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chemical, social or structural properties. The combination 
upon which many of the individual exposures within each 
set interact could vary widely from person to person based 
on a myriad of factors. In nutrition, diet exposure, examined 
as the set of foods consumed over a fixed period, could vary 
based on one’s geography, accessibility, and culture. Air 
pollution, examined as the set of different air particles cir-
culating within a given area, could vary based on where one 
resides and interacts daily. Exposure to classes of chemicals, 
like PFAS or phthalates, which are analyzed as a combina-
tion of different individual substances are present in every-
day products which could vary based on personal usage. 
Overall lived environment, which could refer to the collec-
tion of resources, services, and structures available within a 
community, could vary across different municipalities based 
on policy priorities and needs of its constituents. 

Clustering assumes that there are individuals who share 
similar combination of the same sets of exposures. In large 

Introduction

There has been a growing interest in the field for jointly 
analyzing the impact of multiple coexisting exposures on 
population health. This interest is in response to a growing 
awareness of how exposures manifest in the real world. It 
is rare that a single exposure circulates in isolation. Instead, 
a myriad of exposures is highly correlated and interacting 
with one another. In environmental health, these often are 
analyzed as sets or classes of exposure that share similar 
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Abstract
Purpose of Review  The analysis of a collective set of environmental health exposures in large populations can be complex 
due to its dimensionality, correlation between exposures, and skewed data structures. Bayesian model-based clustering has 
gained traction for its computational advantages and model flexibility for the analysis of big data. This review aims to high-
light R packages available to derive environmental exposure patterns in heterogeneous populations using a Bayesian mixture 
model framework.
Recent Findings  Twenty-one packages have been developed since 2006 with the capability of analyzing multivariate expo-
sures, with more than half being released in the last ten years. Packages are available to identify both cross-sectional and 
longitudinal exposure patterns from a joint set of continuous, binary, categorical, directional, and ranked data types. Bayes-
ian nonparametric priors are available to determine the appropriate number of latent clusters to fit. Variable selection is also 
available in some packages to focus primarily on exposures that may drive underlying patterns present.
Summary  Bayesian mixture models are an attractive solution to analyze joint environmental exposures and its subsequent 
impact on population health. While software packages have been developed to provide researchers with advanced tools and 
models suitable for data complexities seen in environmental exposure data, their applications in the literature is significantly 
low. Further awareness of software packages and their capabilities could increase utilization and improve analysis of envi-
ronmental exposures and population health.
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populations, Identifying subgroups of individuals with 
shared exposure patterns can increase our understanding 
of the exposure-disease relationship and explain why risks 
impacts a certain groups disproportionately. This makes it a 
popular dimension reduction technique to jointly analyze a 
large set of coexisting exposures.

Distance-based clustering techniques, like k-means, are 
commonly used in multivariate exposure analysis cases 
[1–4]. However, they fail to efficiently detect and cluster 
outliers that deviate from patterns shared by the popula-
tion majority. They also are limited to data structures that 
are interpretable with a proximal distance measure. Alter-
natively, model-based clustering uses a mixture model to 
provide a probabilistic framework to group together obser-
vations or individuals that share similar patterns and charac-
terize what those patterns may look like. With the flexibility 
to fit any set of distributional assumptions, mixture models 
can analyze a wide variety of data structures. This generates 
both reliable and easily interpretable results [5, 6].

Mixture models are generated from two probabilis-
tic components: (1) the probability that an observation 
belongs in a given subgroup and (2) the shared behavior of 
that subgroup modeled via a probability distribution. The 

probability distribution offers a broad level of versatility to 
analyze and visualize a diverse collection of environmental 
exposure patterns. Figure 1 illustrates the basic components 
of a mixture model, and examples of plots visualizing the 
environmental exposure patterns derived from these models.

Groups of chemical exposures such as phthalates, per- 
and polyfluoroalkyl substances (PFAS), air pollutants, are 
measured as continuous. The distributions of these chemi-
cals are typically skewed and must undergo data transfor-
mations to fit with a normal or t-distribution. However, 
continuous exposures that are bounded may reflect a uni-
form or beta distribution. Some continuous exposures that 
do not experience a significant loss of information when 
imposing a threshold level of detection or significant expo-
sure, may be viewed as binary (Bernoulli distribution). The 
Bernoulli distribution may also be used in an analysis of 
the presence or absence of a set of exposures. Counts of 
exposed cases may warrant a Poisson distribution. Other 
discrete exposures may require additional flexibility assum-
ing a negative binomial, Poisson lognormal, or extensions 
of common distributions as data warrants (e.g. Zero-inflated 
Poisson). There are also alternative data structures such as 
ranked data which may be used for measuring quality of 

Fig. 1  Basic components of the mixture model equation are presented 
with iIlustrative examples of different distributional assumptions for 
exposure data. Multivariate Gamma and multivariate Gaussian mix-
ture models were generated from simulations using ggplot2 R pack-
age [7]. Multivariate multinomial mixture model is abstracted from 

Stephenson et al. analyzing dietary intake patterns amongst 5 different 
subgroups [8]. Dirichlet diffusion tree Bernoulli mixture model figure 
is obtained from Li et al. and can be reproduced using the ddtlcm pack-
age [9, 10]
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an environment or a comparison of standardized indices, 
as well as angular/directional data which may be present 
in evaluating the exposure of wind, migration patterns, or 
chemial spills [11, 12].

The mixture model assumes there exists a finite set of K 
latent clusters, where each cluster describes a set of shared 
behaviors by a set of exposures. Let Xi = (xi1, xi2, . . . , xip) 
denote the set of p exposures observed from an individual 
source i ∈ (1,2, . . . , n). The two mixture model compo-
nents are characterized by: (1) πh, describing the probabil-
ity that an individual source reflects the shared behaviors of 
latent cluster h; (2) f (Xi| θh), the joint probability distri-
bution for the set of p exposures in latent cluster h, where 
θh, denote the set of parameters describing the cluster-spe-
cific distribution.

f (Xi) =
K∑

h=1

πhf (Xi| θh)

Typically, the number of latent clusters is not known a 
priori. Researchers may account for this by either fitting 
multiple models varying the number of K clusters and eval-
uating model fitness based on a criterion. More data-driven 
approaches may overfit the model with an infinitely large K+ 
components and assume the number of latent clusters, K, 
will fill during estimation.

To date, over 130 R packages are available for mixture 
models and more than half of these packages (n = 73) are 
limited to univariate distributions that do not allow the 
analysis of multiple exposures. Of the remaining packages, 
many of the mixture models are fit using an expectation-
maximization (EM) algorithm or an extension thereof. In 
the analysis of high-dimensional multivariate exposures, 
the EM algorithm can be restrictive with slow convergence, 
sensitive to initial values, and compromise parameter sta-
bility, particularly for the Hessian matrix when working 
within the precision limitations of the R software [13, 14]. 
R packages have circumvented some of the computational 
limitations by either adapting the EM algorithm for hybrid 
approaches with other sampling approaches or porting code 
into C/++ to run more efficiently and effectively [15–18]. 
Bayesian estimation offers an attractive alternative for high-
dimensional exposures due to its flexibility in parameter 
estimation, model assumptions and stability. Through the 
solicitation of priors, one can incorporate prior knowledge 
into the estimation as well as allow for complete naivety 
with noninformative priors, providing data-driven inference. 
Further, Bayesian analysis of sparse multivariate exposures 
can produce stable estimates within a probabilistic frame-
work, as data dimensionality and complexity increase.

This review aims to provide an overview of currently 
available R packages available on Comprehensive R 
Archive Network (CRAN) that offer mixture models for 
multivariate exposure data, under a Bayesian framework. 
Section  2 briefly details the search criteria. In Sect.  3, the 
packages currently available based on their data structures 
are described. In Sect.  4, we discuss current applications of 
these packages for the analysis of environmental exposures. 
Section   5 we discuss how these packages could be more 
easily adopted by environmental researchers. Section   6 
concludes with final thoughts on future research directions.

Search Criteria

A CRAN task view has already been completed on packages 
available that offer clustering or mixture models [19]. This 
was later expanded to the full list of CRAN packages, using 
the following keywords: “model-based clustering”, “mix-
ture models”, “mixtures” and “latent class”. This resulted 
in a list of 182 CRAN R packages. Each package was then 
examined to determine if the models and functions avail-
able in the package fell within the scope of model-based 
clustering. This reduced the list of R packages to 133. Of 
that list, 61 packages contained functions to analyze mul-
tivariate exposures Packages that did not allow more than 
one exposure to be clustered at a time (n = 72) and packages 
that only implemented a frequentist estimation procedure 
(e.g. Expectation-Maximization) were excluded (n = 33). 
Packages that were removed from CRAN at the time of 
submission were also excluded. After applying all inclusion 
and exclusion criteria, a total of 21 packages remained for 
discussion.

Bayesian Model-based Clustering R 
Packages

Table 1 provides an overview of the packages discussed in 
this review. Seven packages were developed to implement 
mixture models already established in the literature. The 
remaining packages are developed in conjunction with new 
extensions or estimation techniques to the mixture model 
framework. Most of the packages utilize an unsupervised 
clustering approach, except for two (PreMiuM and lcra). 
The packages are split between normalized and discretized 
measures. Eight packages provide clustering exclusively 
for continuous data assuming a multivariate Gaussian dis-
tribution. Six packages provide clustering exclusively for 
discretized data assuming either a Bernoulli or multinomial 
(categorical) distribution. Two packages provide clustering 
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Package Descriptor Cluster Count 
Determination

Additional features Applications

Angular/Directional
BAMBI Bivariate angular mixture models 2 Bivariate wrapped 

normal or von mises 
distributions

Sensorimotor adapta-
tion, motion direction 
in human vision 
cortex [20, 21]

Binary
BayesLCA An R package for Bayesian latent class analysis AICM, BICM, DIC COVID seropreva-

lence [22], metabolic 
syndrome components 
[23]

BayesBinMix Bayesian Estimation of mixtures of multivariate 
Bernoulli distribution

Allocation sampler Allergenic molecules 
[24]

ddtlcm Latent class analysis with Dirichlet diffusion tree 
process prior

WAIC Best for small-sized 
dataset (n < 500)

Dietary intake [9]

slcm Sparse latent class model for cognitive diagnosis Fixed; likelihood 
criterion

Sparsity induced via 
variable selection

Cognitive diagnosis 
[25]

Categorical
lcra Bayesian joint latent class and regression models Variational Bayes Profile regression; Vari-

able selection available
Acculturation [26]

VICatMix Variational mixture models for clustering cat-
egorical data

Variational Bayes

Continuous
IMIFA Infinite mixtures of infinite factor analyzers and 

related models
Pitman-Yor Varied number of factors 

per cluster via multipli-
cative gamma process

Dirichletprocess Build Dirichlet process objects for Bayesian 
modeling

Dirichlet process Biomass in forests, 
water quality [27, 28]

Fabmix Overfitting Bayesian mixtures of factor analyz-
ers with parsimonious covariance and unknown 
number of components

Overfitted Dirichlet Fixed number of factors 
per cluster

BNPmix Bayesian nonparametric mixture models Pitman-Yor
bpgmm Bayesian model selection approach for parsimo-

nious Gaussian mixture models
RJ-MCMC

dppmix Determinantal point process mixture models Determinantal point 
process

Batchmix Semi-supervised Bayesian mixture models incor-
porating batch correction

Observed likeli-
hood, complete 
likelihood, BIC

Adjustment for sample 
collection variability

Viral surveillance [29]

COMIX Coarsened mixtures of hierarchical skew kernels Dirichlet process Skewed data Flow cytometry [30]
Continuous/discrete (mixed)
Mixtools Tools for analyzing finite mixture models MFM-Uniform Mixture of regression 

only Bayesian estimation 
option

Air pollutant, volatile 
organic compounds 
(VOCs) [31, 32]

PReMiuM Dirichlet process Bayesian clustering profile 
regression

Dirichlet process Profile regression Air pollution, food 
choice, social determi-
nants, PFAS [33–36]

Telescope Bayesian mixtures with an unknown number of 
components

Telescoping 
sampler

Imaging data, pain 
symptoms [37, 38]

Longitudinal exposures
mixAK Multivariate normal mixture models and mix-

tures of generalized linear mixed models includ-
ing model-based clustering

Fixed; AIC, BIC, 
penalized expected 
devance

Can accommodate 
censored data, missing 
values allowed

Clinical biomarkers, 
microbial resistance 
monitoring [39, 40]

BCCLong Bayesian consensus clustering for multiple 
longitudinal features

fixed Breaks global clustering 
assumption, irregular 
time points allowed, 
mixed data types 
allowed

Patient subtyping [41]

Table 1  Brief summary of R packages offering Bayesian mixture models
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skewed. Fabmix package uses an overfitted finite mixture, 
where the number of components is set to an exceedingly 
large number and is asymptotically equivalent to the Dirich-
let process [44]. The BNPmix and IMIFA use a Pitman-Yor 
prior to determine the number of components [45, 46]. In 
some scenarios, this is a more attractive alternative to the 
Dirichlet process when smaller-sized clusters are expected 
in your data, and a less conservative rate of cluster growth is 
needed as the size of data increases.

Pitman-Yor and Dirichlet processes are the two most 
commonly used priors for Bayesian nonparametric mix-
ture models. Yet, inconsistencies have been noted in prop-
erly estimating the true number of clusters [47]. This can 
often be mitigated by imposing a threshold size for cluster 
importance or introducing a hyperprior on the Dirichlet pro-
cess concentration parameter controlling the rate of cluster 
growth in the model [48, 49]. Another alternative to deter-
mine the number of clusters is the reversible jump Markov 
chain monte carlo (RJ-MCMC), implemented in the bpgmm 
package [50]. Here, the model proposes to increase or 
decrease the number of current clusters at each iteration of 
the sampling algorithm. The decision to accept or reject this 
proposal is determined by a probability ratio derived from 
the likelihood of the current and proposed model fit.

Cluster separation can be challenging with continuous 
exposures where the variation of exposure variables can 
overlap between the latent subgroups in practice [51, 52]. 
The dppmix package utilizes a Determinantal Point Pro-
cess (DPP) prior to induce repulsion between two clusters 
that may have too much noise or overlap in data coverage, 
resulting in well-separated clusters which improves identifi-
ability [51].

Discrete Exposure Measures

Discrete exposures are typically seen via self-report in 
questionnaires or survey studies. Four packages are tailored 
exclusively for binary data. BayesLCA relies on the standard 
finite mixture model setup, where the number of clusters 
is preset and the exposure data is binary [53]. Appropriate 
number of clusters are determined through post hoc test-
ing, where an information criterion is applied. BayesBinMix 

for longitudinal exposures of mixed data via a generalized 
linear mixed effects model. Three packages provide cluster-
ing for either type (normal or discrete). One package pro-
vides clustering for partial ranked data, and one package 
provides clustering for directional or angular data.

Normalized Exposure Measures

Bayesian model-based clustering R packages that handle 
multivariate continuous data are limited to a multivariate 
Gaussian distribution. This means any continuous measures 
collected for analysis will need to be transformed accord-
ingly to fit a normal distribution. Once normalized any of 
the ten packages are available to suit the needs of your set 
of continuous exposures.

The batchmix package fits exposures to a finite mixture 
model with an additional correction feature to adjust for 
variation between different batch samples that may have 
been obtained during data collection. These differences 
could be due to different processing procedures, reagents 
used, or other lab-variations. If one finds that the distri-
bution has heavier tails compared to what you see with a 
normal distribution, the package also offers a multivariate 
t-distribution. The package does not allow a mix of normal 
and t-distributed data. It is assumed the full set of expo-
sures assume the same multivariate distribution. Another 
limitation of the package is that under the finite case, if the 
number of components is not known in advance, multiple 
models will need to be run and evaluated post hoc using an 
information criterion (e.g. BIC).

To avoid the burden of running multiple models to deter-
mine best fit, the remaining packages rely on Bayesian non-
parametric priors to determine the number of components 
and clusters best suited for the data. COMIX and dirich-
letprocess estimate the number of clusters using a Dirich-
let process [43]. This prior assumes an infinite number of 
clusters and allows clusters to fill as more data points are 
introduced. The number of clusters identified in a mixture 
model with a Dirichlet process prior grows logarithmi-
cally with the data, which can be overwhelming with large, 
high-dimensional data. COMIX offers additional flexibility 
allowing for adjustments if the exposure data happen to be 

Package Descriptor Cluster Count 
Determination

Additional features Applications

Partial ranked data
PLMIX Bayesian analysis of finite mixtures of Plackett-

Luce models
DIC1,DIC2,AICM, 
BPIC1, BPIC2, 
BICM1, BICM2

Clinical pathology 
[42]

Acronyms: AICM, Akaike Information Criterion for Markov Chain Monte Carlo; BICM, Bayesian information criterion for Markov chain 
Monte Carlo; DIC, Deviance information criterion; WAIC, Watanabe-Akaike information criterion; RJ-MCMC, Reversible jump Markov chain 
Monte Carlo; MFM, Mixture of finite mixtures; BPIC, Bayesian predictive information criterion; PFAS, per- and polyfluroalkyl substances.

Table 1  (continued) 
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estimated under a Bayesian construction [58]. As a regres-
sion model, both continuous and discrete exposures can be 
included in the model. The number of components is again 
assumed to be unknown and determined with a randomized 
uniform prior on the number of components. The PreMiuM 
package offers the best of both worlds, with options to fit 
both an unsupervised and supervised Dirichlet Process mix-
ture model [59]. In the unsupervised setting, exposure data 
can be continuous, discrete, or a combination of both. In 
the supervised setting, cluster membership is treated as a 
covariate in a regression model (e.g. profile regression). 
Outcome response can handle binary, categorical, count 
(Poisson), normal, and time-to-event (survival) data. Most 
recently, the package has been updated to also account for 
longitudinal responses. A variable selection option is also 
available to determine which exposure variables drive pat-
tern characterization. Users can select among three different 
sampling strategies for the Dirichlet process: (1) a truncated 
sampler, where the infinite mixture model is truncated to 
a maximum of C components that exceeds the true num-
ber of clusters (or filled components), similar to an over-
fitted mixture model; (2) slice dependent sampler (Walker, 
2007), where the slices are dependent on the current com-
ponent weights, and (3) slice-independent sampler, based 
on Kalli et al. [60], where slices are independent of current 
weight estimates. The latter option is often preferred for its 
improved mixing and computational efficiency.

Longitudinal Exposures

Recently, more models have been developed to analyze mul-
tiple exposures jointly over time. Mixture models are ideal 
for this analysis as they can account for correlation that exists 
within and across different exposures. To date, there are 
three packages available to analyze multivariate longitudinal 
exposures. BClustLong clusters across coefficients of a linear 
mixed effects model [61]. The number of clusters is deter-
mined by a Dirichlet process prior, and high-dimensionality 
and correlation of regression coefficients are controlled for 
using an infinite sparse factor analysis model. The package 
does require exposures to be normalized with no missing data 
points. Due to dimensionality and scalability concerns, only a 
few time points are currently feasible. BCCLong implements 
Bayesian consensus clustering for longitudinal data. Bayes-
ian consensus clustering is a technique that fits a mixture 
model from multiple sources. Here, each individual source 
assumes its own local clustering structure. An overall clus-
tering structure is then defined based on similarities shared 
across each of those individual local clusters [41]. Translated 
to the longitudinal setting, each longitudinal exposure is fit 
to a generalized linear mixed effects model. This generalized 
model allows the inclusion of a mixture of data types (i.e., 

adds a prior on the number of clusters, utilizing an alloca-
tion sampler to determine the appropriate number of clus-
ters dynamically [54, 55]. The remaining two packages 
offer various extensions to the standard latent class model. 
The ddtlcm package is best tailored for small-sized sample 
populations. It fits a Dirichlet Diffusion tree prior over the 
number of classes to distinguish exposure patterns that may 
share similar expressions for a subset of the exposure vari-
ables analyzed [10]. The slcm package implements a sparse 
latent class analysis for binary exposure data [25]. Sparsity 
is induced by coefficients of a generalized linear model, 
where only exposure variables that are important in charac-
terizing the latent class pattern are given nonzero estimates.

VICatMix and lcra packages exclusively handle cat-
egorical exposures. The VICatMix package improves 
computational efficiency during estimation through the 
implementation of variational Bayes inference. Variational 
Bayes is an alternative estimation approach to the typical 
MCMC, where instead of estimating parameters directly 
from a complex posterior distribution, it instead estimates 
parameters from a distribution that closely resembles the tar-
get posterior but is easier to draw and make optimizations 
[56]. The package also offers an option for variable selection 
to identify which variables are important in best characteriz-
ing exposure patterns. Like the slcm package, lcra integrates 
a generalized linear model (GLM) into the mixture model 
framework, offering users a supervised clustering technique. 
Here, a joint latent class model is estimated where the latent 
cluster assignment is a covariate in the GLM, still accounting 
for cluster assignment uncertainty derived from the probabi-
listic nature of the mixture model [26].

A few packages include mixture models that can accom-
modate both discrete and continuous exposures in the same 
model. We refer to them here as mixed-data mixture models. 
The ‘telescope’ package, which has the flexibility of ana-
lyzing a mixture of finite mixtures (MFM) of multivariate 
binary, Gaussian, categorical, or latent class models [57]. 
Users have the option of sampling from a static mixture 
of finite mixtures, where the prior on the number of com-
ponents is fixed, or a dynamic MFM, where the prior on 
the number of components is inversely proportional to the 
number currently fit in the model at a given iteration. This 
package may be useful for those who find the process of 
parameter tuning of the RJ-MCMC sampler burdensome 
with each expansion of the model and parameter space. 
Alternatively, the telescoping sampler works within a fixed 
space, where both the number of clusters K+  and compo-
nents K update simultaneously within that space [57].

The mixtools package offers a diverse toolkit of distribu-
tions and options for finite mixture models, but for the pur-
poses of this review, we focus primarily on the mixture of a 
regression option, as it was the only model in the package 
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data settings, but none within the scope of environmental 
health research. Seven packages (BNPmix, bpgmm, dppmix, 
PLmix, fabmix, IMIFA, VICatMix) were introduced in lit-
erature using benchmark data only. The underlying methods 
have motivated the development of more advanced mixture 
models, but those methods have not yet been made available 
on CRAN, limiting its application to environmental health 
and other research areas [66, 67].

Discussion

Questionnaires and surveys can assess the presence, absence 
or frequency of a wide variety of environmental exposures 
(diet intake, occupational hazards, product use, multimor-
bidity, air quality, etc.). Identifying underlying exposure 
patterns within these observed data can be both complex 
and muddled. This review provided an overview of the 
existing packages currently available on CRAN to cluster 
a large set of observations and exposures under a Bayesian 
framework. Bayesian mixture models provide researchers 
with the necessary tools to balance the demands of large 
data, model flexibility, and computational efficiency.

Most of the packages discussed in this review were intro-
duced on CRAN during the last 10 years, but few have found 
wide applicability in real data settings. Greater awareness of 
the existence of these packages as well as an understand-
ing of how best to leverage these packages for the analy-
sis of high-dimensional environmental exposures could 
increase utilization of model-based clustering approaches 
and improve understanding of the complex relationship of 
the environment and population health.

Vignette tutorials outside of the standard CRAN docu-
mentation are available for 18 of the 21 packages (See 
Supplementary Table 1 for list of direct links to available 
tutorials). Most of these vignettes are made available on the 
developer’s GitHub repository. This can be a challenge for 
broad adoption of the methods as the onus for promotion 
and awareness to the public falls solely on the developer. 
Vignettes made available through open access software 
journals have the advantage of providing developers with 
useful feedback to increase usability, validity, and repro-
ducibility through the peer-review process. They also offer 
developers a broader audience through the journal’s reader-
ship which could increase citation impact and motivate util-
ity across different disciplines. For example, BayesBinMix, 
BayesLCA, dirichletprocess, mixAK, and PreMiuM have 
published tutorials and vignettes in peer-reviewed journals 
and have been widely cited with applications in environ-
mental health. Mixtools is the oldest and most cited R pack-
age for mixture models, boasting over 1000 citations and 
several environmental health applications.

continuous, discrete, count). The number of clusters is finite, 
requiring multiple models to be run and evaluated for based 
on a statistical criterion, which can be computationally bur-
densome, depending on the size of the data. Like BCCLong, 
MixAK also models each exposure with a generalized linear 
mixed effects model, allowing mixed data types [62]. Time 
points are not required to be equally spaced. This model is 
also finite, requiring the number of appropriate clusters to be 
determined with statistical criterion (e.g. penalized expected 
deviance). Scalability is still a major concern in the analy-
sis of joint longitudinal exposures. Too many exposures can 
lead to convergence issues and extensive computational bur-
den. Still, analysis of a few variables or a small set of time 
points can be quite effective.

Other Exposure Types

BAMBI package offers a mixture model to determine pat-
terns from angular or directional data. Data are fit with 
either a bivariate wrapped normal or a bivariate von mises 
distribution [63]. While limited to only two exposures, it 
is suitable for data found in meteorology, geoscience, and 
bioinformatics. The PLMIX package offers a mixture model 
for partial ranked data. Both packages use a finite mixture 
model framework requiring multiple testing to determine 
the appropriate number of clusters.

Applications in Environmental Health 
Research

Each of these packages offer unique features and exten-
sions of the standard mixture model that are ideal methods 
to derive underlying patterns of multivariate exposures 
shared by subgroups in a population. Yet, the application of 
these packages is grossly underutilized in the environmen-
tal health literature. Only eight packages have been utilized 
to examine environmental exposures in the literature. Two 
packages (ddtlcm and lcra) were introduced in the literature 
with an environmental health context. The ddtlcm relied on 
a new method to improve identification and characteriza-
tion of dietary exposure patterns in small-sized populations 
[9]. Lcra package was introduced to identify acculturation 
behavior patterns as predictors of depression [26]. The 
remaining six packages (BayesBinMix, BayesLCA, dirich-
letprocess, mixAK, mixtools, and PreMiuM) have been 
cited beyond their introductory papers with a wide variety 
of environmental health applications including microbial 
monitoring, chemical mixtures, biomarkers, social deter-
minants, and measures of air and water quality [22, 24, 
28, 31–33, 35, 36, 64, 65]. Five packages (BAMBI, Batch-
mix, BCCLong, COMIX slcm) have been applied in real 
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our focus on available CRAN packages, discussion of those 
extensions are beyond the scope of this review. While no 
model is perfect, many of the packages discussed here are 
quite useful and could benefit from broader use in the envi-
ronmental health field. Scalability continues to be a limita-
tion with many of these methods, as the number of potential 
exposures to analyze in a single study increases over time 
and requires more resources. With a greater shift towards 
big data and efficiently managing the computational bur-
den of analysis, these limitations can be diminished over 
time. Greater awareness of these packages and increased 
interdisciplinary collaborations could help with the dis-
semination and promotion of these software tools across 
new fields.
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Posterior Distribution in Overfitted Mixture Models. J 
R Stat Soc Ser B Stat Methodol [Internet]. 2011 [cited 
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○ Paper describing the overfitted Dirichlet prior to de-
termine the number of clusters in a mixture model.

	● Frühwirth-Schnatter S, Malsiner-Walli G, Grün B. Gen-
eralized Mixtures of Finite Mixtures and Telescoping 
Sampling. Bayesian Anal [Internet]. 2021 [cited 2026 
Jan 1]; 16. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​1​​2​1​4​​/​2​1​​-​B​A​1​2​9​4.

○ Paper describing the mixture of finite mixture model 
approach and telescoping sampler algorithm to de-
termine number of components in a mixture model.

	● Müller P. Bayesian Nonparametric Mixture Models. 
Handbook of Mixture Analysis. Chapman and Hall/
CRC; 2019.

○ Book overviewing commonly used Bayesian non-
parametric mixture models (e.g. Dirichlet process, 
Pitman-Yor) and estimation approach.

Newer packages, released in the last five years, have 
potential to hopefully gain popularity with time, but without 
publications in software or interdisciplinary journals, they 
risk being underutilized. Batchmix, released in 2022 has no 
published applications outside of its introductory paper. The 
package was designed to adjust for variation in batches of 
genomic samples. This could be of great benefit in environ-
mental studies where labs collecting and analyzing chemical 
exposures (e.g. phthalates, PFAS, VOCs) need to account 
for differences between collection procedures, times, and 
sources. COMIX and BCCLong, were released in 2022 and 
2025 respectively. They were introduced for the analysis of 
biological markers for disease and cell subtyping but could 
easily be used to analyze a set of exposures that are highly 
skewed or contain repeated measures. Other packages, 
such as ddtlcm could have broad applicability for any set of 
binary exposures, where derived exposure patterns may be 
weakly identifiable, due to small sample size [9].

As the field continues to grow and expand with the 
increase in data availability and accessibility, research has 
shifted towards the understanding of the intersection of 
multiple sources of exposure sets. This type of analysis will 
rely on a diverse set of data collection sources (e.g. ques-
tionnaires/surveys, lab measures, external monitor read-
ings). Packages, such as mixtools, telescope,and PReMiuM 
are well-equipped to handle mixed data types and handle 
this type of analysis.

Some methods have already been applied to environmen-
tal science research, but not under a Bayesian framework. 
For example, mixture models using factor analyzers have 
been used for the analysis of air pollutant levels under a 
frequentist setting using the widely popular EM estimation 
approach [68]. IMIFA whose package vignettes are housed 
on a GitHub repository could see greater use to researchers 
who are interested in applying a model where the number 
of factors and mixture model components can vary with the 
data, providing more insight and increased data flexibility.

Analysis under a Bayesian framework may still be unfa-
miliar to non-statistical researchers. Implementation of these 
packages requires a deeper understanding of the mechanics 
for parameter estimation, prior specification and appropriate 
distribution assumptions. Guidance on how best to use these 
packages could increase usability and provide researchers 
with clear, interpretable results that improve pattern charac-
terization and reduce bias.

Conclusion and Future Directions

This review focused on packages currently available on 
CRAN. More packages have been developed and are avail-
able on public repositories like GitHub. However, given 
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○ Book overviewing Bayesian estimation approaches 
(e.g. MCMC, Variational Bayes) for a mixture model 
of multivariate data.
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