction (MLE) in SPSS 25, consistent with the
literature on the identification of latent dimensions. Bartlett's Test of
Sphericity (p < 0.05), which indicates a high correlation between at
least two variables in the model and the Kaiser-Meyer-Olkin (KMO) test
(0.652), which refers to sampling adequacy, are used for preliminary
testing. Cronbach's alpha is 0.7 and above for four of the five constructs.
The reliability and validity of the constructs are tested and found
satisfactory. Some items are altered based on the lower loadings and
communalities and cross-loadings. For example, the item "How many
years of experience does the doctor have" is simplified as "Years of
experience of doctor". The EFA helped improve the survey instrument
for the final data collection phase.

The second phase involves collecting patients' opinions using the
final survey instrument based on the learnings from the first phase of
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Phase 1

Inputs: Physician feedback,
SERVQUAL/HEALTHQUAL
literature review

!

Additional survey items: ratings,
reviews, years of experience,
waiting time, availability of
sufficient slots, sufficient choices
of slots, reasonable doctor's fees,
availability of doctor in case of
emergency

Five constructs based on Lit.
Review - Credibility, Empathy,
Tangibles, Assurance and
Efficiency
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Phase 2

Inputs: Modified survey
instruments based on Phase 1
findings

Conduct full study with 344
samples and Confirmatory

4

Modified survey instrument with
additional items in existing
constructs

Output: Exploratory Factor Analysis
with modified instrument

\ 4

Factor Analysis for validity and
reliability of scales

List constructs in survey and
their relative significance

Fig. 1. Two phases of the empirical study.

data collection. As the popularity of PRWs has soared during the Covid
19 pandemic, we realised that it would be difficult to ensure that re-
spondents do not have any prior exposure to PRWs. Therefore, responses
have been collected only from patients undergoing treatment to reduce
the bias in the responses from any previous exposure to PRWs. Three
hundred eighty patients' responses are collected, with 52% male re-
spondents, and most respondents lie within the age range of 25-44
(72.7%). 51.74% of the respondents reported that they had previously
booked a physician online. Outliers are removed using the Mahalanobis
distance technique [36], where 45 out of 389 responses are removed
with a threshold of p < 0.05. Unengaged respondents are tracked by
calculating the standard deviation of responses with a threshold of 0.5.
After pre-processing, a valid sample of 344 is finally used for developing
the model, with a response rate of 90.53%.

3.1. Reliability and validity

Confirmatory Factor Analysis (CFA) is carried out using the
SmartPLS v3.0 software to check the validity and reliability of the scales
used in the study. The study is exploratory, and the constructs used for
the scales are formative, leading to the choice of a component-based PLS
method. Initially, the constructs Tangibles and Credibility are observed
to have an Average Variance Extracted (AVE) of <0.5 due to the low
loadings of some items. Scale purification is carried out by removing the
items with low loadings [37] - e.g., "Availability of preferred time slots"
and "The doctor's specialisation", which improves the AVE to the
threshold of 0.49. The removed items are marked with a star (*) in
Table A.1 in the appendix. The Fornell-Larcker criterion [38] is applied

to test the validity and reliability of the constructs. The results are
summarised in Table 2. The convergent validity is confirmed by
observing the Composite Reliability (> 0.7), Cronbach's Alpha (>0.7)
and AVE (> 0.49), which are in line with the recommended thresholds
for all the constructs. Tangibles has a Cronbach's alpha value of 0.694.

For the construct, Tangibles, we note that the composite reliability is
>0.7, inter-item correlations for the construct are >0.3, and the
discriminant validity of the construct holds. The discriminant validity is
ensured by comparing the square root of AVE and shared correlations
among the constructs, as shown in Table 3. The square root of AVE (in
the diagonal of Table 3) is noted to be greater than the respective
bivariate correlations of the constructs. The model statistics are pre-
sented in Table A.1.

3.2. Common method bias

The possibility of Common Method Bias (CMB) in this research is
low. The patients have no incentive to inflate the dependent variable, so

Table 2
Reliability and Validity test results.

Constructs Cronbach's Composite Average Variance
Alpha Reliability Extracted

Assurance 0.816 0.880 0.648

Credibility 0.721 0.830 0.554

Efficiency 0.856 0.894 0.586

Empathy 0.874 0.904 0.576

Tangibles 0.694 0.812 0.526
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Table 3

Bivariate correlations of the constructs.
Correlations Assurance Credibility Efficiency Empathy Tangibles
Assurance 0.805 0.229 0.651 0.450 0.647
Credibility 0.229 0.744 0.286 0.294 0.345
Efficiency 0.651 0.286 0.766 0.512 0.583
Empathy 0.450 0.294 0.512 0.759 0.550
Tangibles 0.647 0.345 0.583 0.550 0.725

the possibility of spurious correlation is minimal. Nonetheless, process
and statistical control are carried out to address this issue. CMB is
traditionally tested using Harman's single factor test. The variance
extracted is 35.42% (<50%), indicating that CMB is not a problem in
this study. The main effects of each construct on the Degree of Care
Improvement are tested using a Structural Equation Model (SEM). Four
out of five constructs impact the Degree of Care Improvement with p-
values <0.05, which largely supports the motivation for using these
constructs to understand patient expectations regarding physician se-
lection. The results for the same are given in Table 4. The coefficients
and loadings for the SEM is provided in Fig. A.1 in the appendix.

3.3. Ranking

A ranking of items used in the survey instrument is developed.
Multiple Linear Regression (MLR) is used on the data using SPSS 25,
with the dependent variable being the mean of the items constituting the
construct, Degree of Care Improvement. The independent variables
consist of the items in the constructs Assurance, Doctor's Credibility,
Efficiency, Empathy, and Tangibles, with 25 items. Since the indepen-
dent variables are on the same scale, and the Variance Inflation Factor
(VIF) is <5 for each [35], the standardised beta coefficient values are
used to determine the importance of the independent variables in the
model. The model has an R? value of 0.68 and an adjusted R? value of
0.655, indicating the model's goodness of fit. Appendix B shows the
ranks of the items obtained with respect to the standardised beta
coefficients.

3.4. Findings from the empirical study

The empirical study helps identify the factors, or items, that patients
consider important while booking a physician's online appointment,
thus answering the first research question. Table A.1 shows the items
used for all the constructs in the model. It is found that most factors are
not available as structured information on the PRWs (see Table 6).
However, a major source of information regarding physicians is online
reviews by patients, which are unstructured and textual. Therefore, in-
formation on some of the items in the survey instrument may be avail-
able as part of patient reviews, necessitating a thorough analysis of the
reviews.

4. Analysis of patient reviews

In addition to structured information on the websites, unstructured
text reviews are a rich source of information for patients [22]. Thus, to

Table 4

SEM results.
Independent Variables Coeff. t-values
Assurance- > Degree of Care Improvement 0.259%*** 4.20

Doctor's Credibility - > Degree of Care Improvement 0.018 0.51

Efficiency - > Degree of Care Improvement 0.251%** 4.60
Empathy - > Degree of Care Improvement 0.335%** 5.80
Tangibles - > Degree of Care Improvement 0.132* 2.18
Adjusted R-Sq (Degree of Care Improvement) 65.1%

*p < 0.05, **, p < 0.01, *** p < 0.001

Decision Support Systems 166 (2023) 113897

further investigate the adequacy of information available on PRWs, we
go beyond the structured summary information available on physicians'
profiles and mine the reviews to extract topics from unstructured text.
Most popular PRWs have a section dedicated to patient reviews after the
consultation. In the context of the study, reviews are collected from a
PRW and analysed to obtain topics. Each physician for whom reviews
have been analysed has verified medical registration, and all the reviews
are posted only by verified patients. The PRW has a verification process
which ensures that only patients with valid contact numbers (or email
IDs) can book an appointment, and it does not allow the registered pa-
tient to post the review until the consultation is over. Therefore, the data
does not have fake reviews by unverified patients or reviews of
unverified doctors. Latent Dirichlet Allocation (LDA) [39] is selected for
analysis, which is a popular topic modelling algorithm in the IS litera-
ture [40]. This allows the identification of topics from the keywords
used in reviews. LDA has become a popular methodology in the
healthcare information systems space and has often been combined with
econometric models to study the effect of waiting times on physician
ratings [41] or to understand the determinants of patient satisfaction
[421.

Unstructured data (textual reviews) is collected from a major PRW in
India. We obtain 666,551 reviews for seven major cities in India. The R
statistical software is used for analysis, where multiple rounds of data
cleaning are carried out. Short reviews are removed (< 4 characters),
and standard pre-processing procedures for text analysis, like conversion
to lower case and removing punctuation, standard stopwords, and
numbers from the text data, are carried out. Based on the algorithm's
output, a list of custom stopwords is added to filter out uninformative
words in the context of the study.

LDA is defined as "a three-level hierarchical Bayesian model, in
which each item of a collection is modelled as a finite mixture over an
underlying set of topics" [39]. It is considered a generative probabilistic
model, which indicates the output as a set of probabilities associated
with each topic appearing in the corpus of reviews. The assumption is
that topics generate words through conditional distributions, which are
infinitely exchangeable within a document. A set of topics is thus
matched with several words associated with each topic. LDA is advan-
tageous in ascertaining topics from a large set of documents due to 1) the
ability to scan many documents automatically, rather than manually,
which saves time, and 2) the topic generation happens automatically, i.
e., the topic keywords are generated through statistical modelling,
rather than through manual inspection.

The first step involves deciding the number of topics for evaluation
(K). The LDA algorithm is tuned with multiple topic numbers from 5 to
15, and the change in diagnostic values for different topic numbers is
compared, as shown in Fig. 2. Semantic coherence measures the co-
occurrence of words within the documents to ensure selected key-
words belong to a single concept, thus preserving the interpretability or
quality of the topic [43]. Held-out likelihood estimates the probability of
keywords appearing in documents (excluded or held-out of the training)
to indicate the generalisation capability of the topic model [44]. A
word's exclusivity to a topic is its usage rate relative to a set of com-
parison topics [45]. The held-out likelihood, residuals and exclusivity
keep improving as the number of topics increases. However, the se-
mantic coherence decreases beyond ten topics. Combining these di-
agnostics, K = 10 is selected as the ideal number of topics for the study.
The second step is generating a list of topics for evaluation. After
selecting the number of topics, an LDA model is generated and applied to
the pre-processed and cleaned document corpus. The topic groups are
determined using the Score metric, inspired by the popular term
frequency-inverse document frequency (TF-IDF) score of vocabulary
terms used in information retrieval [46]. Three physicians are consulted
and asked to go through the keywords for each of the 10 topics and
assign a theme to each topic. The physicians assign a theme to the topics
independently, and the inter-rater reliability is calculated to be 0.79,
indicating a high degree of agreement among the three physicians. We
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Fig. 2. LDA diagnostic values for topic selection.

then note that three of the topics represent the responsiveness/help-
fulness of physicians. We represent this as one topic, with the result
being eight topics, which are presented in Table 5.

Table 5
Topics and associated keywords in reviews.
Topic Topics Keywords
No.
nice, staff, clinic, excellent, friendly,
1 Hospital administration experience, clean, service, professional,
treatment
9 Treatment experience — pregnancy, baby, delivery, normal, wife,
Gynaecology god, life, support, positive, healthy
3 Treatment experience — dental, tooth, teeth, root, canal, procedure,
Dental dentist, pain, painless, extraction
listens, explains, patiently, queries,
friendly, questions, kids, friendly,
recommend, satisfied, friends, treatment,
Responsiveness/ explained, family, patients, understand,
4 L. . . .
helpfulness of physicians understanding, health, explain, explains,
friendly, patients, doubt, approach, soft,
nature, polite, issues, explanation,
understands
5 Treatment experience skin, treatment, hair, acne, happy, result,
—dermatology month, medicines, started, laser
6 Waiting time appointment, ti'me, wait, told, waitingj
tests, consultation, tests, reports, hospital
Treatment experience is‘sue, explained, eye, friendly, tre‘atment,
7 —ophthalmology dlsfease, listened, health, explanation,
satisfied
8 Treatment experience — surgery, pain, suffering, days, mother,

surgery

severe, day, suggested, operation, knee

Topic 1 talks about the hospital's administration regarding insurance
and other services. The keywords indicate positive experiences, with
keywords like "excellent" - highlighting the importance of proper
administrative staff behaviour in reviews. Topics 2, 3, 5, 7 and 8 relate to
the patients' treatment experience, divided into gynaecology, dental,
dermatology, ophthalmology, and surgery. This indicates that a major
portion of the reviews refers to specific experiences — e.g., a patient
going for surgery would talk specifically about surgery and associated
topics like the surgeon's skill. Topic 4 is about the physicians, and their
responsiveness or helpfulness, with positive keywords indicating happy
patients. Topic 6 highlights issues regarding the waiting time at the
reception of the physician's office or getting an appointment with the
physician.

The survey items from the empirical study are matched with the
generated topics from the LDA model and categorised. For example, the
items "The doctor gave an adequate amount of time to me" and "The
doctor diagnosed my medical problem satisfactorily" are categorised
under the topic "Treatment Experience'. Similarly, the survey item
"Waiting time at the doctor's office" is categorised under "Waiting Time".
As the study aims to highlight the information gap on PRWs, the topic
reviews can be better mapped with the items at the individual level
rather than the construct level.

The review topics in Table 5 are very specific in nature, while the
construct labels in Table 4 are more generic. In order to compare them
appropriately, topics are combined where feasible - topics 2,3,5 and 7
are combined into one overarching topic— Treatment Experience.
Table 5 and the items in Table A.1 are combined to list the items in
Table 6. The availability of information regarding the items on the PRWs
is then verified. The availability of information is classified as Y
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Table 6

Comparison between survey items and review topics.

Constructs (1)

Availability on
PRWs as
structured
information (2)

Availability on
PRWs as
unstructured
information (3)

Availability on
PRWs from both
structured and
unstructured
information (4)

F1. Credibility of the doctor

The doctor's ratings
from the website
(s)

The doctor's reviews
from the website
(s)

Years of experience
of doctor

The doctor's
achievements: —
quality
certification,
accreditations,
awards received,
membership of
medical societies

Y

F2. Doctor's interaction with the patient — Empathy

The doctor behaved/
behaves politely
with me

The doctor gave/
gives an adequate
amount of time to
me

The doctor listened/
listens to my
symptoms

The doctor
explained/
explains my
medical problem
to me

The doctor was
understanding of
my financial or
time constraints/
limitations

The doctor spent/
spends adequate
time to understand
my problem

The doctor
diagnosed/
diagnoses my
medical problem
satisfactorily

F3. Information about the doctor and hospital - Tangibles

The expertise of the
doctor

Overall cleanliness of
the hospital/clinic

Neatness of the
doctor

Waiting time at the
doctor's office

N

Y

Y

N

N

N

N

F4. Assurance regarding the medical staff — Assurance

Medical care was/is
performed
carefully

The hospital staff
was/is always
honest and
genuine

N

Y
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Table 6 (continued)

Constructs (1) Availability on Availability on Availability on
PRWs as PRWs as PRWs from both
structured unstructured structured and
information (2) information (3) unstructured

information (4)

The hospital staff
respected/respects
my feelings
The hospital staff
was/is friendly N P P
and cheerful

F5. Treatment of the doctor - Efficiency
The doctor
provided/provides
necessary
medications to me
The doctor
provided/provides
necessary N P P
diagnostic tests to
me
The doctor
provided/provides
necessary
procedures to me
The cost of
medication was/is N N N
reasonable
The doctor's fee was/
is reasonable
The doctor was/is
available for
consultation in an
emergency

(Available) /N (Not Available) / P (Partially Available) by proceeding as
follows.

4.1. Findings from the analysis of patient reviews

We first determine 7 items for which information is present on the
PRW as structured information, for example, the doctor's ratings, the
doctor's years of experience, consultation fees, etc. These items have
been marked as Y in Column (2), Table 6, with the others being marked
N. Three doctoral students at a reputed business school in India are then
asked to go through the topics in Table 5. The doctoral students inde-
pendently associate a topic to each of the items. For example, for the
item — The doctor diagnosed/diagnoses my medical problem satisfac-
torily (construct - Empathy), we find the students associated it with the
topic theme — Responsiveness / Helpfulness of physicians. The inter-
rater reliability is found to be 0.644. Relevant topics are found for 15
of the 25 items. The 10 items for which no match has been found by the
doctoral students are marked as N in Column (3), Table 6.

The next step is to label the items as available (Y), not-available (N)
and partially-available (P) under unstructured information availability.
Manual matching is carried out for the 15 items for which matches have
been found, to identify more detailed linkages between keywords in the
topics with the items. The items of the survey are checked against the top
100 keywords of each of the topics analysed by the LDA (Table 5).
Studies employing LDA have generally considered the top 20-30 key-
words [47]. We use the term score [39] for each of the 50,589 keywords
(obtained from the reviews) provided by the LDA algorithm, to decide
on the number of keywords to be analysed. We found that the term score
of the 100th keyword (arranged in descending order of term scores) is
<5% of the term score of the top keyword for all the 8 topics.

Two Teaching Associates (TAs) with post graduate degrees at a
reputed business school in India are then asked to independently label
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the items as Y or N in terms of information availability. The TAs are
provided the items (from the questionnaire) and are asked to refer to the
100 keywords of the topics which the items had previously been
matched with. Term scores are not provided to them. We particularly
instructed the TAs to consider synonyms or words with similar semantic
concepts. The TAs then look at the keywords and mark the item as Y if
the set of keywords have an overall association with the item, or N
otherwise. The inter-rater reliability is found to be 0.627. For each of the
items, the match between the findings of the two TAs is considered. If
both TAs agree on the match (Y or N), it is retained accordingly. If there
is a disagreement between the TAs' findings, we mark the items as
partially-available (P). This results in 6 items marked as Y, 4 as N and 5
as P in Column (3), Table 6 out of the 15 items. Column (4), Table 6 lists
the information availability from structured and unstructured data.
There is a total of 7 items which are not present in either structured or
unstructured format and labelled as N. There are thus 12 out of 25 items
which are found to be partially available or unavailable on PRWs. This
answers the second research question, as stated in the introduction.

Information on the physician's availability in an emergency is not
available as either structured or unstructured data. Patients often con-
sult physicians for serious health issues, which contributes to the
importance of this item. Information on the hospital's overall cleanliness
is not available either as structured or unstructured information. One
possible reason for the presence of this item can be due to the high
sanitation expectations brought about by the impact of Covid-19. As the
pandemic continues to bring about significant behaviour shifts world-
wide, the overall cleanliness of a facility may become an important issue
in physician selection. PRWs can add this as a star rating (out of 5) for
each hospital. Waiting time is also worth mentioning, as it appears as a
topic in the reviews (Topic 6) and as an item in the survey instrument
(Table 6). This is in line with the open-ended questionnaire filled by
physicians as part of the empirical study, wherein the majority list
waiting time as an important factor in booking an appointment online,
as opposed to offline bookings. The cost of medications is also not
available in either form, which is important since the patients come from
different economic backgrounds and may be unable to afford expensive
medication. Most items related to Empathy and Efficiency are only
partially available or unavailable on the PRWs.

5. Experimental study

The previous two phases of the study have established the informa-
tion gap on the PRWs and identified the items that constitute the in-
formation gap. Previous studies have indicated that while making
purchase decisions, consumers may not be able to process the infor-
mation provided, even though they may have identified the information
as desirable [48]. Therefore, the efficacy of providing additional infor-
mation to address the gap is verified by conducting a controlled exper-
iment. Controlled experimental studies are quite common in the IS
literature and have been carried out across problem domains like e-
commerce usage [49] and online healthcare [29].

For the controlled experiment, two of the items from Table 6 are
taken — "The doctor gave/gives adequate time to me" and "Overall
cleanliness of hospital/clinic". This selection is based on qualitative in-
terviews used to gain insight into the relative importance of the con-
structs used in the study. Each construct is ranked from 1 to 5 by ten
respondents. The relative importance is based on the ranking, with 1
being the most important. Respondents who had previously filled out
the survey in study 1 are chosen to ensure that there is no confusion
among respondents in the interview. Feedback is obtained regarding the
same in the context of physician selection. It is found that the physician's
Empathy is considered important by most respondents, citing patient-
physician interaction, which is in line with the results in Table 4. Tan-
gibles is also considered important by prospective patients, possibly due
to a heightened appreciation for hygiene requirements during the
prevalent pandemic. The factor loadings for each item in these two
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constructs is then considered from Table A.1, as they determine an item's
absolute contribution to its assigned construct [35]. For Empathy, many
items are subjective in nature and may not be easily implemented by
PRWs.

Thus, the first item is specifically selected based on two things: the
relative ease with which PRWs can provide this information as struc-
tured information, despite being ranked 5th in terms of loadings (0.761),
and the fact that implementing this item may also partially explain the
impact of the items "The doctor spent/spends adequate time to under-
stand my problem" (0.825) and "The doctor was understanding of my
financial or time constraints/limitations" (0.581). Extant healthcare
literature recognises that the time that a physician spends with their
patient is an important factor in patient satisfaction [9]. Information on
the cleanliness of the hospital/clinic is not present on the PRWs either as
structured or unstructured information. Further, the factor loading of
this item is ranked the highest in Tangibles (0.814). It is easy to present
as structured information and is highly relevant given the ongoing
pandemic. Physician profile pages are created to test the effect of
providing information on the two factors.

Two levels are considered for each factor - Available and Not Avail-
able. Information on each of the two items is either added to a physician
profile or listed as "N/A". The study can be characterised as a 2 (The
doctor gives an adequate amount of time to me: Available versus Not
Available) x 2 (Cleanliness of the hospital/clinic: Available vs Not
Available) full factorial design. The subject of interest here is physician
booking on an online platform. We thus create a simulated scenario
where participants are exposed to four physicians' profiles, each of
which provides one of the four conditions of the 2 x 2 experiment. The
experiment design is shown in Table 7. The information on the first item
is presented as the average time spent with the patient and hygiene star
ratings for the clinic/hospital.

The experiment is conducted such that each participant goes through
all four treatment conditions. This is done via a Latin Square design,
which has the advantage of eliminating the demand effect. The sequence
of the treatments as given in Table 7 is randomised among participants.
The Latin square design and randomisation of sequences are given in
Table 8. Each treatment group is mapped to the profiles of a set of four
physicians. A set of 2 male and 2 female physicians are selected to
eliminate gender bias.

5.1. Pre-tests and pilot study

A pre-test is conducted to understand how to add the information to
the physicians' profiles. Two sets of profiles are created based on the
Group 1 sequence in Table 8 — one where all physicians are rated
together after the profiles have been shown, and one where physicians
are sequentially rated after each profile has been shown. This pre-test is
conducted using 20 participants, 10 of whom are shown each set of
profiles. The results indicated that participants must be shown the
profiles sequentially to avoid confusion. The values required to oper-
ationalise the levels of both the factors are finalised based on the feed-
back from the participants (Average time spent with the patient — 15 min
and Hygiene rating — 4 stars). Participant responses for average time
spent indicate a length of 10-15 min as ideal. The mean, median and
mode of the ideal consultation time reported by the respondents are

Table 7
Experimental Design.

The doctor gave adequate time to

me
Not Available Available
Cleanliness of the hospital/ Not Condition 4 Condition 2
clinic Available (&) (C2)
Available Condition 3 Condition 1

(C3) (C1)
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Table 8
Latin Square Design.
Group 1 Group 2 Group 3 Group 4
Physician 1 Cl C2 C3 C4
Physician 2 Cc2 C1 C4 Cc3
Physician 3 C3 C4 C1 Cc2
Physician 4 C4 Cc3 Cc2 C1

17.17, 15 and 15, respectively. A consultation time of 15 min is selected
based on the above results. The position of the added information is also
adjusted based on feedback. The items are renamed to "Average
consultation time" and "Hygiene rating" for ease of understanding of
respondents. A pilot study is conducted using 37 participants to under-
stand whether the Latin Square design is correctly interpreted with the
modified profiles. We find that the improved positioning of additional
information shows a positive impact on the pilot study results.

5.2. Main experiment

The main experiment is conducted with post-graduate students at a
reputed business school in India. Most of the participants are regular
healthcare consumers and conversant with PRWs. We collected data
from 153 participants, with approximately 51% and 42% participants in
the range of 18-24 and 25-34, respectively. 68% of the participants
have booked a physician's appointment in the last six months, and
around 55% have previously booked a physician's appointment online.
The experiment is conducted on a virtual video conferencing platform
where all participants log in and are briefed on the study. The partici-
pants are informed that the purpose of the experiment is to understand
the factors that contribute to the selection of a physician online. After
the briefing, a link is sent to the participants to fill out a scenario-based
survey. The respondents are randomly assigned to one of the four se-
quences mentioned in Table 8. The context of the experiment is set as
follows — "Assume you are suffering from a fever for the past 3 days. You now
want a medical diagnosis for your condition. To this end, you wish to visit a
General Physician for treatment and medication. You navigate to an online
doctor's appointment portal, where you are presented with the profiles of four
doctors. Please go through the profiles of each of the four doctors carefully.
You will have to answer some questions based on the information present in
the profiles in the later section of the survey."

The four physician profiles are simulated by changing the data on
actual physicians' webpages observed on the PRWs. One of the sample
profiles used in the experiment is presented in Fig. A.2. Participants are
asked to rate the likelihood of booking an appointment with the physi-
cian on a scale of 1 ("not at all likely") to 7 ("very likely"). Participants
are also asked questions that capture their familiarity with the process —
whether they have previously booked a doctor's appointment online
(Yes or No). Demographic variables like age and gender are captured at
the end of the survey.

5.3. Analysis and results

5.3.1. Manipulation checks

The respondents answer questions on a separate page as part of the
manipulation check once all four profiles are rated. The questions are 1)
whether they can recall the average consultation time of the physician
and 2) whether they can recall the hygiene rating of the physician.
92.8% of respondents remember both correctly, indicating that the
manipulations work as intended. Questions regarding the choice of
clinic and physicians' experience are added before and after the
manipulation checks to prevent the participants from accurately
guessing the study's hypothesis. The responses to these questions are not
considered in our analysis. An open-ended question is asked regarding
how they rated the best physician as a post-study questionnaire. Only
6.54% of respondents could guess the actual objective of the study. The
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study can thus be considered viable.

5.3.2. Experimental results

The data is grouped by ratings of physicians according to each con-
dition (as given in Tables 6 and 7). The data is tested for normality,
where the Shapiro-Wilk test is significant, which indicates that the data
is non-normal. The non-normality is verified by analysing the residuals
of a preliminary ANOVA test. Levene's test is also significant, indicating
heteroscedasticity in the data. We follow the procedure outlined by
[50], which shows a two-step transformation for achieving normality
and homoscedasticity in such cases. After carrying out the trans-
formations, the tests are re-executed, showing that heteroscedasticity
has been addressed, but the data is still non-normal. As a result, non-
parametric testing is carried out using the Independent-Samples Krus-
kal-Wallis test. The ratings are converted to ranks and grouped by
condition. The test is found to be significant (H = 73.045, df = 3, ASymp.
Sig. = 0.000). This indicates that the distributions of the different phy-
sicians' ratings (ranks) are not the same across the categories of condi-
tions. Further pairwise comparisons of conditions are shown using the
Dunn-Bonferroni post-hoc test. The mean ranks of groups and pairwise
comparison results are shown in Tables 9 and 10, respectively.

Providing information on the average time spent with the patient and
the hygiene rating positively impacts physician selection. No significant
positive impact was found for providing information only on average
time spent. In addition, responses suggest that hygiene rating has more
impact than average time spent. The higher impact of hygiene can be
attributed to the Covid-19 pandemic, which has made consumers more
aware of good hygiene practices [51].

The relatively lower importance given to average time spent may be
attributed to the age group of the respondents. Most of the respondents
in the study are young students. Extant healthcare literature indicates
that time spent with the doctor tends to be less important for young
patients than for elderly patients [52]. The results from the experiment
demonstrate that the experience of selecting physicians online can be
enriched if PRWs provide information on the items identified as not
available, thus answering the third research question.

6. Discussion and conclusion

In this paper, the information gap that exists on PRWs is identified.
The analysis of empirical data reveals the information considered
important by patients. Furthermore, analysis of the unstructured infor-
mation (patient reviews) using a topic modelling technique reveals the
topics considered important by patients post-consultation, where we
find eight distinct topics. Twelve out of the twenty-five items are
partially present or not present on the PRWs in either structured or
unstructured form. This finding demonstrates that there is indeed a gap
between the information that patients seek from PRWs and the infor-
mation that is available. The controlled experiment conducted with two
items that constitute part of the information gap demonstrates that
providing relevant information to patients significantly improves the
physician selection process.

Contributions to Academia: This paper makes several significant
contributions to the extant literature. First, our study adds to the online
healthcare communities (OHC) literature by identifying the information
gap that exists on the PRWs. Although the extant IS healthcare literature

Table 9

Mean ranks obtained per condition via Kruskal-Wallis test.
Conditions N Mean Rank
C1 (both available) 153 384.57
C2 (only consultation time available) 153 269.67
C3 (only hygiene rating available) 153 338.19
C4 (neither available) 153 233.58
Total 612
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Table 10

Pairwise comparisons of conditions using Post-hoc Tests.
Sample 1- Test Std. Std. Test Sig. Adj. Sig.
Sample 2 Statistic Error Statistic (Bonferroni)
C4-C2 36.0915 19.42 1.86 0.063 0.379
C4-C3 104.6176 19.42 5.39 0.000 0.000
C4-C1 150.9902 19.42 7.78 0.000 0.000
C2-C3 —68.5261 19.42 —-3.53 0.000 0.003
C2-C1 114.8987 19.42 5.92 0.000 0.000
C3-C1 46.37255 19.42 2.39 0.017 0.102

has studied patient reviews and their usage, credibility, and impact on
the selection of physicians, to the best of our knowledge, this work is the
first one to study the adequacy of information on PRWs. We believe that
studying information quality on PRWs has great potential for future
research. While our study focuses on physicians in general, future
research can contribute to the OHC literature by studying the influence
of information quality on the selection of specialist physicians. Second,
our work extends the literature on IS success and usage in the domain of
OHCs. The study demonstrates that providing relevant information
benefits the patients and establishes the link between informational
quality and patient experience on PRW. Third, our study extends the
HEALTHQUAL framework [16] to the domain of online physician se-
lection. Fourth, this study adds to the extant literature by categorising
the broad strands of information available as unstructured information
(patient reviews) on PRWs. This approach can be applied to other OHCs
to better understand the discussions that take place both among patients
and between patients and physicians.

Contributions to Practice: Our work provides several action points
for the stakeholders of PRW businesses. First, business managers can
take the necessary steps to address the gaps in information as identified
by our study. For example, sales and marketing managers responsible for
inbound web traffic can initiate modifications to their websites to
address the lack of relevant information for patients. Some of these
modifications can be incorporated as structured information. Second,
the experimental study has shown the positive impact of adding struc-
tured information related to the average time spent by a physician and
the cleanliness of the clinic/hospital. For some information points, such
as waiting time, our research suggests that although it is present as
unstructured information (patients tend to write about negative expe-
riences regarding waiting time), PRW managers may consider present-
ing the average waiting time as structured information. As the number of
bookings for a physician for a specific time period increases, the PRW
can determine the expected wait time and display the same. Since pa-
tients could then compare waiting times across periods, they could
decide on a convenient slot. Third, other information gaps, such as in-
formation on whether the physician prescribes only necessary diagnostic
tests/medication, may be incorporated only as unstructured informa-
tion. In this regard, these websites will have to devise means of nudging
the patients to write about these aspects of their experiences with the
physicians. Fourth, the effect of the Covid-19 pandemic is quite evident
as patients react positively to the addition of hygiene factors to existing
PRW profiles. Business development managers may take note of this and
add such relevant information to the sites, which might encourage more
patients to seek services from PRWs. Fifth, physicians and hospital ad-
ministrators can use our research findings to provide information on
their profiles to address patients' information needs. For example, our
research demonstrates that a physician's expertise is an important point
for patients and needs special attention. Physicians may take extra care
in writing about their expertise regarding qualifications and speciali-
sations on their profiles.

This work examines PRWs as an information system that caters to the
information needs of patients looking to consult a physician online. As
the Covid-19 pandemic continues to impact healthcare services
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worldwide, traffic on these websites has increased manifold, and pa-
tients recognise these websites to be good sources of information on
physicians. Teleconsultation appointments facilitated through these
websites have also recorded remarkable growth rates in the last two
years. In light of current developments, it is important to check if the
PRWs can satisfy the information needs of the patients. To the best of our
knowledge, this work is the first to combine text reviews of patients with
an empirical study of patients' opinions, as well as an experimental
verification. This interdisciplinary approach allows us to focus on the
informational aspect of PRWs and identify an important lacuna, namely,
the lack of adequate information.

6.1. Limitations and future research

The research has a few limitations, which will hopefully provide
directions for future research. First, patients may gather information
from multiple sources before booking an appointment. For example, in
the hospitality industry, it is a common practice to explore multiple
websites during the information search phase to find a hotel [53]. Cross-
referencing physicians across multiple websites is a big challenge
considering the scale of these datasets and the lack of uniformity in data
fields.

Second, the LDA model used for text analysis may not be able to
uncover meaningful, well-interpretable topics from the reviews beyond
ten topics. While our findings are borne out by the topics uncovered, this
is a limitation of the model used in our study. Topic modelling in
healthcare is still in its nascent stage compared to other research do-
mains. Researchers may investigate techniques that are better suited for
healthcare data in the future.

Third, two of the items that constitute the information gap are
selected and presented as structured data to conduct the experimental
study. An elaborate experiment must be carried out to gauge the effect of
addressing the information gap in its entirety. This entails designing an
experiment where respondents are exposed to both structured and un-
structured data. It would be an interesting research challenge to identify
the information items that should be presented as structured informa-
tion and the ones that are more suitable for unstructured information.

Fourth, due to the limitation of the review data, we have not been
able to consider patient heterogeneity while extracting the topics. The
information on the severity of the disease, chronic disease, etc., is not
present in the review data, and we have not been able to investigate the
information needs of patients based on those attributes. Similarly, it is
not possible to ascertain from the information available on the PRW
whether patients have consulted a certain physician for ailments other
than the specialty provided on the profile page of the physician.
Therefore, information needs for different physician specialisations have
not been studied in this work. It would be interesting to explore these
facets of information needs in future studies.
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Appendix A. Tables and figures

TREAT TREA2 TREA3 TREA4 TREAS TREAG

0791 0830 0733 0800

NN e
/

Efficiency
CREDS
o 237
CREDS '\0 8 0.251
CRED7 o 66?
CRED9 Credibility 0.018
EMPA1
LS
EMPA2 0335
0.677
EMPA3 0.761
0.853
EMPA4  4—0.798—]
0.581
EMPAS 0.825
0.782 Empathy
EMPA6 |~
[
EMPA7

INFO1

Degree df Care

e

Decision Support Systems 166 (2023) 113897

ASSUT ASSU2 ASSU3 ASSU4

N N TS

0704 0840 0857 qa1q

. //T ng'bés\oj

0.814 0792
INFO2 INFO5

Fig. A.1. SEM Model.

11

INFO7

Assurance
0.259
0.062
0.026 Income
0.036
Age
-0.057

Gender

Education



S. Ghosh et al. Decision Support Systems 166 (2023) 113897

Dr. Subhomoy Roy
MBBS, MD - General Medicine

General Physician

15 Years' Experience Overall
©® Medical Registration Verified

w 97%

Average Time spent with the patient: 15 minutes

Hygiene Rating: Y Y ¢ (229 ratings)

(Hygiene Rating refers to the overall cleanliness of the hospital/clinic/doctor’s chambers)

Bio: Dr. Subhomoy Roy is a general physician in the Gariahat area and has an experience of 15 years.
Some of the services provided by the doctor are Viral Fever treatment and Gastric Disorder treatment.
Dr. Roy also treats Type 2 diabetes.

) -Fri Fees:Z600
Hospital/Clinic: Mon - Fri
09:30 AM - 12:00 PM

Roy Clinic

69 B, Rashbehari Avenue, Kolkata. 05:00 PM—-07:30 FM

Sun

11:00 AM - 01:00 PM

Fig. A.2. Sample Physician Profile.

Table A.1

Model Statistics, CFA Results and Ranking of Important Factors.
Constructs” Lambda Mean SD Rank
F1. Credibility of the doctor Ch. Alpha: 0.721
The doctor's ratings from the website(s) 0.837 4.85 1.69 22
The doctor's reviews from the website(s) 0.837 4.95 1.68 11
Years of experience of doctor 0.609 5.70 1.38 16
The doctor's achievements: — quality certification, accreditations, awards received, membership of medical societies 0.667 4.81 1.59 25
*Doctor's age 0.328 4.23 1.90 -
*Gender of the doctor 0.119 2.39 1.85 -
*Language of communication (with the patient) 0.384 3.98 1.89 -
F2. Doctor's interaction with the patient - Empathy Ch. Alpha: 0.874
The doctor behaved/behaves politely with me 0.677 6.21 1.17 24
The doctor gave/gives an adequate amount of time to me 0.761 6.32 1.03 5
The doctor listened/listens to my symptoms 0.853 6.58 0.79 18
The doctor explained/explains my medical problem to me 0.798 6.59 0.83 8
The doctor was understanding of my financial or time constraints/limitations 0.581 5.79 1.25
The doctor spent/spends adequate time to understand my problem 0.825 6.41 0.94 12
The doctor diagnosed/diagnoses my medical problem satisfactorily 0.782 6.59 0.80
F3. Information about the doctor and hospital - Tangibles Ch. Alpha: 0.694
The expertise of the doctor 0.746 6.47 0.85 3
Overall cleanliness of the hospital/clinic 0.814 6.45 0.84 13
Neatness of the doctor 0.508 5.27 1.38 21
Waiting time at the doctor’s office 0.746 6.47 0.85 14
*Reputation of doctor's medical college 0.497 4.94 1.67 -
*Availability of sufficient choices of booking slots 0.668 5.32 1.40 -
*Doctor's office is nearby 0.492 5.06 1.44 -
*Availability of preferred time slots 0.644 5.39 1.35 -
F4. Assurance regarding the medical staff — Assurance Ch. Alpha: 0.816
Medical care was/is performed carefully 0.704 6.42 0.84 6
The hospital staff was/is always honest and genuine 0.840 6.29 0.96 17
The hospital staff respected/respects my feelings 0.857 6.08 1.13 2
The hospital staff was/is friendly and cheerful 0.811 5.86 1.24 10
F5. Treatment of the doctor - Efficiency Ch. Alpha: 0.856

(continued on next page)
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Constructs” Lambda Mean SD Rank
The doctor provided/provides necessary medications to me 0.791 6.29 1.02 23
The doctor provided/provides necessary diagnostic tests to me 0.850 6.21 1.12 4
The doctor provided/provides necessary procedures to me 0.831 6.27 0.99 20
The cost of medication was/is reasonable 0.763 6.04 1.17 15
The doctor's fee was/is reasonable 0.733 5.95 1.17 19
The doctor was/is available for consultation in an emergency 0.600 6.27 1.13 7

F6. The outcome of seeing the doctor - Degree of Care Improvement Ch. Alpha: 0.845

The medical staff treated/treats me to the best of their ability 0.738 6.08 1.10

My medical recovery was/is fast 0.716 6.14 1.01

1 was (have been) informed of related diseases and their dangers 0.721 6.27 1.05 N/AD
My medical condition improved/improves after treatment 0.802 6.53 0.80

Medical staff were/are helpful to me 0.820 6.19 0.96

My treatment was/is value-for-money 0.703 6.19 1.16

2 Items in italics have been added to the constructs, and items marked with a star (*) have been removed.
b Dependent variable for regression.
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