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ABSTRACT
Model-based clustering is a statistical approach to cluster analysis, which has been successfully deployed in a number of domains 
due to its principled framework, clear assumptions, and adaptability. For these reasons, there has been substantial interest in 
applying model-based clustering methods to flow cytometry and mass cytometry data. The identification of relevant cell pop-
ulations is a crucial step in the analysis of cytometry data for immunological research. Technological advances have led to a 
rapid increase in the dimensionality and complexity of cytometry data, prompting significant interest in the use of clustering 
algorithms in place of traditional manual data analysis techniques for cell population identification. This article highlights how 
model-based clustering methods, such as mixture models, have been adapted to meet the many interesting and unusual chal-
lenges that present themselves to the researcher when analyzing flow and mass cytometry data. These innovations demonstrate 
that there is considerable potential for further methodological development and collaboration between the cytometry and model-
based clustering research communities.

1   |   Introduction

Flow cytometry and mass cytometry are high-throughput 
single-cell analysis techniques used in immunological research 
to indirectly measure the expression level of a range of protein 
markers for each cell in a tissue sample. In flow and mass cy-
tometry, population identification is the process of attempting to 
group together events according to their cell type based on the 
similarity of their protein marker expression levels. This allows 
the frequency of each cell type and other population-specific sta-
tistics to be computed so that the properties of corresponding 
cell populations from different samples can be compared. The 
traditional and most popular approach for population identifica-
tion is sequential manual gating. This process involves choosing 

a pair of variables, visualizing the data set in a two-dimensional 
scatterplot of those variables, and manually drawing a boundary 
around a subset of cells that contains the population of interest. 
This subset or gate can be refined by choosing another pair of 
variables, using them to visualize this subset only, and further 
subsetting the data using another manually drawn boundary. 
This process is repeated for each population of interest in the 
data set. The protein markers that are analyzed are often cho-
sen to facilitate manual gating strategies that will isolate known 
populations of interest. The development of automated meth-
ods for population identification has been motivated by a num-
ber of issues with sequential manual gating (Saeys et al. 2016). 
Manually drawing boundaries can lead to problems with bias 
and irreproducibility as different researchers are likely to draw 
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different boundaries (Finak et al. 2016). Two-dimensional plots 
fail to display the complex interactions between large sets of 
variables. This process' sequential subsetting may prevent pop-
ulations that are excluded early in the sequence from being an-
alyzed with respect to later variable pairs. Finally, for data sets 
with high numbers of variables, the number of variable pairs is 
too large for experts to examine them all. To avoid these prob-
lems, algorithms have been designed to carry out population 
identification using data clustering methods from statistics and 
machine learning.

Population identification for cytometry is a complex cluster-
ing problem that has a substantial real-world impact through 
its role in immunological research. Stubbington et  al.  (2017) 
identify immunophenotyping through flow cytometry as the 
most prominent technique for the categorization of immune 
cells, while Saeys et  al.  (2016) describe flow cytometry as the 
“workhorse for high-throughput quantitative analysis of cells”. 

Among the challenges posed by cytometry data are that some 
cell populations do not follow a multivariate Normal distribu-
tion, that clustering solutions must be consistent across multiple 
samples within an experiment, that the number of populations 
is not known a priori, that there are rare populations, and that 
the large size of the data sets can cause computational issues. 
Model-based clustering is one of the most prominent statisti-
cal approaches to clustering. Its mathematical foundations and 
uncertainty quantification make it an appealing approach to 
this problem. Conversely, cytometry data is increasingly used 
as motivation for novel model-based methodology, particularly 
in relation to the development of non-normal mixture models. 
Cytometry data motivated the skew-t  mixture model introduced 
by Pyne et  al.  (2009) and was used for the primary examples 
in the “Beyond the Multivariate Gaussian Distribution” section 
of Gormley et  al.  (2023) and the “Non-Gaussian Model-based 
Clustering” chapter of Bouveyron et  al.  (2019). Our review 
examines the interdisciplinary overlap between these two 

TABLE 1    |    This table lists model-based clustering methods that have been designed specifically for flow cytometry and/or mass cytometry.

Method (citation) Component distribution Multiple samples Additional details

ASPIRE [doi] (Dundar 
et al. 2014)

Normal Joint Dirichlet process directly estimates 
the number of populations.

BayesFlow [doi] (Johnsson 
et al. 2016)

Normal + merging Joint Hierarchical Bayesian 
multi-sample model.

CYBERTRACK [doi, doi] 
(Minoura et al. 2019, 2021)

Normal Pooled Designed for longitudinal data.

CytoFA [doi] (Lee 2019) Skew–normal None Factor analysis and trimming 
improve computational efficiency.

FLAME [doi] (Pyne et al. 2009) Skew-t Meta PAM meta-clustering of 
separately clustered samples.

flowClust [doi] (Lo et al. 2008) Box–Cox transformed t None Transformation attempts 
to normalize data.

flowMerge [doi] (Finak 
et al. 2009)

Box–Cox t  + merging None flowClust with post hoc 
cluster merging.

HDPGMM [doi] (Cron et al. 2013) Normal + merging Joint Dirichlet process directly estimates 
the number of populations.

HMM-VB [doi] (Lin and Li 2017) Normal + merging None Hidden Markov model on variable 
blocks motivated by rare clusters.

immunoClust [doi] (Sörensen 
et al. 2015)

t  + merging Meta Divisive model fitting suits 
rare populations.

JCM [doi] (Pyne et al. 2014) Skew-t Joint Random effects joint 
clustering model.

LAMBDA [doi] (Abe et al. 2020) Normal None Model can incorporate clinical 
information as a covariate.

NPflow [doi] (Hejblum 
et al. 2019)

Skew-t Sequential Dirichlet process. Sequential 
posterior-as-prior approach.

SWIFT [doi] (Naim et al. 2014) Normal + split + merge None Iterative sampling approach 
suits rare populations.

Tailor [doi] (Ionita et al. 2021) Normal + merging Pooled Data binning reduces 
computation time.

Note: For each method, the probability distribution of its mixture model components is listed, its approach for multiple samples is mentioned, and additional details are 
provided. A reference and link are also given for each method.
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research topics. In particular, it provides an overview and dis-
cussion of the challenges involved in employing a model-based 
clustering approach for population identification in flow and 
mass cytometry. We begin by providing preliminary informa-
tion on model-based clustering in Section 2, which introduces 
it in the context of population identification for flow and mass 
cytometry data. We discuss some of the benefits and drawbacks 
of model-based clustering in Section 2.1. Then, in Sections 3–7, 
we put forward a series of challenges associated with clustering 
cytometry data and discuss the adaptations that model-based 
clustering algorithms designed for population identification 
have developed or adopted to address these issues. Table 1 pro-
vides a list of model-based clustering methods which have been 
developed specifically for flow and mass cytometry. Some of the 
problems mentioned can be viewed as examples of general chal-
lenges in clustering, such as those discussed in Melnykov (2013). 
Challenges in clustering cytometry data that arise from using 
manual gating as a benchmark are discussed in Section 8.

Model-based clustering is only one of the clustering approaches 
that has been employed for population identification. The 
challenges of analyzing flow cytometry and the potential for 
statistical methods to replace manual gating have been dis-
cussed for a number of years (Lock  2003). Leading machine 
learning algorithms include FlowSOM (van Gassen et al. 2015), 
which clusters using a self-organizing map (Kohonen  1990), 
and PhenoGraph (Levine et  al.  2015), which performs non-
parametric density-based clustering using a form of nearest-
neighbors community detection. Several methods based on k
-means clustering have also been developed, such as flowMeans 
(Aghaeepour et  al.  2011), as well as tree-based methods, such 
as cytometree (Commenges et al. 2018). A 2013 review by the 
FlowCAP Consortium applied a wide range of model-based and 
non-model-based clustering algorithms to a selection of flow 
cytometry data sets (The FlowCAP Consortium, The DREAM 
Consortium, et  al.  2013). A further FlowCAP review was car-
ried out by Aghaeepour et al. (2016). Weber and Robinson (2016) 
applied another set of methods, which included some of those 
featured in FlowCAP-I, to a set of mass cytometry data sets with 
multiple populations of interest and also two flow cytometry 
data sets with a single population of interest only. A similar re-
view was carried out by Liu et al.  (2019). These three reviews 
involved quantitatively comparing the performance of cluster-
ing algorithms on benchmark cytometry data sets, rather than 
discussing the methodology of these algorithms. More recently, 
Lin and Hejblum (2021) reviewed how different Bayesian para-
metric and nonparametric mixture modeling approaches can be 
applied to cytometry data. In this review, we highlight the meth-
odological and computational adaptations that have been made 
across the model-based clustering literature which address the 
challenges of analyzing flow cytometry data.

1.1   |   Mass Cytometry Data Example

The following plots display a 32-dimensional mass cytometry 
data set which we will refer to as Levine32 (Levine et al. 2015). 
This data set is publicly available via the HDCytoData R pack-
age (Weber and Soneson  2019). It consists of 118,888 events. 
72,463 of these events have been manually assigned to 14 gates 
and the remaining 46,425 events have been left unassigned. 

These gates vary dramatically in size, ranging from 182 events 
to 18,131 events. Figure 1 shows a pairs-style plot of three vari-
ables corresponding to the surface marker expression of CD19, 
CD8, and CD3. The seven largest gates are individually colored 
while the seven smallest gates are plotted in gray. Differences in 
the expression levels of these three markers between the large 
gates can be seen. For example, Gate 8 (Green) appears to have 
higher levels of CD3 than Gate 9 (Yellow) and Gate 10 (Light 
Blue), and higher levels of CD8 than Gate 7 (Orange). However, 
it does seem that it would be difficult to identify seven distinct 
gates within the gray points. Gates 7, 8, 9, and 10 all contain 
more than 10,000 events (18,131, 13,205, 12,320, and 16,111 re-
spectively), whereas the smallest seven gates collectively contain 
less than 5000 events (4676). It can also be observed that some of 
the boundaries between the gates are straight lines, which may 
seem somewhat artificial. These are a result of the manual gat-
ing approach used to obtain these gates.

Figure  2 is a scatter plot of a two-dimensional UMAP repre-
sentation of the Levine32 data set. The same coloring scheme 
as that of Figure 1 has been used to highlight the seven largest 
manual gates. Nonlinear dimension reduction methods such 
as UMAP (McInnes et  al.  2020) and t-SNE (van der Maaten 
and Hinton 2008) can be useful tools for exploring these high-
dimensional data sets (Becht et al. 2019). Machine learning al-
gorithms have also been developed that cluster the data based on 
a lower-dimensional representation of the data from a nonlinear 
dimension reduction method (Shekhar et al. 2014). However, it 
can be challenging to tune the parameters for nonlinear dimen-
sion reduction algorithms (Kobak and Berens 2019; Wattenberg 
et al. 2016). The UMAP algorithm is able to distinguish between 
the large gates, with some overlap between similar pairs of gates. 
However, as mentioned previously with respect to Figure 1, it is 
not clear how the gray points would be divided into seven clusters.

2   |   Model-Based Clustering

Clustering is a form of unsupervised learning that involves 
grouping together observations within a data set (Hartigan 1975; 
Hennig et  al.  2015). However, there is no universally agreed 
definition of a cluster (Hennig 2015; McNicholas 2016) and as 
a result, there are a variety of different clustering approaches. 
One popular approach is to assume each cluster can be repre-
sented using a probability distribution and then attempt to es-
timate the parameters of these distributions based on the data. 
This is called model-based clustering and the combination of 
probability distributions is known as a mixture model (Celeux 
and Govaert  1995; Fraley and Raftery  2002; McLachlan and 
Peel  2000). Model-based clustering is a well-established field 
of research dating back at least as far as Pearson  (1894), with 
key developments in Fisher  (1922) and Dempster et al.  (1977). 
McNicholas  (2016), Bouveyron et  al.  (2019), McLachlan 
et al. (2019), and Gormley et al. (2023) provide detailed reviews 
of model-based clustering and mixture models.

In a cytometry context, model-based clustering methods view 
each cell population as a sample drawn from a probability dis-
tribution. That is, they assume that the spread of cells in a pop-
ulation can be approximately modeled by a probability density 
function. The form of this function will be predetermined by the 
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choice of probability distribution, but its parameter values will 
be computed based on the data. The probability density func-
tion for a finite mixture model with K components is given by 
Equation  (1). Ideally, each component would correspond to a 
separate cell population. However, in some cases, a clustering 
solution in which a cell population is modeled by several mixture 
components may provide a better model fit. This can occur if 
the shape of that cell population violates the assumptions of the 
probability distribution used in that mixture model. The mixing 
proportion, �k, is the prior probability of any unspecified event 
belonging to component k. In other words, �k is the proportion 

of events in component k. The parameters of component k are 
denoted by �k and its probability density function is fk

(
∙ |�k

)
. 

fk
(
yi | �k

)
 is the density of component k evaluated at event i, yi.

The most common and traditional model-based clustering 
method is a Normal/Gaussian mixture model. This is a finite 
mixture model with a probability density function of the form 

(1)f
(
yi|� ,�

)
=

K∑

k=1

�kfk
(
yi|�k

)

FIGURE 1    |    This pairs-style plot displays three of the 32 variables from the Levine32 data set (Weber and Soneson 2019). These variables corre-
spond to the surface expression of the CD19, CD8, and CD3 markers, which are important for distinguishing between the cell populations in this data 
set. Only events from the seven largest manually identified cell populations or gates are colored. Unassigned events are shown in black and events 
from the seven smaller gates are shown in gray.
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given by Equation (1), where each component is modeled by a 
multivariate Normal distribution. In d dimensions, the multivari-
ate Normal distribution is parametrized by a d × 1 mean vector, �
, and a positive-definite d × d variance–covariance matrix, �. The 
level sets of its probability density function, that is, the curves 
along which the density is equal, are given by symmetrical el-
lipsoids, centered at � with shape determined by �. Equation (2) 
gives the probability density function for component k of a 
Normal mixture model evaluated at event i, yi.

(2)

fk
(
yi|�k ,�k

)
= (2�)−

d

2 ||�k
||
−

1

2 exp
(
−
1

2

(
yi−�k

)T
�k

(
yi − �k

))

(3)

ẑik=ℙ

�
event i∈ component k�y,�̂,�̂

�
=

�̂kfk

�
yi��̂k

�

∑K

l=1 �̂lfl

�
yi��̂l

�

FIGURE 2    |    This scatter plot displays a reduced dimension representation of the Levine32 data set (Weber and Soneson 2019). There are 32 vari-
ables in this data set and 14 manually identified cell populations or gates. Events assigned to the seven largest gates are colored. The unassigned 
events are shown in black and events from the seven smallest gates are shown in gray.

FIGURE 3    |    Three CD3 versus CD19 scatterplots of a flow cytometry sample from the healthyFlowData R package (Azad 2013). The plots show 
how the data is clustered by a three-component, bivariate Normal mixture model, implemented by the mclust R package (Fraley et al. 2022). They 
display the two stages of fitting a mixture model: Estimating each cluster's distribution and assigning each event to the cluster with the most suitable 
distribution. In the left scatterplot, the data is uncolored but three distinct clusters are visible. In the middle scatterplot, three colored, concentric 
ellipses are imposed over each cluster, showing the 33rd, 66th, and 99th percentile level sets of each cluster's density according to a Normal distribu-
tion. In the right scatterplot, the three clusters are colored and the CD3+ CD19− and CD3− CD19+ clusters are labeled as “T Cells” and “B Cells”, 
respectively.
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Mixture models produce a probabilistic or soft clustering. This 
means that they compute the probability of each event being 
assigned to any of the components. Equation  (3) displays the 
formula for the estimated posterior probability of event i being 
assigned to component k given the data, where �̂ and �̂ repre-
sent estimates for the model parameters. To obtain a hard clus-
tering, we assign each event to the component to which it has 
the highest posterior probability of being assigned. These com-
ponent assignment probabilities also give us some insight into 
the level of uncertainty for each individual event and therefore, 
how well the model fits the data. Figure 3 shows a scatterplot 
of the CD3 and CD19 protein markers for the healthyFlowData 
flow cytometry data set (Azad 2013) before clustering, with the 
symmetrical ellipsoids of a three-component, bivariate Normal 
mixture model, and colored according to a hard clustering from 
that mixture model.

2.1   |   Advantages of Model-Based Clustering

One of the main benefits of employing model-based clustering 
is its strong statistical framework. As well as the richer, event-
specific clustering solution given by probabilistic clustering 
compared to hard clustering algorithms, using a model-based 
clustering approach also allows us to be clear about our algo-
rithm's assumptions and provides mathematical justification 
for our decisions. When choosing a clustering algorithm and 
interpreting any clustering solution it produces, it is important 
to understand the type of clusters that it tends to construct. 
Model-based clustering explicitly assumes the probability distri-
bution of each component, which provides transparency around 
the form of its clusters. Its mathematical foundations can also 
provide reassurance about the validity of model selection deci-
sions with respect to the number of components or component 
distributions. The lack of a true class structure in cytometry 
makes model-based clustering's clear assumptions and statisti-
cal framework particularly appealing.

Another benefit of model-based clustering is its adaptability, 
as discussed in Sections 3–7. Changing the probability distri-
bution of a mixture model influences the type of clusters that 
the model will construct. Extending a sample-specific model 
to form a hierarchical multi-sample model allows information 
to propagate between samples. Factor analysis includes di-
mension reduction as a part of the clustering process, allowing 
each cluster to have its own projection to a lower-dimensional 
space. The model fitting process can also be modified to search 
for rare populations. These adaptations, which will be dis-
cussed in more detail in the following sections, allow mixture 
models to be adjusted to suit the complexities of flow and mass 
cytometry data, without losing the benefits of their mathemat-
ical origins.

One drawback of model-based clustering is its computational 
cost. Complex models require the estimation of a high num-
ber of parameters, which can be relatively slow, depending on 
the available computing power. As a result, fitting a mixture 
model and obtaining a soft, probabilistic clustering will often be 
more computationally demanding than obtaining a hard clus-
tering from a more straightforward clustering algorithm, such 
as k-means. However, mixtures of factor analyzers and other 

parsimonious mixture models can be used to reduce the number 
of parameters to be estimated.

Another disadvantage is that the form of the clusters identified 
by a mixture model can be limited by the distributions chosen 
for its components. That is, if the shapes of the cell populations 
violate the assumptions underpinning the mixture model, then 
it may not be flexible enough to cluster the data satisfactorily. 
This can be partially mitigated by choosing a more flexible and 
robust distribution for the components, as discussed in the next 
section.

3   |   Non-Normal Populations: Alternative 
Distributions

Model-based clustering operates within a strong statistical 
and probabilistic framework compared to other clustering ap-
proaches. This mathematical foundation is obtained by mak-
ing assumptions about the distribution of the data within each 
cluster. For example, the Normal mixture model defined by 
Equations (1) and (2) assumes that each cluster occupies a sym-
metric ellipsoidal region and that events are dispersed through 
this region according to a multivariate Normal distribution. 
Mixture models can still be effective when their assumptions 
are not fully satisfied, however, there can be undesirable con-
sequences if the assumptions are severely violated. An example 
of this is the tendency of Normal mixture models to model a 
single non-normal cluster using multiple components (Baudry 
et al. 2010). One of the challenges associated with using model-
based clustering for population identification is that the cell pop-
ulations may not be approximately Normally distributed either 
in terms of their asymmetrical shape or the concentration of 
events away from the center of the population. In model-based 
clustering, these issues are referred to as skewness and heavy-
tailedness, respectively. However, by choosing a more sophisti-
cated distribution for our mixture components than the Normal 
distribution, it is possible to address these concerns.

The level sets of a t  distribution's probability density are symmet-
ric ellipsoids, similar to those of a Normal distribution (Andrews 
and McNicholas 2012; McLachlan and Peel 1998). However, the 
probability density of a t  distribution decreases less rapidly away 
from the mean than that of a Normal distribution. Hence, sam-
pling from a t  distribution is more likely to result in points far from 
the mean than sampling from a Normal distribution. As a result, 
such points can be accommodated more comfortably by t  distri-
butions. Skewed distributions are generalizations of symmetric 
distributions which allow for asymmetry. Whereas Normal and 
t  mixture models assume that the shape of each population can 
be approximated by a symmetric ellipsoid, their skewed gener-
alizations, skew–normal and skew-t  mixture models, include a 
skewness parameter to explicitly account for asymmetry in the 
shape of a cluster. Lee and McLachlan (2022) provide a detailed 
review of mixtures of skewed distributions. Many non-normal 
mixture models were not necessarily intended specifically for 
cytometry data but instead were developed as a generic clus-
tering method (Franczak et al. 2014; Lee and McLachlan 2016; 
O'Hagan et al.  2016; Zhu and Melnykov  2018). Among others, 
Bouveyron et al. (2019) credit McLachlan and Peel (1998) for the 
t  mixture, Lin  (2009) for the skew–normal mixture, and Pyne 
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et al. (2009) for the skew-t  mixture. However, the development 
of the skew–normal distribution itself is attributed to Azzalini 
and Dalla Valle (1996). Interestingly, Pyne et al. (2009) do explic-
itly intend for the skew-t  mixture to be used for flow cytometry 
data. The software implementation corresponding to this pub-
lication is named FLow analysis with Automated Multivariate 
Estimation (FLAME). Furthermore, the “Non-Gaussian Model-
based Clustering” chapter of Bouveyron et al.  (2019) uses flow 
cytometry data as an example.

Several methods for flow and mass cytometry have used these 
more flexible distributions to account for the non-normal popu-
lations commonly found in this data. flowClust (Lo et al. 2008) 
addresses asymmetry in the data by applying a Box–Cox trans-
formation (Box and Cox 1964) intended to make the populations 
more symmetric (Lo and Gottardo 2012), then uses a standard t  
mixture model as a more outlier-friendly alternative to a Normal 
mixture model. FLAME (Pyne et al. 2009), JCM (Pyne et al. 2014), 
and NPflow (Hejblum et al. 2019) take a more direct approach by 
using the skew-t  distribution. However, the symmetric Normal 
remains the most commonly used distribution. It is the basis 
of HDPGMM (Cron et al. 2013), ASPIRE (Dundar et al. 2014), 
SWIFT (Naim et  al.  2014), BayesFlow (Johnsson et  al.  2016), 
CYBERTRACK (Minoura et  al.  2019, 2021), LAMBDA (Abe 
et al. 2020), and Tailor (Ionita et al. 2021). Meanwhile, immu-
noClust (Sörensen et al. 2015) and CytoFA (Lee 2019) utilize a t  
distribution and a skew–Normal distribution, respectively, both 
choosing an intermediate option between the symmetric Normal 
and the skew-t .

4   |   Multiple Samples: Hierarchical Models

One of the most interesting challenges associated with clus-
tering data from flow or mass cytometry is the need to cluster 

multiple samples in a coherent and consistent manner. Flow 
and mass cytometry are often employed in immunological 
studies involving multiple sets of samples from different con-
trol or treatment groups. Population identification methods 
must identify corresponding clusters of events in each sample, 
despite the biological differences between the patients and any 
technical variation between the samples. In particular, these 
biological differences are often the focus of the experiment 
and must not be eliminated. Figure  4 displays scatterplots 
of the CD4 and CD8 protein markers for four flow cytome-
try samples from the healthyFlowData package (Azad 2013), 
where each sample was obtained from a different subject. 
The four samples are clustered according to four-component 
Normal mixture models implemented by the mclust package 
(Fraley et al. 2022). This figure demonstrates how the shape, 
size, and location of corresponding cell populations can differ 
between different cytometry samples.

The most straightforward approach to a multi-sample cluster-
ing problem would be to combine the samples into one large, 
pooled sample and apply the clustering algorithm once. This is 
the approach taken by Tailor (Ionita et al. 2021) when dealing 
with multiple samples. It relies on the assumption that the shape 
and location of populations do not vary substantially between 
samples. If this assumption is violated, then distinct populations 
from different samples can overlap in the pooled sample despite 
not overlapping in any individual sample. However, pooling 
does allow for some sharing of information between samples. 
A rare population could contain too few events to be identified 
in some samples but become identifiable in the pooled sample 
when its events from all samples are considered.

Another possibility is to cluster each sample individually and 
apply a meta-clustering algorithm to match groups of simi-
lar clusters from different samples. FLAME (Pyne et al. 2009) 

FIGURE 4    |    Four CD4 versus CD8 scatterplots of healthyFlowData (Azad 2013) samples from four individuals. The first sample from each subject 
is shown. These plots illustrate that corresponding cell populations from different subjects in the same study can have different shapes, sizes, and 
locations despite being analyzed in the same way. Each plot is colored according to a four-component Normal mixture model implemented by the mc-
lust R package (Fraley et al. 2022). Three concentric ellipses are imposed over three of the four clusters. These are the 33rd, 66th, and 99th percentile 
level sets of the Normal density for the clusters identified as “B Cells,” “CD4+ T Cells,” and “CD8+ T Cells”.
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and immunoClust (Sörensen et  al.  2015) both include meta-
clustering extensions to their original clustering algorithms. 
Several standalone meta-clustering methods have also been re-
leased which are intended to be used after any clustering algo-
rithm has been applied to each sample individually, for example, 
flowMatch (Azad et al. 2012), FlowMap-FR (Hsiao et al. 2016), 
QFMatch (Orlova et  al.  2018), and MetaCyto (Hu et  al.  2018). 
One popular approach to meta-clustering, used by FLAME and 
immunoClust, is to treat the cluster centers from all samples as a 
new set of data points and apply a clustering algorithm to them. 
Another approach is to construct a bipartite graph from two sets 
of clusters and match the clusters based on pairwise dissimilar-
ities, similar to flowMatch. Figure  5 demonstrates how flow-
Match can identify sets of corresponding clusters from different 
samples and construct template Normal components for each of 
these meta-clusters. It can be difficult to correctly match corre-
sponding populations in different samples. Meta-clustering does 
not benefit from any sharing of information between samples 
when constructing the clusters.

Model-based clustering also facilitates a joint clustering ap-
proach. By defining a hierarchical model, it is possible to allow 
information to propagate between samples without pooling 
them. These models jointly cluster all samples simultaneously. 
They construct a model for each sample, similar to model-based 
clustering with meta-clustering, but consider these sample-
specific models to be variations of a cross-sample template 
model. As a result, information from one sample, for example, 
evidence of the existence of a rare population, can affect the 
clustering solution constructed for the other samples by influ-
encing the form of the template model. JCM (Pyne et al. 2014) 
and ASPIRE (Dundar et  al.  2014) implement joint clustering 
models based on random effects, whereas BayesFlow (Johnsson 
et al. 2016) jointly clusters using a hierarchical Bayesian model.

Another model-based approach to the multi-sample problem is 
sequential clustering. If a Bayesian model is applied to a single 
sample, then a posterior distribution for the model parameters 
will be obtained which can be used as a prior distribution for the 

next sample's model. NPflow (Hejblum et al. 2019) is an example 
of a model that uses this sequential Bayesian approach.

5   |   Unknown Population Number: Model 
Selection

Due to the complexity of the population identification problem, 
it may be difficult to choose an appropriate number of clusters 
before applying a clustering algorithm. Therefore, having a data-
driven procedure to inform this choice is desirable. However, 
many clustering algorithms do not have natural methods to se-
lect the number of clusters. In contrast, model-based clustering 
methods are able to take advantage of mathematically derived 
likelihood-based model selection criteria such as the Bayesian 
Information Criterion (BIC; Schwarz  1978) or the Integration 
Classification Likelihood (ICL; Biernacki et al.  2000) to select 
the number of components to be used in their mixture model 
(Fraley and Raftery  2002). The likelihood for the model pa-
rameters increases as the number of components increases, so 
these criteria include model complexity penalty terms. When 
comparing two models with different numbers of components, 
the criterion will only select the model with a higher number of 
components if the increase in the likelihood is larger than the 
increase in the complexity penalty term. Baudry et al. (2010) de-
fine the BIC and ICL as shown in Equations (4) and (5), respec-
tively, where �̂k and �̂k are the estimated mixing proportion and 
parameters for component k, ẑik is the estimated probability of 
event i being assigned to component k, and �K is the number of 
estimated parameters required by the model with K components. 
They also state that the ICL is approximately equal to the BIC 
with an additional mean entropy penalty term. This means that 
the ICL more severely penalizes clustering solutions with higher 
component assignment uncertainties. In practice, this means 
that the ICL is less likely to choose a model with overlapping or 
adjacent components than the BIC, since events near the bound-
ary between these components could reasonably be assigned 
to either. As a result, the ICL tends to select a lower number of 
components than the BIC. Another model selection approach 

FIGURE 5    |    Three plots illustrating how flowMatch (Azad et al. 2012) matches clusters from different samples and constructs a template Normal 
mixture model with one component per meta-cluster, or set of clusters. A four-component Normal mixture model was fitted to the first sample of each 
of the four subjects from the healthyFlowData R package (Azad 2013) using the mclust R package (Fraley et al. 2022). Three components from each 
sample's mixture model were provided to flowMatch. Left: 66th percentile ellipses for 12 components from four samples are overlayed on the same 
plot. Middle: The same 12 ellipses colored as three sets of four clusters according to a meta-cluster assignment by flowMatch. Right: 66th percentile 
ellipses for the three template components constructed by flowMatch for each meta-cluster.
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is to use the Bayes factor (Kass and Raftery  1995), although 
we are not aware of this being used by any cytometry-specific 
methods. flowClust (Lo et al. 2008), JCM (Pyne et al. 2014), and 
LAMBDA (Abe et al. 2020) utilize the BIC, whereas immuno-
Clust (Sörensen et al. 2015) employs a modified version of the 
ICL which is intended to serve as a compromise between the two 
criteria. The main drawback of using these model selection cri-
teria is that models with different numbers of components can 
only be compared after being fitted to the data, and the process 
of fitting a range of models and only using one can be considered 
time-consuming and wasteful.

Bayesian nonparametric mixture models offer an alternative ap-
proach (Ghahramani 2013). They incorporate selecting the num-
ber of components into the model fitting process so that it is carried 
out as the parameters of the model are being estimated. This allows 
them to fit a single model to the data without prespecifying the 
number of components to be used. However, these methods often 
utilize Markov Chain Monte Carlo (MCMC) sampling schemes, 
which can be computationally demanding. Summarizing the out-
put of Bayesian nonparametric models can also require additional 
consideration, as they sample from the posterior distribution over 
the space of partitions instead of converging to a single cluster-
ing solution. Label-switching issues can be resolved using loss-
based relabeling approaches (Jasra et  al.  2005; Stephens  2000), 
while more recently Wade and Ghahramani  (2018) outlined a 
general approach for identifying an optimal partition of the data 
using MCMC output. Lin and Hejblum (2021) provide a discus-
sion of Bayesian nonparametric mixture modeling. Several meth-
ods for flow and mass cytometry have taken this approach using 
Dirichlet process priors (Ferguson 1973; Neal 2000), for example, 
HDPGMM (Cron et al. 2013), ASPIRE (Dundar et al. 2014), and 
NPflow (Hejblum et al. 2019).

Another approach for determining the number of cell popula-
tions is to fit a relatively high number of mixture components 
to the data and apply a merging procedure to combine multi-
ple components for each cell population. It is well-established 
in model-based clustering that if the shape of a cluster is not 
compatible with the mixture components' probability distribu-
tion, then the model-fitting process may compensate by model-
ing a single cluster with more than one component (Fraley and 
Raftery  2002; Pyne et  al.  2009). A variety of approaches have 
been proposed for merging mixture components (Hennig 2010). 
flowMerge (Finak et al. 2009) applies the entropy-based merg-
ing approach of Baudry et  al.  (2010) to mixture components 
fitted by flowClust (Lo et al. 2008). Another approach is to as-
sociate each component with a local density maximum or mode 
and then merge any components that share the same mode. The 
Hidden Markov Model on Variable Blocks (HMM-VB) method 
(Lin and Li 2017) employs a modal clustering approach as part of 
the model-fitting process. BayesFlow (Johnsson et al. 2016) and 
SWIFT (Naim et  al.  2014) both merge unimodal components, 
while SWIFT also splits multimodal components. immunoClust 

(Sörensen et  al.  2015) and HDPGMM (Cron et  al.  2013) carry 
out merging in the context of dealing with multiple samples. 
Tailor (Ionita et al. 2021) annotates each component based on 
their expression levels for every marker and merges compo-
nents with the same annotation. Over-clustering with a mixture 
model and then merging some of the resulting mixture compo-
nents is appealingly flexible since a union of components can 
form a wider variety of cluster shapes than a single component. 
However, proceeding in a fully principled manner when merg-
ing components is challenging, because each merging approach 
must be motivated by subjective choices about what constitutes 
a cluster (Hennig 2010). Another drawback of this approach is 
that the flexibility obtained by representing a cluster as a union 
of components comes at the expense of interpretability as the 
cluster will not be described by the model parameters of a single 
component and the process through which it was constructed is 
more convoluted.

Despite these model-based approaches, selecting the correct 
number of clusters remains a difficult challenge in analyzing 
flow or mass cytometry data. There is no objectively correct 
number of populations in a cytometry sample since hierar-
chical relationships exist between many cell populations. 
As a result, distinct solutions with different levels of cluster 
resolution may be suitable for particular problems. In other 
words, experts may require a large number of small clusters or 
a small number of large clusters, depending on the context of 
their research. Although the intermediate solutions through 
which an iterative merging procedure transitions could be in-
terpreted as representing a hierarchy of clustering solutions, 
it is also common for these methods to only present the final 
outcome. Neither likelihood-based criteria nor nonparamet-
ric models address the dual issues of cluster resolution and 
cell hierarchy as they both result in a single number of com-
ponents being chosen. While mathematical justification ex-
ists for this choice, it may not suit the specific needs of the 
researcher.

6   |   Rare Populations: Novel Model Fitting 
Procedures

Cytometry data sets can contain both rare and abundant pop-
ulations. Some model-based clustering methods for cytometry 
data have developed alternative model-fitting approaches de-
signed to better identify these rare populations.

SWIFT (Naim et  al.  2014) uses a novel procedure called 
Weighted Iterative Sampling which is designed to prevent 
large populations from dominating the model fitting process. 
SWIFT starts by fitting a mixture model to a uniform sub-
sample from the data. The p most populous components are 
included in all subsequent models with their original param-
eter values fixed. Another subsample is computed from the 
data with events sampled according to their probability of 
not being assigned to any of the previously fixed components. 
Then, a new model is fitted to this subsample, which includes 
the previously fixed components, and the p most populous 
components from this model are also fixed. This process of 
constructing a weighted subsample which avoids events from 
previous components and fitting a new model to obtain the 
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next p components is repeated until all components' parame-
ter values have been fixed.

immunoClust (Sörensen et al. 2015) adopts a hierarchical divi-
sive clustering approach. It fits models with a range of compo-
nent numbers to a weighted subsample from the full data set, 
including a single component model, and uses a modified ver-
sion of the ICL criterion defined by Equation (5) to select one 
of these models. This model is then used to partition the data 
set and a new range of models is fitted to each of the resulting 
subsets. This process is repeated until the modified ICL crite-
rion selects the single component model for each remaining 
subset.

HMM-VB (Lin and Li  2017) is a model-based clustering ap-
proach that is designed to identify rare clusters in large data sets, 
and is partly motivated by cytometry data. This model involves 
arranging the variables into a sequence of disjoint sets and fit-
ting a Gaussian mixture model to each variable block with a 
sequential dependence between these blocks controlled by a 
Hidden Markov Model. The model-fitting procedure is carried 
out using a modal version of the Baum–Welch algorithm, which 
is related to the EM algorithm. This modification involves merg-
ing mixture components with the same mode.

Initialization is an important aspect of model-fitting, particularly 
for mixture models that are fitted to data via an EM algorithm 
(Baudry and Celeux 2015). Model-based hierarchical clustering 
can be used to obtain an initial partition of the data (Fraley 1998; 
Fraley and Raftery 2002; Scrucca and Raftery 2015). This is the 
initialization technique used by immunoClust, flowClust, and 
flowMerge. Another approach is to test multiple initializations 
and retain the one that achieved the highest likelihood after a 
small number of EM iterations (O'Hagan et al. 2012). FLAME, 
HMM-VB, and SWIFT all utilize multiple initial partitions. 
FLAME partitions the data by applying the k-means cluster-
ing algorithm, while SWIFT generates random partitions, and 
HMM-VB uses a combination of both types of partition. Tailor's 
binning approach, which is discussed in the next section, is in 
part an initialization technique as the representatives of the 
largest bins are used as initial component means. An intriguing 
and potentially promising idea for cytometry data sets would be 
to obtain an initial partition by clustering a reduced dimension 
representation of the data obtained from a nonlinear dimension 
reduction technique, such as t-SNE and UMAP. However, we 
have not come across any methods which utilize this approach. 
Researchers may have been put off by the possibility of irregu-
larly shaped initial clusters as a result of the nonlinear nature of 
the dimension reduction, or it could simply be an underexplored 
area of research.

7   |   Large Data Sets: Binning and Factor Analysis

The size of flow and mass cytometry data sets can cause com-
putational challenges both in relation to dimensionality and 
sample size, that is, the number of variables and the number of 
events. CytoFA (Lee  2019) applies a factor analysis approach 
as a dimensionality reduction technique while Tailor (Ionita 
et al. 2021) employs binning to construct a smaller representa-
tive data set used for model fitting.

CytoFA adopts a factor analysis approach for a skew–nor-
mal mixture model. Factor analysis is a popular model-
based method for clustering high-dimensional data which 
incorporates dimension reduction into the model fitting 
process (Ghahramani and Hinton  1996; McNicholas and 
Murphy 2008; Murphy et al. 2020). It reduces the number of 
parameter values that need to be estimated to reduce the com-
putational complexity of the model. This approach assumes 
that the variation present in the given data can be modeled 
by a simpler covariance structure than that of a traditional, 
high-dimensional model. Instead of modeling each cluster 
as a set of data points sampled from a high-dimensional ran-
dom variable, factor analysis models each cluster as a high-
dimensional projection of a set of data points sampled from a 
low-dimensional random variable.

Whereas CytoFA uses a dimensionality reduction approach to 
address the high number of variables, Tailor instead tries to re-
duce the sample size by binning the events and replacing each 
bin with a representative data point. Each variable is split uni-
variately to create an orthogonal partitioning of the data space. 
Highly populous regions are further divided into bins using k
-means, sparsely populated regions are discarded, and mod-
erately populated regions are used as bins directly. A single 
weighted representative data set is obtained from each of the 
bins. A weighted EM algorithm is used to fit a Normal mix-
ture model to this representative data set. Other methods, in-
cluding SWIFT (Naim et al. 2014) and immunoClust (Sörensen 
et al. 2015), attempt to reduce the number of events by subsam-
pling, where a subset of the original events are selected, rather 
than constructing new data points as representatives.

8   |   Other Challenges Related to Manual Gating

To assess how well a clustering algorithm performs when ap-
plied to a flow cytometry or mass cytometry data set, its cluster-
ing solution will often be compared to a manual gating of the 
same data set. The F1 measure (Rijsbergen 1979) is commonly 
used to quantify the similarity between the set of clusters pro-
duced by the algorithm and a set of gates produced by an ex-
pert. Evaluating the performance of population identification 
algorithms by comparing their clustering solutions to manual 
gating using external validation indices, such as the F1 mea-
sure, assumes that the manual gating represents the true class 
structure of the data. However, if a researcher is focused on a 
particular cell type, they may not be interested in distinguishing 
between every subpopulation of another cell type. Hence, the 
manual gating may only represent one of the valid class struc-
tures for a particular data set. If an algorithm discovers a struc-
ture in the data that was not identified in the manual gating, 
then this will reduce its F1 score because its clusters will be less 
similar to the gates.

It may be beneficial to allow the expert to provide information 
to the clustering algorithm about which cell populations they 
are trying to identify. This could increase the practicality of an 
algorithm in a research context and improve the performance 
of the algorithm with respect to external validation indices in 
demonstrations and applied comparisons. The ACDC algo-
rithm developed by Lee et al. (2017) utilizes expert information 
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in the form of a table with one row per cell type and one col-
umn per protein marker, whose entries indicate whether the 
cell type is positive, negative, or neutral for that marker. Ji 
et  al.  (2018) inform their Bayesian tree algorithm using the 
same table. However, neither of these methods were model-
based. To the best of our knowledge, other than some discus-
sion on informative priors by BayesFlow (Johnsson et al. 2016), 
the use of expert information has not yet been addressed by 
model-based clustering algorithms designed for flow and mass 
cytometry data.

Another challenge relating to replicating manual gating is the 
practice of leaving events unassigned. As a result of the se-
quential subsetting nature of manual gating, many events are 
not assigned to any of the final gates. This allows the manual 
gating process to naturally perform outlier detection, as well 
as excluding borderline events that could belong to more than 
one population. For some data sets, half of events can be left 
unassigned (Levine et  al.  2015). Traditional mixture mod-
els are designed to assign every event to one of their mixture 

components. However, methods have been developed for out-
lier identification in model-based clustering. Mixture models 
can be modified to include a single uniform component across 
the region occupied by the data to which outliers should be as-
signed (Banfield and Raftery 1993). Another approach, called 
trimming, involves identifying and excluding outliers during 
the model fitting procedure (Gallegos and Ritter 2005; García-
Escudero et al. 2008). In this case, events are usually classified 
as outliers if they do not fit the model well. In other words, if 
the value of the mixture model's density function at that event 
is low. Chan et al.  (2008) discuss labeling as unassigned any 
events that lie outside a prespecified confidence region for their 
assigned component or whose posterior probability falls below 
a prespecified threshold. flowClust (Lo et  al.  2008) classifies 
outliers based on the Mahalanobis distance from an event to 
the mean of each component. CytoFA (Lee  2019) trims the 
events with the lowest contribution to the mixture model. We 
are not aware of any other model-based clustering algorithms 
that attempt to address the prevalence of unassigned events in 
cytometry data.

FIGURE 6    |    A graphical summary of the challenges and adaptations of using model-based clustering for flow cytometry. Five challenges (green) 
are centered around “Model-Based Clustering for Cytometry” (pink). Two adaptations (purple) arise from each of these challenges.
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9   |   Conclusion

Model-based clustering is a statistical approach to data cluster-
ing that can be used for population identification in flow and 
mass cytometry. This approach's appeal lies in its clear assump-
tions and mathematical foundations. Population identification 
is a particularly challenging problem. Among the difficulties 
associated with this task are the non-normality of the popula-
tions, the multi-sample nature of cytometry studies, the absence 
of a known number of populations, the imbalance between the 
sizes of abundant and rare populations, and the high dimension-
ality and large sample size of the data sets. We have discussed a 
number of ways in which mixture models have been modified 
to address these issues, which are displayed in Figure 6. These 
include the adoption of more robust and flexible distributions, 
the design of hierarchical, multi-sample models, the application 
of model selection criteria and nonparametric mixtures, the de-
velopment of novel model fitting procedures, and the use of data 
reduction techniques, such as binning and factor analysis. The 
range and potential of these adaptations demonstrate the capa-
bility of model-based clustering to evolve to overcome the chal-
lenges posed by population identification. One source of issues 
with cytometry data that was not discussed in this article is the 
requirement for preprocessing and transformation of cytometry 
data (Liechti et al. 2021).

In Section 8, we highlighted that the practice of treating manual 
gating as the ground truth for external validation could penalize 
algorithms for identifying a different but potentially valid class 
structure in the data. We believe that the development of popu-
lation identification algorithms that allow the expert to inform 
the model is an area that has been under-explored by the model-
based clustering community. As well as improving the quantita-
tive performance of the algorithm in comparisons, this also has 
the potential for real-world benefits by allowing immunological 
researchers to tailor the algorithm to their specific needs.

Our review has discussed the challenges of population identifica-
tion for flow and mass cytometry data and highlighted a number 
of adaptations that have been developed to aid model-based clus-
tering in addressing these challenges. We believe that the statisti-
cal foundations and adaptability of model-based clustering make 
it a suitable choice for the problem of population identification.
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