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ABSTRACT 
Latent class analysis (LCA) refers to techniques for identifying groups in data based on a parametric 
model. Examples include mixture models, LCA with ordinal indicators, and latent class growth analysis. 
Despite its popularity, there is limited guidance with respect to decisions that must be made when 
conducting and reporting LCA. Moreover, there is a lack of user-friendly open-source implementations. 
Based on contemporary academic discourse, this paper introduces recommendations for LCA which are 
summarized in the SMART-LCA checklist: Standards for More Accuracy in Reporting of different Types 
of Latent Class Analysis. The free open-source R-package package tidySEM implements the practices 
recommended here. It is easy for beginners to adopt thanks to user-friendly wrapper functions, and 
yet remains relevant for expert users as its models are integrated within the OpenMx structural equa
tion modeling framework and remain fully customizable. The Appendices and tidySEM package 
vignettes include tutorial examples of common applications of LCA.
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Latent class analysis (LCA) is an umbrella term that refers 
to a number of structural equation modeling (SEM) techni
ques for estimating unobserved groups based on a paramet
ric model of observed indicators (Vermunt et al., 2004). Its 
popularity has skyrocketed in recent years; it has nearly half 
as many search results in Google Scholar as factor analysis, 
a foundational SEM technique. Despite the popularity of 
LCA, two challenges impede broader adoption and correct 
application. The first is a lack of standards for conducting 
and reporting LCA. This introduces a risk of misapplica
tions and complicates manuscript review and quality assess
ment of published studies. This paper addresses that issue 
by introducing updated estimation and reporting guidelines, 
summarized in the SMART-LCA Checklist: Standards for 
More Accuracy in Reporting of different Types of Latent 
Class Analysis. A second challenge is that most existing soft
ware is commercial and closed-source (e.g., Mplus, Muth�en 
& Muth�en, 1998; Latent GOLD, Vermunt & Magidson, 
2000). Access to commercial software is restricted to license 
holders, and its proprietary source code cannot be audited, 
debugged, or enhanced by third parties. Free open-source 
software (FOSS), by contrast, removes financial barriers and 
promotes collaboration, inclusivity, and transparency 
(Lamprecht et al., 2020). Notable FOSS for LCA includes 
mclust (Scrucca et al., 2016) and OpenMx (Neale et al., 
2016), but there are still limitations pertaining to model 
complexity, user-friendliness, and documentation. To 

address these limitations, this paper introduces new LCA 
functionality in the tidySEM R-package (Van Lissa, 
2022b). To ensure a low threshold for novice users, com
mon LCA techniques are accessible through user-friendly 
functions, and custom models can be specified in lavaan 
syntax (Rosseel, 2012). For expert users, the package has a 
high ceiling, as the models are estimated in - and compat
ible with - OpenMx, a general purpose extensible SEM 
framework. The tidySEM package was developed with 
open science in mind, following the FAIR (Findable, 
Accessible, Interoperable, and Reusable) software principles 
(Lamprecht et al., 2020), and OpenSSF Best Practices. It 
implements LCA, paying particular attention to the practices 
discussed in this paper.

LCA has become popular under different names across 
scientific fields. Some authors use the term LCA to refer 
specifically to LCA with ordinal indicators, which has intro
duced some ambiguity (Collins & Lanza, 2009). LCA with 
continuous indicators is also known as a finite Gaussian 
mixture model. This name reflects the assumption that the 
observed data is a mixture of distributions from multiple 
underlying subpopulations. For example, men’s and wom
en’s shoesizes are normally distributed around different 
means. In a population sample, the distribution of shoe size 
will be a bimodal mixture of those two distributions. A two- 
class LCA could be used to separate these two mixed distri
butions and recover participants’ probability of belonging to 
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each sex based on their shoe size. A special case of the mix
ture model is latent profile analysis (LPA), which assumes 
conditional independence of the indicators. LCA can also 
use latent variables as indicators. For example, growth mix
ture models (GMM) and latent class growth analyses 
(LCGA) use latent variables to account for repeated meas
ures (Jung & Wickrama, 2008). The indicators of class 
membership are the intercepts and (co)variances of latent 
growth variables that describe individual trajectories on the 
observed variables. LCGA differs from GMM in that it 
assumes within-class homogeneity of trajectories, restricting 
the (co)variances to zero. Another longitudinal extension of 
LCA is the Hidden Markov Model or Latent Transition 
Analysis, which estimates an LCA at each time point and 
models the probabilities of transitioning from one class 
to another (Vermunt, 2010b). Models with multiple categor
ical latent variables are beyond the scope of this paper, 
however.

LCA is similar to CFA; both measure a latent variable 
while accounting for measurement error (Molenaar & Eye, 
1994). The key distinction is that LCA assumes a categorical 
instead of continuous latent variable. As CFA groups varia
bles into latent constructs, it has been called a “variable- 
centered” technique; LCA, by contrast, groups observations 
into classes and is thus referred to as a “person-centered” 
technique (Masyn, 2013; Nylund-Gibson & Choi, 2018). 
When the focus is on class-specific model parameters, LCA 
bears similarities to multi-group SEM. An important distinc
tion is that a multi-group model treats each group’s data as 
independent samples. In LCA, by contrast, observations 
contribute to parameters in all classes, but the relative con
tribution of each case to each class is determined by its pos
terior probability of belonging to that class. When the focus 
is on individuals’ class membership, LCA can be conceptual
ized as parametric model-based clustering (Hennig et al., 
2015; Scrucca et al., 2016). Compared to non-parametric 
clustering, LCA can be relatively parsimonious and thus 
suitable for smaller samples. Moreover, LCA offers fit meas
ures, interpretable parameters, and classification diagnostics. 
Finally, in machine learning, LCA is considered to be one of 
many unsupervised classification methods (Figueiredo & 
Jain, 2002).

To illustrate the different uses of LCA, we provide tutor
ial examples in the Online Supplementary Materials. The 
package vignettes contain up-to-date versions of these tuto
rials, see vignette(package ¼“tidySEM”). One 
common use case of LCA is to explore heterogeneity and 
determine whether a sample is comprised of latent sub
groups (Online Supplementary Materials A). In this use 
case, the focus is on class enumeration. Second, although 
LCA is often discussed as an exploratory analysis technique, 
it can be used in a confirmatory manner (Online 
Supplementary Materials B). Given its similarity to CFA, 
LCA it can be used to similar ends when a theory postulates 
the existence of a categorical latent variable: to assess 
whether the theoretical measurement model holds. LCA is 
also used to reduce high-dimensional data to just a few pro
totypes. While factor analysis is also used for dimension 

reduction, it only accounts for linear covariance between 
indicators. LCA, by contrast, can accommodate complex - 
but discrete - patterns. In this context, LCA can be used 
for pragmatic reasons without assuming the existence of an 
underlying categorical latent variable. Consequently, the 
class solution should be treated as a set of prototypes that 
describe the sample. LCA is used for dimension reduction 
when, for example, there are many ordinal indicators 
(Online Supplementary Materials C), and in longitudinal 
research, when researchers identify different prototypical 
developmental trajectories and relate these to auxiliary 
models (Online Supplementary Materials D). Another use 
case of LCA is to estimate individuals’ unobserved class 
membership, for example, for diagnostic purposes in clin
ical contexts. A special case is the classification of new 
individuals that were not part of the sample used to esti
mate the model, which allows the LCA to be used as a 
diagnostic aid (Online Supplementary Materials B). Finally, 
LCA is also used to account for violations of normality 
assumptions (Online Supplementary Materials A). Special 
cases of this use case are zero-inflated and hurdle models, 
which account for censored data and extreme skew 
(Baughman, 2007). Their parameters differ across classes: 
one class accounts for the excess zeroes, and another class 
fits a different distribution to explain the remaining values, 
which can include zero. Such models are beyond the scope 
of this paper.

Contemporary Practices in Analysis and Reporting

The practices discussed here are rooted in existing recom
mendations for estimating (Nylund-Gibson & Choi, 2018; 
Van De Schoot et al., 2017), and reporting (Masyn, 2013; 
Weller et al., 2020) specific subtypes of LCA. These guide
lines were updated, generalized to be relevant to all types of 
LCA, and implemented in tidySEM. They are summarized 
in the SMART-LCA Checklist: Standards for More Accuracy 
in Reporting of different Types of Latent Class Analysis 
(Online Supplementary Materials E).

Examining Observed Data

Examining data may reveal distributional idiosyncrasies and 
violations of assumptions. The function descripti
ves(data) provides extensive descriptive statistics, 
including the number of unique values, variance of continu
ous and categorical variables, missingness, skew and kur
tosis. Density plots for continuous variables and bar charts 
for categorical ones can convey additional information. 
Verify that the observed distribution is consistent with the 
intended measurement level. For instance, continuous varia
bles should have many unique values; if not, it may be bet
ter to model them as ordinal. Reporting sample descriptives 
is due diligence (Schreiber, 2017), but there are two impor
tant limitations in the context of LCA. First, sample descrip
tives are not sufficient to check or reproduce LCA. Second, 
LCA assumes a heterogeneous population, which limits the 
utility of sample descriptives. It is thus also important to 
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report class-specific descriptives. Note that normality tests 
have little use in LCA. A recent publication mistakenly 
stated that Gaussian mixture models assume normally dis
tributed indicators (Spurk et al., 2020). The correct assump
tion is that observed distributions are a mixture of normal 
distributions, which is itself non-normal. If indicators are 
normally distributed, LCA may not be the appropriate 
technique.

Data Preprocessing

LCA can accommodate continuous, ordinal, binary, and 
nominal, indicators. Continuous variables should have type 
numeric or integer and an interval measurement level 
such that it is sensible to estimate their means and (co)va
riances. Ordered variables such as Likert scales, and binary 
variables like the presence or absence of symptoms should 
be converted to mxFactor. Nominal variables of type 
factor and character can be converted to binary 
dummy variables using mx_dummies(). Indicators on dif
ferent scales may cause convergence issues. The reason for 
this is that the parameter space is high-dimensional with 
many potential local optima. If one indicator is on a much 
larger scale than another, the parameter space may be more 
extensively explored for that parameter. The problem can be 
resolved by transforming the indicators to place them on 
(roughly) similar scales, for example, by standardizing them 
using the scale() function. Model parameters can be 
transformed back to the original scale by reversing the 
transformation. Another consideration relates to the univari
ate distributions of indicators. For example, if indicators are 
zero-inflated and right-skewed, this must be taken into 
account either in preprocessing, or in model specification. 
In preprocessing, data can be transformed to reduce skew. 
After reducing skew, a simple LCA may fit the data well. In 
model specification, one can accommodates the distribu
tional idiosyncrasies by, for example, allowing free variances 
across classes. This might result in one class with a near- 
zero mean and small variance and one class with an ele
vated mean and large variance. It is also possible to specify 
separate models for each latent class, as in zero-inflated 
models, but this is beyond the scope of the present paper 
(Baughman, 2007).

Missing Data

Examining the pattern of missing data is due diligence (Van 
De Schoot et al., 2017). Three types of missingness are dis
tinguished (Enders, 2022): random missingness (MCAR); 
missingness contingent on observed data (MAR); and miss
ingness related to unobserved data (MNAR). Classic miss
ingness tests assume normality; an assumption likely to be 
violated in LCA (Little, 1988). Instead, a non-parametric 
test can be used to determine whether missingness is MAR 
or not (Jamshidian & Jalal, 2010). In tidySEM, missingness 
is handled using Full Information Maximum Likelihood 
(FIML) estimation. As FIML assumes either MCAR or 
MAR, one would proceed with FIML regardless of the test 

outcome. FIML makes use of all available information 
(Enders, 2022) and performs on par with multiple imput
ation (Lee & Shi, 2021). Note that FIML estimates are only 
unbiased if all predictors of missingness are included in the 
model. Multiple imputation is less suitable for LCA because 
many imputation methods assume normality, whereas LCA 
effectively assumes non-normality (i.e., it assumes a mixture 
of normal distributions). Moreover, aggregating model fit 
indices and parameter estimates across imputed datasets is 
nontrivial in LCA. There is no universally best approach to 
handling missing data, but given these considerations, our 
recommendation is to report proportions of missingness per 
variable using descriptives(), test for MAR using 
mice::mcar(), and use FIML estimation.

Model Specification

LCA can be based on any parametric model whose parame
ters are appropriate for the indicators’ measurement level. 
Parameters can be freely estimated, constrained across 
classes, or fixed (e.g., to zero). Continuous indicators are 
parametrized in terms of means, variances, and (co)varian
ces. Ordinal indicators are parametrized using thresholds 
corresponding to quantiles of a standard normal distribu
tion. A binary indicator has a single threshold that distin
guishes the two response categories. If responses are 
distributed 50/50, the threshold would be t1 ¼ 0:00; if 
responses are distributed 60/40, then the resulting threshold 
would be t1 ¼ 0:25: The wrapper functions mx_pro
files() and mx_lca() construct LCA models for con
tinuous and ordinal indicators respectively. More complex 
models can be specified in lavaan syntax using mx_mix
ture(). A common pitfall is treating ordinal data as con
tinuous. Although a widespread rule of thumb suggests that 
ordinal scales with 7þ categories can be treated as continu
ous (Rhemtulla et al., 2012), doing so can cause problems in 
LCA. To understand why, imagine a 7-class LPA with a sin
gle 7-category indicator. Each class mean would describe a 
single response category, and class-specific variance compo
nents would be empirically underidentified.

Prior literature has emphasized considering alternative 
model specifications (Van De Schoot et al., 2017). What has 
remained underemphasized is that alternative model specifi
cations play a different role in exploratory versus confirma
tory LCA. Exploratory LCA typically involves a search for 
the best model along several model specifications and num
bers of classes (Nylund et al., 2007). A pitfall in this context 
is omitting the one-class solution; if it has relatively good 
fit, LCA might not be appropriate. Confirmatory LCA, by 
contrast, focuses on one or more hypothesized (and option
ally preregistered) models. Alternative model specifications 
still play a role because LCA lacks objective fit indices. One 
way to test the theoretical model is to demonstrate that its 
fit compares favorably to alternative models, such as a one- 
class model, models with a few more or less classes, or com
peting theoretical models. If the hypothesized model fits 
much better, this provides evidence for the theory. If it fits 
much worse, this provides evidence against the theory. If fit 
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differences are small, the theoretical model may still be pre
ferred, as theory is a relevant consideration in model selec
tion (Jung & Wickrama, 2008).

Maximum Number of Classes

One aspect of model specification is determining the max
imum number of classes to be considered. The maximum 
may be determined on theoretical grounds, limited by com
putational resources, or informed by the data. Above a cer
tain number of classes, convergence problems may occur, 
and classes may become very small. Low-class counts may 
be a reason to eliminate more complex models due to the 
risk of overfitting (Hastie et al., 2009). Overfitting occurs 
when a model has many parameters relative to the number 
of observations, causing it to capture idiosyncratic noise in 
the sample and limiting its generalizability to new samples. 
In LCA, it is important to consider not only the overall 
ratio of observations to parameters but also the class-specific 
ratio. Small classes may be locally non-identified if they 
comprise too few observations to estimate class-specific 
parameters (Depaoli, 2013).

Estimation and Convergence

A unique challenge in LCA is that model parameters and 
class membership must be estimated simultaneously. 
Participants contribute to the estimation of parameters in all 
classes, and their contributions to each class are weighted by 
their probability of belonging to that class - which is in turn 
computed based on the class parameters. The resulting 
chicken-and-egg problem is resolved by the expectation- 
maximization algorithm: Estimation proceeds iteratively, 
alternating between calculating posterior class probabilities 
based on the current parameter estimates, then using max
imum likelihood (ML) to re-estimate the parameters using 
the new class probabilities as weights, and so on, until both 
have converged. ML finds the combination of parameter 
values that minimizes a measure of discrepancy between the 
model and the observed data: the minus two log likelihood, 
� 2LL: To understand ML, imagine we are estimating two 
parameters: the class-specific means lc on a continuous 
indicator for two classes. Imagine a three-dimensional 
landscape where the X and Y dimensions represent potential 
values of the class means, X ¼ l1 and Y ¼ l2, and the Z- 
dimension represents the value of the � 2LL: The optimizer 
must find the deepest “valley” in this landscape: the combin
ation of l1 and l2 that minimizes the � 2LL: The ML opti
mizer behaves somewhat like a marble, dropped at a 
random point in this landscape: It rolls toward the nearest 
valley (a combination of values for l1 and l2 that has a low 
� 2LL). One challenge is that LCA models often have very 
many parameters, which means that the landscape is not 
three- but very high-dimensional, with many valleys and 
sparse data to provide information about which valley is 
deepest. If the marble rolls into one valley, it will settle there 
and not climb out again. One risk is that the optimizer gets 
stuck in a shallower valley (a “local optimum”), and never 

discovers the deepest valley (the “global optimum”). One 
solution to this problem is to drop many marbles at random 
places and make sure that several marbles find the same val
ley. This is the “random starts” approach implemented in, 
e.g., Mplus.

Random starts are computationally expensive, inefficient 
because start values may be far from an optimum, and there 
is a risk that the global optimum is never found if all start
ing values are close to a specific local optimum. These chal
lenges are overcome by the global optimizer simulated 
annealing (Corana et al., 1987). At each iteration, SA con
siders a “destination” in the landscape, and compares its 
� 2LL to the current one. If the destination � 2LL is lower, 
it moves there. However, if the destination � 2LL is higher, 
it still moves there occasionally. This allows it to escape 
local optima. Think of this as occasionally flicking a marble 
to see if it rolls back into the current valley or finds another 
deeper one. Since SA is a global optimizer, its outcome is 
independent of starting values (Corana et al., 1987). If we 
assume that the classes have different means, we can use 
nonparametric clustering and multigroup analysis to deter
mine reasonable start values (Biernacki et al., 2003). 
tidySEM uses K-means clustering for complete data 
(Hartigan & Wong, 1979), and hierarchical clustering when 
there are missing values. SA is then used to find the global 
optimum, followed by a short run of ML to obtain the 
asymptotic covariance matrix.

In practice, models do not always converge. Convergence 
problems may be indicated by errors and warnings from the 
estimator, or they may be suspected based on improbable 
parameter values or changing results when the analyses are 
reproduced. One way to address nonconvergence and local 
optima is by re-estimating the model while permuting the 
starting values. The OpenMx package contains a family of 
functions for this purpose: mxTryHard() and 
mxTryHardWideSearch() for continuous indicators, 
and mxTryHardOrdinal() for ordinal indicators. 
Alternatively, starting values may be specified manually 
specified using OpenMx::omxSetParameters() before 
re-running the model. Convergence problems may also be 
caused by small samples or poor data quality. In these cases, 
the only solution is to collect more, or higher quality data. 
Another potential reason for nonconvergence is incorrect 
model specification. The model may be too complex for the 
data, or conversely, too simple to capture important pat
terns. For example, consider LCA with multiple ordinal 
indicators. If certain combinations of responses rarely occur 
together, this can result in extreme conditional item proba
bilities (exactly 0 or 1). A solution may be to merge 
response categories with very few responses, or to simplify 
the model by estimating fewer classes. Similar problems 
occur with continuous indicators, for example with zero- 
inflated distributions (see Data Preprocessing). To account 
for the excess zeroes, one class will have a mean of zero and 
a very small, or zero, standard deviation. Constraining the 
standard deviations across classes would likely result in 
nonconvergence.
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Model Fit Indices

Due to the lack of absolute fit indices for LCA, relative 
measures of model fit are used. These so-called information 
criteria (ICs) are computed from the most basic fit measure, 
� 2LL; see table_fit(). The lower its value, the better 
the model fits the data. However, there is a balance between 
how well a model fits the data at hand, and how well it gen
eralizes to new data (Hastie et al., 2009). To curtail such 
overfitting, ICs penalize model complexity. The Akaike 
Information Criterion (AIC) is the original information cri
terion (Akaike, 1974). It is computed as � 2LLþ 2p, where 
p is the number of parameters. The Bayesian Information 
Criterion (BIC) multiplies the penalty for complexity with a 
function of the sample size, p ln ðnÞ, such that complex 
models are penalized more in smaller samples (Schwarz, 
1978), which incur greater risk of overfitting (Hastie et al., 
2009). The BIC may be a sensible default IC for class enu
meration as it is widely known and performs well across 
simulation studies (Masyn, 2013; Nylund-Gibson & Choi, 
2018; Vermunt, 2023). Finally, the so-called sample size 
adjusted BIC (saBIC), ln nþ2

24
� �

, implements a penalty for 
sample size based on the smallest number of pieces of infor
mation necessary to reproduce the data (Rissanen, 1983; 
Sclove, 1987). The saBIC performs well for homogeneous 
clusters in small samples but selects too many classes when 
the number of the number of classes and the sample size 
are large (Chen et al., 2017; Tein et al., 2013).

In class enumeration, the model with the lowest IC value 
is often preferred, as it best balances fit and complexity. An 
informal way to further penalize complexity is to use a scree 
plot, plot(), to determine the inflection point at which 
additional classes only marginally decrease the ICs (Nylund- 
Gibson & Choi, 2018). Another way to compare models is 
using IC-weights, ic_weights(), which indicate the rela
tive support the data provides for each model in a set 
(Wagenmakers & Farrell, 2004). This is particularly useful 
for confirmatory LCA, as it allows one to quantify support 
for the theoretical model as a percentage. Note that IC- 
weights (strongly) favor the model with the lowest IC value. 
ICs may contradict each other, so it is important to consider 
how to reconcile them. One option is to preregister a spe
cific IC before seeing the data. Another option is to select 
the most parsimonious model that has best fit according to 
any IC. Another option is to integrate information from 
multiple fit indices (Akogul & Erisoglu, 2016).

Likelihood Ratio Tests

A common practice is to use Likelihood Ratio tests (LRT) 
for class enumeration. In particular, the Lo-Mendell-Rubin 
LRT (LMR) is widely used to test the significance of the dif
ference between k- and k � 1-class models (Lo et al., 2001). 
The popularity of this test notwithstanding, an insurmount
able limitation is that it assumes regularity conditions that 
are generally violated in LCA (especially when mixture com
ponents are non-normal) (Jeffries, 2003). Moreover, recent 
work confirms that the LMR does not yield uniformly dis
tributed p-values under the null hypothesis, and that Mplus’ 

implementation differs from the validated method and per
forms worse (Vermunt, 2023). The bootstrapped LRT over
comes some of these limitations (Nylund et al., 2007; Tein 
et al., 2013). It simulates data from the k � 1 class model b 
times (e.g., 1000), and calculates the LRT for k versus k � 1 
class models in each simulated dataset. Its p-value is the 
proportion of b in which the test statistic exceeds the ori
ginal LR. The BLRT is computationally expensive and sensi
tive to model misspecification, which limits its use in 
exploratory LCA (Nylund et al., 2007). For confirmatory 
analyses, however, the BLRT should be preferred over the 
LMR. All LRTs thus have some limitations, and in many 
cases, the BIC may be preferred for class enumeration 
(Vermunt, 2023). One questionable practice pertaining to 
LRT is stepwise class enumeration, whereby additional mod
els are estimated until a non-significant LRT is observed 
(Spurk et al., 2020). This is problematic because of the 
aforementioned limitations of LRTs, and because stopping 
at the first non-significant LRT could prevent the selection 
of a better model with an even higher number of classes.

Classification Diagnostics

Classification diagnostics assess whether classes are distinct 
and clearly separable. As these diagnostics are not fit indi
ces, they should not be used for model selection. A model 
can fit the data well and still exhibit poor class separability 
(Masyn, 2013). However, classification diagnostics can be 
used to restrict the search space of acceptable models. For 
example, when the analysis goal is to interpret the proper
ties of classes or their members, it makes sense to consider 
only models with clear class separation (Nylund-Gibson & 
Choi, 2018).

All classification diagnostics are derived from the poster
ior classification probabilities P. This n� k matrix contains 
the probabilities for every individual i of belonging to latent 
classes 1 . . . k: When classification accuracy is high and 
classes are distinct, each individual has a high posterior class 
probability for one class, and low for all others. This matrix 
is obtained by running class_prob(res, type 

¼“individual”). Note that one column is added with 
each individual’s most likely class membership M, based on 
the highest posterior class probability. The matrix P can be 
summarized in different ways. For example, the estimated 
frequency table of the latent categorical variable FP is 
obtained by taking the column sums of P, see class_ 
prob(res, type ¼“sum.posterior”). This table 
takes classification error into account, so individuals can 
contribute partially to multiple classes. Second, the fre
quency table of the variable M, FM, is obtained by running 
class_prob(res,” sum.mostlikely”). Unlike FP, 
FM ignores classification error. If every observation is classi
fied with perfect accuracy, FM and FP are identical.

One important classification diagnostic is the size of the 
smallest class, derived from FM. It is included in the output 
of table_fit() as a percentage of the sample in the col
umn n_min. Existing rules of thumb have discussed the 
smallest class size in terms of percentage of the total sample 
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size (Jung & Wickrama, 2008). The main concern here is 
that the smallest class should have a unique and meaningful 
substantive interpretation. This does not, however, address 
the concern that small classes may comprise too few obser
vations to accurately estimate class parameters, a phenom
enon known as local non-identification (Depaoli, 2013). 
Thus, a better rule of thumb might be to ascertain that the 
ratio of observations per estimated parameter is sufficiently 
large, both across and within classes. Ratios of 10 or 20 
observations per parameter have been suggested in the lit
erature (Jackson, 2003; Kline, 2016). If the smallest class has 
too few observations per parameter, or its substantive inter
pretation is redundant with another class, a simpler solution 
with fewer classes or a simpler class-specific model is 
preferable.

To assess classification accuracy, we turn to the third 
diagnostic table: the average posterior probabilities by most 
likely class membership, PpðM¼mÞ , obtained via class_pro
b(res, type ¼“avg.mostlikely”). This table gives 
the column means of P for the k subsets of observations 
with most likely class of M ¼ 1 . . . k: Each row gives the 
mean probability of being assigned to each class for partici
pants assigned to one particular class according to M. The 
diagonal of this matrix represents the certainty of class 
assignment. Some guidelines have suggested that values on 
the diagonal should exceed 0.7 (Masyn, 2013). These guide
lines should not be considered as strict cutoffs; rather, clas
sification quality should be interpreted substantively.

The table of classification probabilities for the most likely 
latent class M by latent class, PpðM¼mjC¼cÞ is similar to PpðM¼mÞ , 
except that it accounts for classification uncertainty. If C is 
the true class of an observation, which is imperfectly meas
ured, and M is the most likely class, then this table shows 
the probability of an observation being assigned to class m 
in M, given that its true class is c in C, or PðM ¼ mjC ¼ cÞ:
Values on the diagonal indicate the reliability with which 
each level of the categorical latent variable is measured by 
M, and off-diagonal elements can be conceptualized as 
measurement error. As a summary of classification accuracy, 
the minimum and maximum of the diagonal are given by 
default as a part of the table_fit() output (prob_min 
and prob_max). Both probabilities should be high, as this 
means that all classes are reliably classified. A low minimum 
probability indicates at least one class with low classification 
accuracy.

The entropy criterion summarizes class separability in a 
single statistic (Celeux & Soromenho, 1996). In physics, 
high entropy refers to maximum randomness or uncer
tainty, and low entropy corresponds to a strict arrangement 
of the units of study. Applied to LCA, high entropy means 
that classes are completely indistinguishable, and low 
entropy means that classes are fully separated. Following the 
Mplus convention, tidySEM reports 1-entropy, reversing 
its interpretation: 0 means the model classification is no bet
ter than chance, and 1 means that every individual has a 
near-one probability of being in one particular class. If the 
goal is to identify clearly distinct classes, higher entropy val
ues are preferred. There are rules of thumb for entropy 

because its value tends to be lower when the number of 
samples, indicators, or latent classes is higher.

Labelling Classes

Class names should be chosen to accurately reflect theoretic
ally relevant class characteristics. These names should aid 
interpretation and serve as a shorthand throughout the 
manuscript. For example, one study used a dual-trajectory 
LCGA of cognitive and affective empathy development with 
gender as a covariate. Although this model has dozens of 
parameters, the resulting classes were labeled low, average, 
and high empathy because level differences were the most 
salient difference between classes. According to the naming 
fallacy, overly simplistic and general class names can be 
misleading (Weller et al., 2020). For example, it would be 
misleading to call one group “low empathy” and another 
group “medium empathy” if the empathy differences were 
non-significant, or if other differences, like trajectory shape, 
were more substantial. To avoid the naming fallacy, compre
hensively report model parameters and emphasize that class 
names are just a shorthand. When naming classes, be aware 
that LCA models are identified up to the class order. This 
order may change if the analysis is replicated, a phenom
enon known as label switching. To ensure that classes stay 
in the same order upon replication, set a random seed 
before fitting the model by using set.seed(). To set a 
specific class order, use the function mx_switch_ 

labels(). By default, it orders classes from largest to 
smallest class count - but classes can also be ordered by 
their values on a specific parameter (e.g., the mean intercept 
in a latent class growth model). Label switching is a larger 
problem in Bayesian LCA, but this is beyond the scope of 
this paper.

Reporting: Transparency and Reproducibility

Journals, funding bodies and professional organizations 
increasingly require open and reproducible research. Many 
have adopted the TOP guidelines, which recommend com
prehensive citation of literature, software, and data sources; 
sharing data and analysis code, and pre-registration (Nosek 
et al., 2016). The FAIR principles set the standard for how 
research output should be shared (see Lamprecht et al., 
2020). The Workflow for Open Reproducible Code in 
Science describes how to create a reproducible research 
archive consistent with these guidelinges, and the worcs R- 
package automates many of the steps involved (Van Lissa 
et al., 2021a, 2021b). This workflow uses a dynamic docu
ment that automatically generates analysis results from 
code, which is version controlled to ensure a complete his
torical record of the project, and tracks all software depend
encies to ensure reproducible results. Using open-source 
software is a necessary condition for reproducibility. By 
combining tidySEM and worcs, it is possible to conduct 
a fully reproducible LCA analysis compliant with established 
standards. Data sharing is especially important for LCA 
compared to other methods, because LCA requires 
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individual participant data to be reproduced. If the original 
data cannot be shared, worcs automatically generate syn
thetic data to ensure computational reproducibility. 
However, generating synthetic data from the final model 
using mxGenerateData() will provide a better basis for 
reproducing LCA results.

Reporting: Preregistration

LCA analyses inherently involve some subjectivity, because 
of the potential for disagreement between criteria for class 
enumeration and the lack of objective fit indices. 
Preregistering the criteria for class enumeration and deter
mining the maximum number of classes eliminates concerns 
that these were cherry picked after seeing the results. The 
worcs package facilitates creating a preregistration from 
standard templates. More interestingly, it facilitates creating 
a Preregistration As Code (PAC): A draft paper with repro
ducible analysis section based on fake (synthetic or simu
lated) data (Peikert et al., 2021). In PAC, the class 
enumeration criteria can be hard-coded into the analysis sec
tion, removing any ambiguity. Once real data are accessed or 
collected, the analysis is simply reproduced, and the results 
section is automatically updated. PAC leaves less room for 
ambiguity than conventional preregistration because the ana
lysis plan is not merely described but implemented in code. 
Moreover, since a PAC is the first draft of a paper, writing it 
saves time compared to filling out preregistration forms. For 
an example of PAC, see Van Lissa (2022a).

Reporting: Model Fit

The function table_fit() reports an overview of fit 
indices, customized for LCA. First, report the effective sam
ple size, which should be the same for all models in order 
to compare ICs. Second, report the number of parameters 
for each model, and clearly explicate which parameters are 
estimated across and within classes. For a full overview of 
the parameters, use the coef() or table_results() 
functions. Third, report the relative fit of different solutions. 
By default, table_fit() includes the � 2LL and three 
ICs: AIC, BIC, and saBIC. Fourth, report classification diag
nostics. Of particular interest is the range of the diagonal of 
the most likely class membership by true class membership, 
which indicates classification reliability (prob_min and 
prob_max). The entropy is also of interest as an overall 
measure of class separation. Finally, the range of propor
tions of cases assigned to each class is important (n_min 
and n_max); the minimum proportion of cases may indi
cate classes that are too small to be locally identified or 
practically relevant (see Depaoli, 2013). Finally, a test like 
the BLRT can be reported if it is part of the class enumer
ation strategy, using BLRT().

Reporting: Results

LCA results include class proportions, class_ 

prob(res,” sum.posterior”), obtained by 

standardizing the class weights. A k class model has k � 1 
free weights; one weight is redundant and thus constrained. 
Unstandardized weights and other parameters are obtained 
via table_results(res). Note that ordinal thresholds 
are easier to interpret when converted to probabilities, using 
table_prob(). It is good practice to report point esti
mates, standard errors, and confidence intervals.

Reporting: Inference

The results table includes p-values for the hypothesis that 
the parameter is equal to zero. Whether this is informative 
depends on the research questions and variable scale. For 
mean-centered indicators, the p-values of class means indi
cate whether they differ significantly from the sample aver
age. Other null hypotheses can be tested using the standard 
errors. Although a recent article suggested that robust stand
ard errors should be used when indicators are not normally 
distributed (Spurk et al., 2020), we found no research sup
porting this claim. Informative hypotheses can be tested 
using wald_test() (see Van Lissa et al., 2021a, 2021b). 
In confirmatory LCA, a theoretical model can be tested by 
comparing model parameters against their hypothesized val
ues. As LCA models are often highly parametrized, it is 
important to control the risk of Type I errors, or at least 
reflect on it (Goeman & Solari, 2011).

Reporting: Visualization

In an informal review of LCA visualization, we found that 
most graphics focus on model parameters, displaying class 
means as points connected by lines, with point, shape and 
line type indicating class membership. This approach has 
some limitations: These plots omit parameter uncertainty, 
do not illustrate how well the model describes the data, and 
the lines suggest a non-existent continuous connection 
between items. Plots in tidySEM are based on best practi
ces according to the Grammar of Graphics (Wilkinson, 
2005). They visualize raw data, which enables assessing class 
separability and how well the data are captured by the 
model. Color plots indicate class membership by color, and 
publication-friendly black and white plots instead use line 
type and point shape. Point estimates and raw data are 
visualized using points. Although these points can be con
nected by lines in plot_profiles(), this is discouraged 
because the lines do not convey any additional information. 
More salient elements are error bars for standard errors and 
standard deviations. Density plots visualize univariate 
observed distributions in plot_density(), and ellipses 
visualize (co)variances in plot_bivariate(). When 
using plots to aid class enumeration, competing models are 
juxtaposed. As tidySEM plots are implemented in 
ggplot2 and remain class compatible, they can be further 
customized. One remaining limitation is that further work 
remains to be done to implement recommended practices 
for plots of ordinal indicators (plot_prob()) and for 
longitudinal LCA (plot_growth()).
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Follow-up Analyses

Researchers often wish to relate class membership to auxiliary 
variables, or even auxiliary models. It is important to keep in 
mind that most likely class membership M is subject to classi
fication error (Vermunt, 2010a). Treating class membership as 
an observed variable disregards this error, resulting in biased 
models, except when class separation is very high. It is there
fore important to account for classification error in follow-up 
analyses. The BCH method, available via BCH(), compares 
auxiliary variables or arbitrary auxiliary models across classes 
while accounting for classification error (Bolck et al., 2004).

Conclusions

This paper discussed types of LCA and their use cases, illus
trated via tutorials in the Online Supplementary Materials and 
package vignettes. Expanding and updating existing guidelines, 
we recommend practices for estimating and reporting LCAs. 
These recommendations are summarized in the SMART-LCA 
checklist to guide authors, readers, and reviewers. We imple
mented LCA in the free open-source R-package tidySEM, 
paying particular attention to the practices discussed in this 
paper. The package’s user-friendly interface brings advanced 
LCA within reach of novice users, while its embedding within 
the extensible OpenMx framework ensures its relevance for 
advanced users. We encourage contributions that further 
enhance its capabilities. Our aim is to democratize access to 
cutting edge latent class analysis and incentivize further meth
odological and applied research in this area.
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