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Grouping approaches are commonly employed in chemistry education research to better understand
variation. Traditionally used as a tool for data dimensionality reduction, these approaches are used as a
tool to help researchers interpret complex data sets that can inform instructional strategies or target
interventions. Among these techniques, cluster analysis, and in particular k-means clustering, has gained
popularity for its simplicity and applicability to continuous variables. However, k-means cluster analysis
is limited by its algorithmic nature, including assumptions of equal variance between clusters. Latent
profile analysis, a model-based alternative within the mixture modeling framework, offers greater
flexibility by allowing probabilistic group membership and the modeling of individual variances and
covariances across latent profiles. This methods-focused study compares k-means clustering and latent
profile analysis using data from undergraduate organic chemistry students enrolled in courses with
either traditional or specifications grading. By examining students’ affective traits, this study highlights
the strengths and limitations of each grouping approach. Findings support the broader adoption of
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Introduction

Grouping approaches based on a set of variables are a common
strategy in chemistry education research, particularly for explo-
ring the heterogeneity that exists within populations. For
example, educational data often reflect students’ diverse experi-
ences, beliefs, and behaviors, which can be used to identify
meaningful subgroups that can inform instruction and sup-
port. Traditionally, cluster analysis has been used to identify
such groups, but model-based approaches like mixture model-
ing may afford greater flexibility and nuanced interpretation by
accounting for variability in response patterns. This study uses
an example from undergraduate organic chemistry to present
a direct comparison between k-means cluster analysis and
one type of mixture modeling, latent profile analysis LPA.
By delineating the methodologies and statistical assumptions
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mixture modeling in chemistry education research to explore heterogeneity.

of each approach, we aim to guide researchers in selecting the
most appropriate grouping approach for their research goals,
especially when addressing complex and heterogeneous
educational data.

Cluster analysis

Cluster analysis (or clustering) is a process of grouping obser-
vations, such as students, based on similarities in their data.
Unlike classification methods, clustering does not rely on
predefined group labels. Instead, clustering identifies natural
groupings within the data. Clustering algorithms typically aim
to optimize two criteria: (1) minimizing intracluster distance,
which increases similarity between data within the same cluster
and (2) maximizing intercluster distance, which increases dis-
similarity between data in different clusters.

The goal of cluster analysis is to reduce a large number of
data or observations into a smaller number of meaningful
clusters that can be used to interpret patterns in the data
(Everitt et al., 2011). Clustering algorithms sort together similar
or neighboring data points into clusters of data in n-dimen-
sional space (Auf der Heyde, 1990). In chemistry education
research, several types of clustering models have been used:
connectivity models such as hierarchical clustering which group
data based on similarity distances and are commonly used for
categorical data (e.g., Linenberger and Holme, 2014; Raker and
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Holme, 2014; Galloway and Bretz, 2015a, 2015b; Raker et al.,
2015a, 2015b; Nielsen and Yezierski, 2016; Velasco et al., 2016;
Gibbons et al., 2018, 2022; Lewis, 2018; Ferreira and Lawrie,
2019; Jeffery and Bauer, 2020; Popova et al., 2020, 2021; Schultz
et al, 2021; Gulacar et al., 2022); centroid models such as
k-means clustering where data are grouped based on the mean
of observations, where each cluster is represented by a single
mean vector (e.g., JuriSevi¢ et al., 2012; Lastusaari and Murto-
nen, 2013; Guerris et al., 2020; An et al., 2022; Guo et al., 2022;
Wang and Lewis, 2022; Lee and Guo, 2024; Partanen et al.,
2024; Sizemore et al., 2024; Braun et al., 2025; Jaison et al.,
2025); and distributions models such as DBSCAN (density-based
spatial clustering of applications of noise) where data are
grouped based on how closely packed they are in space (e.g,
Martin et al., 2024). Additionally, hybrid algorithms or sequen-
tial clustering approaches (e.g, hierarchical clustering followed
by k-means clustering) have also been used to refine cluster
solutions (Brandriet and Bretz, 2014; Connor et al., 2021;
Wilkes et al.,, 2024). Within chemistry education, hierar-
chical clustering methods are frequently used for categorical
data, and k-means clustering is among the most common for
numerical data.

k-Means cluster analysis. In k-means clustering, each obser-
vation is partitioned into a pre-specified number of k£ nonover-
lapping subgroups called clusters. The algorithm begins with
an initial set of cluster assignments by randomly assigning
each observation to one of the k clusters. For each cluster, the
mean vector of all observations is computed, which serves as
the cluster center or centroid. The algorithm then calculates the
distance between each observation and each centroid reassign-
ing observations to the cluster with the smallest distance to its
centroid. Most commonly, Euclidean distance is used, although
other distance metrics (e.g., Manhattan or cosine distance) can
be used depending on research context and data properties.
This process continues iteratively to maximize the within-
cluster sum of squares (WSS), or the sum of squared distances
between each observation and its assigned cluster centroid.

The goal of k-means cluster analysis is to maximize the
similarity between observations within the same cluster while
minimizing dissimilarity between observations in different
clusters. For example, if a researcher tests a range of cluster
solutions from k = 2 to k = 10, the algorithm repeats this process
for each value of k, seeking to minimize the WSS for each
solution. The final cluster solution is typically selected based on
criteria such as the elbow method which identifies the point at
which adding more clusters yields diminishing returns in
reducing WSS.

Applications of cluster analysis in chemistry education research

Cluster analysis has been widely applied to support student
success in chemistry (see Auf der Heyde (1990) for an intro-
duction of cluster analysis tailored to chemistry education
researchers). Researchers have found value in identifying
groups of students with similar characteristics, such as affect
or experiences (Lewis et al., 2009; Brandriet and Bretz, 2014;
Chan and Bauer, 2014; Nielsen and Yezierski, 2016; Jeffery and
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Bauer, 2020; Jaison et al., 2025). For example, Galloway and
Bretz (2015a) used cluster analysis on data collected from
undergraduates in a first-year chemistry laboratory course
using the Meaningful Learning in the Laboratory Instrument
(MLLI) to identify students who were similar in terms of their
expectations and experiences. The four clusters identified
suggested that students’ expectations about the course were
related to their experiences in the course. Students who were in
the cluster identified by the researchers as “low” leaned toward
having more negative affective expectations for their experi-
ences, and showed decreases across cognitive, affective, and
cognitive/affective scales after experiencing the course. In con-
trast, students who were in the cluster identified as “high”” had
higher reported affective and cognitive experiences, but saw a
decrease in their cognitive scores, increase for the affective
scale, and no change for the cognitive/affective scale. This
research highlighted how identifying clusters of students can
help instructors better understand and address varying expec-
tations in laboratory courses.

Beyond student-focused research, cluster analysis has been
used to group instructors (e.g., van Driel et al., 2005; Drechsler
and Van Driel, 2009; Linenberger and Holme, 2014; Gibbons
et al., 2018) and course materials (e.g., Raker et al, 2015b;
Ferreira and Lawrie, 2019). Researchers have applied cluster
analysis on data from multiple data sources (e.g., surveys and
interview data) and across different samples to examine
changes over time, such as shifts in faculty beliefs (Popova
et al., 2020, 2021).

Chemistry education researchers have also related clusters
to other variables to explore theoretical relationships and
assumptions about learning (e.g., Raker and Holme, 2014).
For example, An et al. (2022) investigated whether high failure
rates in introductory chemistry courses were associated with
students’ study approaches. They found that students within
clusters characterized by ‘“ideal” studying approaches had
higher exam scores and final course grades, suggesting that
clustering can reveal meaningful patterns in student behavior
and outcomes.

While cluster analysis has proven valuable in chemistry
education research, several limitations should be considered,
particularly with the use of k-means clustering, one of the most
commonly applied algorithms. A recurring concern is that
clustering solutions are sometimes presented with limited
theoretical justification for why a particular clustering algo-
rithm is appropriate for the research question and data struc-
ture. Although k-means clustering does not assume equal
cluster sizes, it assigns observations to the nearest centroid
under the chosen distance metric to minimize within-cluster
dispersion, which can result in clusters of very different sizes.
Additionally, the algorithm requires the number of clusters to
be specified in advance, often without a model-based rationale,
which can lead to arbitrary or unstable solutions. This cluster-
ing algorithm is also sensitive to initial starting values and
converges on local optima, potentially leading to inconsistent
cluster assignments. Also, reliance on distance-based assign-
ment can be influenced by scaling and outliers. Finally, because
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k-means provides deterministic (‘“hard”) assignments rather
than probabilistic membership estimates, it offers limited
information about classification uncertainty relative to model-
based approaches. These limitations echo long-standing concerns
by quantitative methodologists (Blashfield and Aldenderfer, 1988).
Mixture modeling (described in next section) addresses several
of these known limitations with cluster analysis by offering
a probabilistic, model-based framework for estimating latent
subgroups and evaluating competing solutions.

Latent profile analysis (LPA)

Mixture models are a family of statistical methods within the
broader latent variable modeling framework (Collins and
Lanza, 2010). The primary goal of mixture models is to identify
unobserved (i.e., latent) subgroups in a population based on
patterns of responses to observed variables. One type of mixture
model is latent profile analysis (LPA), which is appropriate
when the observed variables (i.e., indicators) are continuous.

The commonly used latent variable models (e.g., factor
analysis or item response theory) which estimate continuous
latent variables and aim to group variables and thus can be
referred to as variable-centered approaches. LPA, however,
estimates a categorical latent variable that groups individuals
into mutually exclusive profiles based on their response patterns.
Because LPA groups people rather than variables, it is sometimes
referred to as a person-centered approach. This makes LPA
particularly useful for identifying qualitatively distinct subpopula-
tions within a heterogeneous sample.

Model estimation. LPA identifies latent profiles within a
population based on individuals’ pattern of responses to con-
tinuous indicators. LPA models are typically estimated using
robust maximum likelihood estimation which uses an iterative
process called the expectation-maximization (EM) algorithm.
During the initialization step, the observations are divided into
k classes that are equal in size. Then, in the expectation step,
the algorithm computes the probability that an observation
belongs to each of the k latent profiles by computing the
posterior probabilities of profile assignment using the current
model parameter estimates (i.e., relative profile size and con-
ditional item probabilities). Next, in the maximization step, the
algorithm updates the model parameters to improve model fit
by maximizing the expected log-likelihood function via updat-
ing the model parameter estimates based on the expected
parameter values obtained in the expectation step. The expecta-
tion and maximization steps are repeated iteratively until the
log-likelihood function converges on a solution that provides k
number of latent profiles with the size of each profile and the
conditional probabilities for each item in each profile.

Profile enumeration. Determining the optimal number of
latent profiles is known as profile enumeration. This process
involves fitting a series of models with an increasing number of
profiles and comparing model fit information to determine the
appropriate model among those considered. In this process,
a one-profile model serves as the comparative baseline for
models with more than one profile. Iteratively increasing
the number of profiles by one allows for comparison with
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the preceding model. The model fit can be compared through
several fit indices which include information criteria (e.g.,
AIC, BIC, adjusted BIC) which balance model fit and com-
plexity, likelihood ratio tests (e.g., Lo-Mendell-Rubin LRT,
Bootstrap LRT) which test whether adding an additional
profile improves model fit, and the Bayes Factor (BF) and
correct model probability (cmP) which provide probabilistic
comparisons across models. More details on fit indices and
model selection are provided in the Methods section and in
works by Nylund et al. (2007), Masyn (2013), and Nylund-
Gibson and Choi (2018).

Although fit indices provide valuable guidance, selecting the
number of profiles is ultimately an inferential judgment that
balances statistical evidence, parsimony, theoretical coherence,
and interpretability. In practice, difference indices may point to
different solutions, and tools that aggregate multiple indices
(e.g., NbClust for clustering; Charrad et al., 2014) can support,
but not replace, researcher judgment.

Model specifications. Due to the continuous nature of the
indicators, LPA requires the consideration of a range of model
specifications relating to the item (e.g, item means, item
variances, and item covariances). This added complexity intro-
duces additional models that must be considered during the
profile enumeration process (Peugh and Fan, 2013). Specifi-
cally, four different models must be considered in LPA, each
differing in how item variances and covariances are treated.
Fig. 1 depicts the path diagram for these four models with five
indicators, as an example:

e Model 1: diagonal, class invariant: item variances are
constrained to be equal across profiles and item covariances
are not estimated (Fig. 1A).

e Model 2: diagonal, class varying: item variances are freely
estimated across profiles, and item covariances are not esti-
mated (Fig. 1B).

e Model 3: non-diagonal, class invariant: item variances are
constrained to be equal across profiles, and item covariances
are estimated (Fig. 1C).

e Model 4: non-diagonal, class varying: item variances are
freely estimated across profiles, and item covariances are
estimated (Fig. 1D).

In these models, diagonal refers to the absence of item
covariances (i.e., zero correlations among indicators), non-
diagonal allows for the estimation of item covariances, class-
invariant means items variances are held equal across profiles,
and class-varying allows item variances to differ across profiles.
Although the literature often uses the term ‘“‘class” in describ-
ing these models, this manuscript uses the term ‘“profile” to
refer specifically to the latent groups identified via LPA. Speci-
fically, Model 1 assumes that the indicators are independent
within profiles and have equal variances across profiles. Model
2 allows indicator variances to differ across profiles while
maintaining the assumption of no within-profile covariances.
Model 3 constrains variances to be equal across profiles but
allows indicators to covary within profiles. And, Model 4 is the
most flexible specification, allowing both indicator variances
and covariances to vary across profiles.

Chem. Educ. Res. Pract.
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(A) Model 1: diagonal, class invariant
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Y3 Ya Ys

(C) Model 3: non-diagonal, class invariant
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(B) Model 2: diagonal, class varying

1558

Y3 Ya Ys

(D) Model 4: non-diagonal, class varying

Y4 Ya Y3 Ya Ys

Ck

Y1 Ya Y3 Y4 Vs

Ck

Fig. 1 Latent profile enumeration models. (A) Model 1. diagonal, class invariant; (B) Model 2: diagonal, class varying; (C) Model 3: non-diagonal, class
invariant; (D) Model 4: non-diagonal, class varying. ¢, represents the categorical latent grouping variable ¢ with k groups. y; through ys represent the item
means of five continuous indicators with corresponding ¢; through ¢s item variances that are equal across groups and &y, through ¢s, representing item

variances that vary across groups.

Applications of LPA in chemistry education research

To date, only a handful of studies have applied LPA in chemistry
education. Although LPA appears less frequently than traditional
clustering approaches, existing work suggests that it can yield
interpretable profiles related to student understanding, instruc-
tional practices, and affective outcomes. For example, Villalta-
Cerdas and Sandi-Urena (2014) used LPA to identify profiles based
on students’ explanations of entropy and the second law of
thermodynamics. Stains et al. (2018) applied LPA to observed
classroom behaviors to determine instructional profiles among
science, technology, engineering, and technology (STEM) faculty.
Hensen and Barbera (2019) used LPA to group students based on
affective response to general chemistry laboratory experiences
(e.g, emotional satisfaction, intellectual accessibility, and equip-
ment usability). Additionally, Liu and colleagues (2026) used LPA
to identify profiles of Chinese high school students’ chemistry
achievement goals. More recently, Pulukuri et al. (2024) expanded
the use of LPA by identifying latent profiles of self-efficacy among
general and organic chemistry students and relating profile
membership to distal variables (e.g., exam performance), and
covariates (e.g., student identities and course level).

Chem. Educ. Res. Pract.

Despite this promise, chemistry education applications do
not always capitalize on LPA’s flexibility in specifying within-
profile (co)variance structures, which can meaningfully affect
solutions and their interpretation. In many LPA workflows,
particularly those implemented in software where the typical
starting point is a class-invariant, diagonal model, researchers
often begin with (and sometimes only report) the highly con-
strained specification that fixes indicator covariances to zero
and constrains variances to equality across profiles (often
described as the “default” LPA model in Mplus-style parame-
terizations; Muthén and Muthén, 2017). However, this pattern
is not universal across software. For example, R’s mclust frame-
work fits Gaussian mixture models across a range of covariance
structures and selects an optimal model using one metric
(typically the Bayesian Information Criterion, BIC; Scrucca
et al., 2023), and packages such as tidyLPA can support compar-
ing multiple profile specifications (Rosenberg et al., 2018).

Thus, many published chemistry education studies using
LPA either (a) rely on a constrained diagonal specification or (b)
do not clearly report evaluating alternative variance/covariance
structures, even though methodological guidance recommends

This journal is © The Royal Society of Chemistry 2026
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systematically considering such alternatives when warranted by
theory and data (Masyn, 2013; Nylund-Gibson and Masyn, 2016;
Nylund-Gibson and Choi, 2018). Considering these alternative
models is important because misspecifying within-profile and/
or covariances can distort profile enumeration and interpreta-
tion, potentially leading to the over- or underestimation of the
right number of latent profiles.

Although LPA has been used less frequently in chemistry
education than methods such as k-means clustering, the more
important concern is not its limited use, but how it is often
implemented and reported. In particular, studies frequently
begin with simple model specifications and do not transpar-
ently report whether alternative model structures were consid-
ered. This lack of transparency can often make it difficult
to evaluate the validity and interpretability of the resulting
groupings.

To address this issue, the present study explicitly reports key
LPA modeling decisions, including assumptions about within-
profile variances and covariances, and compares the resulting
subgroup solutions with those obtained from k-means cluster-
ing. By examining where the two approaches converge or differ,
this study aims to support more rigorous and interpretable
subgrouping research in chemistry education.

Research background and goals

In this study, we describe the process of applying both k-means
cluster analysis and LPA to a data set relevant to chemistry
education to compare their processes and outcomes. Each
analysis is conducted using the current best practices for its
respective technique. Our goal is to compare and contrast the
methodological assumptions, strengths, and limitations of
k-means clustering and LPA in the context of this data set,
providing practical guidance for researchers selecting grouping
approaches in chemistry education research.

The data used is relevant to chemistry education and
measures alternative grading. Extensive empirical evidence
has shown that traditional grading schemes (e.g., A-F grades
or percentage-based scales) often fail to accurately reflect
student learning and can reinforce systemic inequities in
education (Matz et al., 2017; Feldman, 2019a, 2019b; Link
and Guskey, 2019; Clark and Talbert, 2023). These disparities
are rooted in unequal access to resources, opportunities, and
support, and are embedded within the structure and policies of
our current education system (Patton, 2016; Renn and Reason,
2023). In response, grading reforms have emerged over the last
few decades, collectively referred to as the “alternative grading
movement” (Clark and Talbert, 2023; Hackerson et al., 2024).
Alternative grading systems such as ungrading (e.g., Blum,
2020), standards-based grading (e.g., Boesdorfer et al., 2018),
competency-based grading (e.g., Diegelman-Parente, 2011),
contract grading (e.g., Offerdahl et al., 2016), labor-based grad-
ing (e.g., Inoue, 2022), and specifications grading (e.g., Nilson,
2015; Howitz et al, 2021; Nilson and Packowski, 2026) have
gained attention across STEM disciplines. In chemistry, speci-
fications grading, or “specs grading” has emerged as the most
prominent alternative grading model (Hackerson et al., 2024;
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Wang et al., 2025b), with several works describing its imple-
mentation and foundations (Nilson, 2015; Yik et al., 2024, 2025;
Wang et al., 2025b; Nilson and Packowski, 2026).

Specifications grading is hypothesized to benefit both
instructors and students (Nilson, 2015; Nilson and Packowski,
2026). For instructors, specifications grading is proposed to
simplify grading, save time, uphold high academic standards,
and improve interrater reliability. For students, it is expected to
increase motivation, clarify expectations, reduce stress, and
discourage academic dishonesty. While some studies have
begun to empirically evaluate these claims (e.g., Howitz et al.,
2021; Hunter et al., 2022; Noell et al., 2023; Closser et al., 2024;
Yik et al, 2024, 2025), there remains a need for deeper
investigations into the affective outcomes associated with spe-
cifications grading.

Guided by these hypothesized benefits of specifications
grading as a framework, this study explores its potential impact
on students’ affective experiences. While Nilson (2015) high-
lights increased student motivation as a central target, other
affective constructs, such as attitudes, self-concept, effort
beliefs, and self-efficacy, may also be impacted. Prior work in
chemistry has empirically examined the effect of specifications
grading on students’ motivation (Yik et al., 2024), but to our
knowledge, no study to date has leveraged a person-centered,
multivariate approach to identify combinations of affective
beliefs and examine how these groupings relate to student
outcomes.

To justify the selection of affective indicators used for
grouping, we ground each construct in well-established motiva-
tion and learning frameworks with strong empirical traditions
in education. First, because specifications grading is intended
to shift students’ reasons for engaging in coursework (e.g., from
point accumulation toward learning and mastery), we included
motivation using self-determination theory, which distinguishes
more autonomous and controlled motivation and explicitly links
instructional contexts to the quality of students’ motivation
(Deci and Ryan, 1985, 2000; Ryan and Deci, 2000). Second,
because specifications grading also targets students’ expecta-
tions for success and the perceived value of course assessments
(via transparent criteria and mastery-oriented standards), we
included self-efficacy and attitudes/value-related evaluations as
core constructs emphasized in expectancy-value perspectives
and social-cognitive theory, both which predict persistence,
engagement, and achievement (Bandura, 1977; Eccles and
Wigfield, 2002). In addition, we included perceived compe-
tence/self-concept alongside self-efficacy because prior work
demonstrates that these constructs are related but meaning-
fully distinct in definition and function (e.g., broader self-
evaluations versus task- and context-specific capacity beliefs),
making them potentially separable components of students’
affective experience under a new grading system (Bong and
Skaalvik, 2003). Third, we included attitudes toward chemistry
because this construct has a strong measurement base in
chemistry education and captures affective and value-related
responses that are plausibly influenced by grading systems that
change feedback, evaluation, and assessment (Brandriet et al., 2011).

Chem. Educ. Res. Pract.
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Finally, we included effort beliefs because specifications grading
emphasizes revision, mastery, and meeting standards, which may
alter how students interpret effort (e.g., effort as productive versus
evidence of low ability). This rationale is supported by research
on implicit theories and related attributional processes showing
that beliefs about effort and ability are linked to persistence and
responses to difficulties (Mueller and Dweck, 1998; Blackwell
et al., 2007). Taken together, these theory-anchored constructs
provide a principled and chemistry-relevant basis for modeling
heterogeneous affective groupings and examining how different
patterns of beliefs relate to student outcomes.

In this study, we apply both k-means clustering and LPA to
explore the following research goals using data from under-
graduate organic chemistry students:

(1) To what extent do k-means clustering and LPA produce
different affective groupings of students at the beginning of an
organic chemistry course?

(2) How do the affective groupings identified by each method
relate to students’ standardized exam performance?

Methods

Ethical considerations

This study was conducted under STUDY00021800 as reviewed
and determined to be “research exempt” by The Pennsylvania
State University Institutional Review Board. Informed consent
was collected on paper during the first day of class by personnel
who were not associated with the course nor study, and who
deidentified data prior to analysis for the researchers. Authors
JDH and EDN played a dual role as instructors of the course,
but their role was to make students aware of this study and
incentivize students (more details below). These authors were
never made aware which students participated in this study.

Institutional context

This study was conducted at a large public research university
in the mid-Atlantic region of the United States. As of Fall 2024,
this institution enrolled over 42000 undergraduate students.
Men and women comprise 52% and 47% of the undergraduate
population respectively, and less than 1% are students who
hold other gender identities. This university is predominately
white, enrolling 20% of students who are U.S. residents of
an ethnicity that is federally considered of underrepresented
minority status; these students identify as American Indian/
Alaska Native, Black/African American, Hispanic/Latino, Native
Hawaiian/Pacific Islander, or as two or more combinations of
these racial/ethnic categories. Approximately 9% of undergrad-
uates are international students and 17% are first-generation
students.

Participants and data collection

Study participants were undergraduate students enrolled in one
of two sections of a first-semester organic chemistry course
during Fall 2024. One course section implemented a traditional
grading scheme, while the other used specifications grading.

Chem. Educ. Res. Pract.
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Students were invited to participate in the study at the
beginning of the semester via an email invitation that con-
tained a link to a Qualtrics survey. After listwise deletion for
incomplete responses, the consent rate was 61.4% for the
traditionally-graded course (n = 129; N = 210), and 66.4% for
the specifications-graded course (n = 166; N = 250).

To encourage participation, students were incentivized
regardless of whether they consented to participate in the
study. In the specifications-graded course, students who com-
pleted the survey received 15 XP (experience points), which are
additional credits earned and allow for modification of learn-
ing target quizzes (see syllabus in the SI). In the traditionally-
graded course, students received 1 bonus point on the Founda-
tions module. Detailed descriptions of the grading implemen-
tations for both courses are available through the course syllabi
in the SI.

Study measures

Five latent traits were of interest: attitudes, motivation, effort
beliefs, self-efficacy, and self-concept. To appropriately measure
these traits, we made minor wording changes and adjustments to
the measurement scales as needed (Ferrell and Barbera, 2015)
and are described below for each measure, referred to as indi-
cator variables henceforth. Participants were given these
modified scales via an online survey. Only complete response
sets were included in the following analyses: data were listwise-
deleted if participants did not answer all items for all five
measures. Additionally, participants were asked to report
demographic and contextual information, including their year
in college, credit load, employment or internship status, first-
generation status, gender identity, and racial/ethnic identity.
The full survey can be found in the SI. Since LPA assumes that
observed covariation among indicators is explained by the
latent profile variable, traditional measures of validity, such
as those used for factor analysis, are neither required nor
diagnostic for evaluating LPA models.

Chemistry motivation. Motivation was measured using the
Academic Motivation Scale-Chemistry (AMS-C; Liu et al., 2017),
a 28-item instrument designed to assess extrinsic motivation
and intrinsic motivation in a way that is aligning with self-
determination theory (Deci and Ryan, 2000; Ryan and Deci,
2000). The AMS-C is an adaptation of the broader Academic
Motivation Scale (Vallerand et al., 1992) and has been used in
multiple chemistry contexts: general chemistry (Liu et al., 2017),
organic chemistry (Liu et al, 2018), and inorganic chemistry
(Pratt et al., 2023). In line with previous chemistry-specific studies
(Raker et al., 2019; Pratt and Raker, 2020; Pratt et al., 2023), the
question stem was modified to make the AMS-C more course-
specific: “To what extent each of the following statements corre-
sponds to one of the reasons why you are enrolled in this organic
chemistry course.” The original 5-point Likert scale ranging “not at
all” to “exactly” was retained.

Chemistry attitudes. Attitudes were measured using the
Attitude toward the Subject of Chemistry Inventory version 2
(ASCI V2; Xu and Lewis, 2011). The original 20-item instrument
(ASCI V1) measured attitude with five subscales (i.e., interest
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and utility, anxiety, intellectual accessibility, fear, and emo-
tional satisfaction) (Bauer, 2008), and was later revised as an
8-item short form (ASCI V2) to measure attitude with two
subscales, intellectual accessibility and emotional satisfaction,
which are indicators of cognition and affect, respectively
(Xu and Lewis, 2011). The original 7-point semantic differential
measurement scale was retained.

Chemistry self-concept. Self-concept was measured using
the 10-item self-concept scale of the Chemistry Self-Concept
Inventory (CSCI; Bauer, 2008). The CSCI asked participants,
“How accurately does each statement describe you?” Like the
MSLQ, the measurement scale for the CSCI also used a 7-point
Likert scale with seven numerical choices with ‘“1” representing
“very inaccurate” and ‘77 representing ‘‘very accurate.”
To remain consistent in the number of response options for
measures with Likert scales, we also condensed the number of
response options to a 5-point Likert scale.

Effort beliefs. Effort beliefs were measured using a 9-item
scale originally developed by Sorich and Dweck (1997) and later
used in a dissertation study by Blackwell (2002). The effort
beliefs scale was then adapted for use in high school mathe-
matics (Jones et al., 2012), and later for use in postsecondary
general chemistry laboratory (Ferrell and Barbera, 2015), which
we use in this study. We retain Ferrell and Barbera’s (2015)
adjusted measurement scale range of a 5-point Likert scale
ranging from “‘strongly disagree” to ‘“strongly agree.”

Self-efficacy. Self-efficacy was measured using the 8-item
self-efficacy scale of the Motivated Strategies for Learning
Questionnaire (MSLQ; Pintrich and De Groot, 1990). The MSLQ
asked participants to use the measurement scale to answer the
questions. The measurement scale used is a 7-point Likert scale
with seven numerical choices; at one end, “1” represents “not
at all true of me” and “7” represents ‘‘very true of me.” For
clarity, we modified the 7-point Likert scale to a 5-point Likert
scale with the same numerical descriptors to align with the
other measurement scales used in this study. Additionally,
previous work has shown that condensing the number of
response options has little effect on the distribution about
the mean, skewness, or kurtosis (Dawes, 2008).

ACS exam score. A custom first-semester American Chemical
Society (ACS) organic chemistry exam was administered as the
final exam for both course sections. The exam consisted of
50 multiple-choice questions. Topics on the exam included:
structure and bonding, nomenclature, charge stability and
resonance, molecular orbital theory, conformation of alkanes
and cycloalkanes, acid-base chemistry, organic reactions and
mechanisms (e.g., substitution, elimination, electrophilic addi-
tion, and radical substitution), mass spectrometry, infrared
spectroscopy, and nuclear magnetic resonance spectroscopy.

k-Means cluster analysis

k-Means cluster analysis is a non-hierarchical, partition-based
clustering algorithm that assigns observations to a pre-specified
number of clusters in a way that minimizes within-cluster
variance (MacQueen, 1967). k-Means clustering was conducted
in R using the base implementation (R Core Team, 2025).
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We classified students into latent profiles based on five z-
score standardized indicator variables: attitudes toward chem-
istry, motivation to learn chemistry, effort beliefs, self-efficacy,
and chemistry self-concept.

To determine the optimal number of clusters, we tested
solutions ranging from one to ten clusters. For each solution,
the clustering algorithm was run with a maximum of 25
iterations, and 10 random starts to reduce the risk of conver-
gence on a local minimum. A fixed random seed (123) was used
to ensure reproducibility.

Model fit was evaluated using multiple model fit indices,
including the total within-cluster sum of squares (WSS), the
average silhouette width which is a measure of how well-
separated the clusters are, and the elbow method which is a
visual inspection of a scree plot of WSS values across cluster
solutions to identify the point at which adding more clusters
yields diminishing returns. The optimal number of clusters was
selected by identifying the elbow point in the WSS plot and
considering solutions with higher silhouette coefficients which
indicate better-defined and more distinct clusters.

Latent profile analysis

Latent profile analysis (LPA) was used to identify different
profiles of students’ affect in an organic chemistry course.
We classified students into latent profiles based on the same
five z-score standardized indicator variables: attitudes toward
chemistry, motivation to learn chemistry, effort beliefs, self-
efficacy, and chemistry self-concept.

Latent profile enumeration. Profile enumeration was con-
ducted using recommended methods for class-invariant and
class-varying diagonal models (Masyn, 2013; Nylund-Gibson
and Masyn, 2016; Nylund-Gibson and Choi, 2018). Specifically,
we evaluated LPA models under the four variance-covariance
specifications previously described. These model specifications
allow a comprehensive examination of the latent profile struc-
ture, ranging from highly restricted and parsimonious to
unrestricted and more flexible.

LPA analyses were performed using the tidyLPA package
(Rosenberg et al., 2018) in R (R Core Team, 2025) to illustrate
the utility of a free software package. We tested a series of
iterative latent profile models based on our selected indicator
variables and examined models with up to six groups (e.g., six
profiles) for each of the four specifications based on variance-
covariance differences. Model fit information for each model
was tabulated and use to determine the best-fitting solution. To
reduce the risk of convergence on local maxima, models were
estimated using multiple sets of random starting values
(STARTS = 500, 100) and verified that the best log-likelihood
solution was replicated across runs.

Although there is no consensus on the minimum sample
size requirements for LPA, prior research suggests that larger
sample sizes (n > 500) are more likely to accurately identify
subgroups (Hickendorff et al., 2018). However, empirical
applications with smaller sample sizes (e.g., n = 150) can be
carried out appropriately if both the number of indicator
variables and the number of latent profiles are relatively low
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(e.g., Nylund-Gibson and Choi, 2018; Gaias et al., 2019;
Knox et al., 2025).

Model fit evaluation. Several comparative model fit indices
were used to determine the best-fitting unconditional model.
The first set of fit indices used are the information criteria (IC):
the Bayesian Information Criterion (BIC), Consistent Akaike’s
Information Criterion (CAIC), adjusted Bayesian Information
Criterion (aBIC), Approximate Weight of Evidence Criterion
(AWE; Nylund et al., 2007). The information criteria (i.e., CAIC,
BIC, aBIC, and AWE) evaluate model fit by accounting for
sample size and the number of estimated parameters. Models
with the lowest criterion values are generally considered to offer
the best fit (Burnham et al., 2011).

The second set of fit indices used are the likelihood ratio
tests: Vuong-Lo-Mendell-Rubin (VLMR), and Bootstrapped
Likelihood Ratio Test (BLRT; Nylund et al, 2007). Unlike in
structural equation modeling, where chi-squared different tests
are used, these likelihood-based tests (i.e., VLMR and BLRT)
evaluate whether adding an additional profile significantly
improves model fit, where a non-significant p-value (i.e., p >
0.05) suggests that the additional profile does not enhance
model fit (Nylund et al., 2007; Nylund-Gibson and Choi, 2018).
For example, these tests compare the fit between two neigh-
boring class/profile models (e.g., a two-class/profile model vs. a
three-class/profile model).

Two additional fit indices are used from the Bayesian frame-
work: the Bayes Factor (BF) and the correct model probability
(cmP). The BF provides a pairwise comparison between two
neighboring models and the cmP provides an estimate of each
estimated model being correct out of all the estimated models,
assuming that the “true” model was estimated (Nylund et al.,
2007). Both the BF and cmP include the BIC in their calculation
and are often highly correlated with BIC (Nylund et al., 2007).

In addition to these statistical criteria, we considered how
the emergent classes were supported by theoretical consi-
deration and examined the proportion of individuals within
each profile to guide model selection (Nylund-Gibson and
Choi, 2018).

Latent class regression. After identifying the best-fitting
profile solution, we applied the automated three-step approach
implemented in the tidyLPA package (Rosenberg et al., 2018) to
examine the relationships between latent profile membership,
a predictor (i.e., grading scheme), and a distal outcome
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(i.e., ACS exam score) in a method called latent profile regres-
sion. Using this approach after deciding on the number of
profiles provides more insight into the students who comprise
each of the profile groups.

This manuscript demonstrates using the free tidyLPA pack-
age to implement the three-step approach for analyzing the
relationships between latent profiles and auxiliary variables.
This approach begins by estimating the unconditional LPA
model independently of auxiliary variables (e.g., predictors
and distals). In the second step, individuals are assigned to
profiles based on their most likely profile membership. In the
third step, profile membership is treated as an observed vari-
able to examine associations with auxiliary variables.

It is important to note that, unlike the manual maximum
likelihood (ML) three-step method (Asparouhov and Muthén,
2014), the tidyLPA package does not adjust for classification
error, and instead assumes perfect classification. Assuming
perfect classification in LPA can be problematic because it
ignores the uncertainty in class membership, leading to biased
estimates in auxiliary analyses, inflated distinctions among
profiles, and underestimated standard errors, which can result
in misleading conclusions (Vermunt, 2017). Following profile
assignment, omnibus tests were conducted to assess overall
associations between profiles and each auxiliary variable. When
omnibus tests were statistically significant (i.e., p < 0.05),
pairwise comparisons were performed to determine specific
differences between profiles.

Comparing k-means cluster analysis and latent profile analysis

After determining solutions for each method, we systematically
compared the resulting classification across three dimensions:
(1) the consistency of group membership across the two meth-
ods, (2) the similarity of group characteristics including profile
means and variances, and (3) impact on distal outcomes,
specifically on standardized exam performance.

Results and discussion
Descriptive statistics

To provide an overview of the study variables, descriptive
statistics and bivariate correlations are reported in Table 1.
The five continuous indicators of students’ affect include

Table 1 Indicator variable descriptive statistics and correlations
M (SD) 1 2 3 4 5 6 7
1. Chemistry motivation 3.07 (0.53) 1.00
2. Chemistry attitudes 3.68 (0.57) —0.27%** 1.00
3. Chemistry self-concept 2.83 (0.35) 0.16** 0.10 1.00
4. Effort beliefs 2.89 (0.42) 0.02 0.14* 0.34*** 1.00
5. Self-efficacy 3.57 (0.84) 0.22%%* —0.15* —0.12 —0.37%** 1.00
6. Grading scheme 0.56 (0.50) —0.09 0.06 0.12* 0.07 0.11 1.00
7. ACS exam score 66.79 (14.04) 0.03 —0.16* —0.02 —0.21%** 0.37** 0.12 1.00

*p < 0.05,**p < 0.01, ***p < 0.001. Chemistry motivation, chemistry self-concept, effort beliefs, and self-efficacy were measured on 5-point scales.
Chemistry attitudes were measured on a 7-point scale. Grading scheme = 0 represents traditional grading and grading scheme = 1 represents

specifications grading. ACS exam score was out of 100 points.

Chem. Educ. Res. Pract.
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chemistry motivation, chemistry attitudes, chemistry self-concept,
effort beliefs, and self-efficacy. In addition to these indicators, two
auxiliary variables were included to support the interpretation
of both the kmeans cluster analysis and LPA results: grading
scheme and ACS exam score. Grading scheme (i.e., traditional vs.
specifications grading) was treated as a covariate, serving as a
predictor of subgroup membership. ACS exam score was treated
as a distal outcome, used to how subgroup membership relates to
standardized exam performance.

k-Means cluster analysis

To determine the optimal number of clusters, we examined
both the total within-cluster sum of squares (WSS) and the
average silhouette width across solutions ranging from 1 to
10 clusters. The WSS sharply decreased from one to two clusters
(Fig. 2) and gradually leveled off thereafter, indicating dimin-
ishing returns with additional clusters. consistent with the
“elbow” criterion. The silhouette plot (Fig. 3) revealed that
the two-cluster solution achieved the highest average silhouette
width, suggesting strong separation between clusters and inter-
nal cohesion among cluster members. Based on the conver-
gence of evidence from these criteria, alongside theoretical
considerations and interpretability of the resulting clusters,
we selected a two-cluster solution as the optimal model.

Two clusters were identified through k-means cluster analy-
sis: Cluster 1-Motivated but Unconfident (n = 160; 59.48%) and
Cluster 2-Confident but Disengaged (n = 109; 40.52%). Through-
out the manuscript, including both k-means and LPA, these
labels are used to describe students’ broader affective-motiva-
tional groupings. Specifically, “confidence” is conceptualized
to encompass not only ability-based confidence (ie., self-
efficacy), but also affective and identity-related orientations
toward chemistry (i.e., chemistry self-concept and attitudes).
The two-cluster solution accounted for 22.6% of the total
variance in the data as indicated by the ratio of between-
cluster sum of squares to the total sum of squares. The
within-cluster sum of squares for Clusters 1 and 2 were
559.71 and 477.73, respectively, suggesting acceptable internal
homogeneity for both clusters (Kaufman and Rousseeuw, 1990).
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Fig. 2 Within-cluster Sum of Squares (WSS) to determine optimal number
of clusters.
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Fig. 3 Silhouette plot to determine optimal number of clusters.
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Fig. 4 Plot of indicator response means: two-cluster solution. Percen-
tages indicate cluster proportions.

Response patterns can be visualized for each cluster. Fig. 4
presents a dot-line visualization for each cluster based on
the mean scores for students’ affective indicators. Cluster 1,
Motivated but Unconfident, was characterized by above-average
chemistry motivation (z = 0.19) and self-efficacy (z = 0.55), but
below-average scores in attitudes toward chemistry (z = —0.34),
effort beliefs (z = —0.44), and chemistry self-concept (z = —0.33).
These patterns suggest that students in Cluster 1 are behavio-
rally engaged and motivated yet report low affective and self-
evaluative confidence in chemistry. These patterns suggest that
students in Cluster 1 are behaviorally engaged and motivated,
and perceive themselves as capable of learning chemistry, yet
hold a weaker affective and identity-related orientations toward
the domain.

On the other hand, the second cluster, Confident but Disen-
gaged, was characterized by elevated scores in chemistry attitudes
(z = 0.51), effort beliefs (z = 0.65), and chemistry self-concept (z =
0.49). These students reported positive feeling toward chemistry
and emotional stability yet lacked motivation (z = —0.28) and
confidence to succeed (self-efficacy: z = —0.81). Consistent with the
broader definition of confidence used in this manuscript, this
profile reflects affective and identity-based confidence in the
domain despite reduced motivation and lower task-specific self-
efficacy, suggesting disengagement from active learning behaviors.
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Covariate and distal outcome analysis. We first investigated
the relationship between the covariate (grading scheme: tradi-
tional vs. specifications grading), and students’ affective out-
comes. There were no significant differences in the proportion
of students across the two clusters: #(267) = —0.70, p = 0.48.
To examine whether the identified clusters differed meaning-
fully on the distal outcome (i.e., ACS exam score), we compared
students’ exam performance across the two affective clusters.
An independent samples t-test indicates that students in the
Motivated but Unconfident cluster (M = 69.96, SD = 13.38) scored
statistically significantly higher than students in the Confident
but Disengaged cluster (M = 62.13, SD = 13.74), {(267) = 4.66, p <
0.001. These findings suggest that students’ affective grouping
is meaningfully associated with their performance on a
standardized chemistry exam.

Latent profile analysis

Latent profile enumeration was performed using all four model
specifications to estimate the combination of item means, item
variances, and item covariances across profiles. To determine
the best-fitting solution within each model, we evaluated multi-
ple fit indices as described in the Methods.

For Model 1 (diagonal, class invariant; see Table 2), there
was no agreement on the best solution based on fit criteria.
A two-profile solution was indicated by CAIC and VLMR, a
three-profile solution was suggested by BIC, and a six-profile
solution was identified by aBIC, BLRT, and BF. For Model 2
(diagonal, class varying), fit indices supported both a two-profile

Table 2 Summary of model fit for all LPA models
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model (BIC, CAIC, VLMR, BF) and a six-profile model (aBIC
and BLRT). For Model 3 (non-diagonal, class invariant), a four-
profile model was best supported by BLRT and BF. For Model 4
(non-diagonal, class varying), fit indices indicated a two-profile
solution (BIC, BLRT and BF) and a four-profiles solution (aBIC,
VLMR, BF). These results reflect the complexity of model selec-
tion in LPA and underscore the importance of evaluating multi-
ple model specifications and fit indices to identify the most
interpretable and statistically sound solution.

From the set of candidate models, we conducted an addi-
tional round of comparison based on fit indices, model parsi-
mony, and profile proportions (see Table 3). According to the fit
indices, Model 4 (non-diagonal, class varying) with two profiles
demonstrated the best overall fit, yielding the lowest absolute
values for BIC (BIC = 3792.05) and CAIC (CAIC = 3833.05), and
the highest cmP (cmP = 0.991). However, Model 2 (diagonal,
class varying) with two profiles presented fit indices that were
only slightly less favorable (BIC = 3831.49, CAIC = 3852.49, and
cmP = 0.990), while requiring substantially fewer parameters
(i.e., 65 vs. 83 parameters, respectively). Overall, we settled upon
Model 2 with two profiles because it offers a significantly more
parsimonious solution with comparable statistical support.

Moreover, Model 4 with two profiles included a profile with a
notably small proportion of the sample (2.22%), raising concerns
about interpretative and model stability. Extremely small classes
may reflect overfitting or statistical artifacts rather than mean-
ingful subgroup differences, and can complicate interpretation
and generalizability (Masyn, 2013; Nylund-Gibson and Choi, 2018).

Model K Par LL BIC aBIC CAIC AWE BLRT VLMR BF cmP

1 1 10 —1905.97 3867.88 3836.18 3877.88 3953.83 — — 0.0 <0.001
2 16 —1865.60 3820.72 3769.99 3836.72 3958.24 <0.001 0.005 0.2 0.062
3 22 —1846.97 3817.02 3747.27 3839.02 4006.11 <0.001 0.192 0.7 0.396
4 28 —1829.88 3816.40 3727.63 3844.40 4057.06 <0.001 0.193 >100 0.540
5 34 —1819.06 3828.35 3720.55 3862.35 4120.57 <0.001 0.169 >100 0.001
6 40 —1809.36 3842.50 3715.68 3882.50 4186.29 0.066 0.039 — <0.001

2 1 10 —1905.97 3867.88 3836.18 3877.88 3953.83 — — 0.0 <0.001
2 21 —1857.00 3831.49 3764.91 3852.49 4011.98 <0.001 0.032 >100 0.990
3 32 —1830.84 3840.71 3739.25 3872.71 4115.74 <0.001 0.084 >100 0.010
4 43 —1810.82 3862.20 3725.87 3905.20 4231.78 0.076 0.350 >100 <0.001
5 54 —1793.12 3888.35 3717.14 3942.35 4352.47 0.235 0.166 >100 <0.001
6 65 —1776.31 3916.28 3710.19 3981.28 4474.94 0.235 0.259 — <0.001

3 1 20 —1842.40 3796.70 3733.29 3816.70 3968.60 — — 0.9 0.470
2 26 —1825.51 3796.48 3714.04 3822.48 4019.94 <0.001 <0.001 >100 0.526
3 32 —1813.59 3806.22 3704.76 3838.22 4081.25 0.667 0.283 >100 0.004
4 38 —1802.70 3817.99 3697.51 3855.99 4144.59 1.000 0.081 >100 <0.001
5 44 —1792.59 3831.34 3691.83 3875.34 4209.50 0.375 0.432 >100 <0.001
6 50 —1784.32 3848.37 3689.83 3898.37 4278.10 1.000 0.469 — <0.001

4 1 20 —1842.40 3796.70 3733.29 3816.70 3968.60 — — 0.1 0.089
2 41 —1781.33 3792.05 3662.05 3833.05 4144.43 <0.001 0.008 >100 0.911
3 62 —1752.41 3851.70 3655.12 3913.70 4384.57 0.140 0.227 >100 <0.001
4 83 —1724.50 3913.37 3650.20 3996.37 4626.73 <0.001 <0.001 >100 <0.001
5 104 —1703.50 3988.85 3659.11 4092.85 4882.70 0.130 0.828 >100 <0.001
6 125 —1681.00 4061.33 3665.00 4186.33 5135.67 1.000 0.240 — <0.001

Note. K = number of profiles; Par = number of parameters; LL = model log-likelihood; BIC = Bayesian information criterion; aBIC = sample size
adjusted BIC; CAIC = consistent Akaike information criterion; AWE = approximate weight of evidence criterion; BLRT = bootstrapped likelihood
ratio test p-value; VLMR = Vuong-Lo-Mendell-Rubin likelihood ratio test p-value; BF = Bayes Factor; cmP = correct model probability; Bold = best-fit
statistic. Model 1 = restrictive class-invariant diagonal model with equal variances across latent classes and covariances fixed at zero; Model 2 =
class-varying diagonal model with freely estimated variances and covariances fixed at zero; Model 3 = a class-invariant unrestricted model with
equal variances and covariances; Model 4 = a class-varying unrestricted model with freely estimated variances and covariances.
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Table 3 Summary of model fit for selected LPA models
Smallest
Model K Par BIC aBIC CAIC AWE BLRT VLMR BF cmP profile
1 2 16 3820.72 3769.99 3836.72 3958.24 <0.001 0.005 0.2 0.062 41.92%
3 22 3817.02 3747.27 3839.02 4006.11 <0.001 0.192 0.7 0.396 2.59%
6 40 3842.50 3715.68 3882.50 4186.29 0.066 0.039 — <0.001 0.37%
2 2 21 3831.49 3764.91 3852.49 4011.98 <0.001 0.032 >100 0.990 49.04%
6 65 3916.28 3710.19 3981.28 4474.94 0.235 0.259 — <0.001 1.82%
3 4 38 3817.99 3697.51 3855.99 4144.59 1.000 0.081 >100 <0.001 0.37%
4 2 41 3792.05 3662.05 3833.05 4144.43 <0.001 0.008 >100 0.911 2.22%
4 83 3913.37 3650.20 3996.37 4626.73 <0.001 <0.001 >100 <0.001 2.22%

Considering statistical fit, parsimony, theoretical alignment, and
interpretability, we selected the Model 2 two-profile solution as the
final model for subsequent analyses.

The selected LPA model identified the following two profiles
that closely resemble the clusters found in the k&-means cluster
analysis: (1) Motivated but Unconfident (n = 138; 50.96%) and (2)
Confident but Disengaged (n = 131; 49.04%), using the same label
definitions introduced in the k-means analysis. Fig. 5 presents a
dot-line visualization of each profile based on the mean scores
for students’ affective outcomes. Students in the Motivated but
Unconfident profile demonstrated high self-efficacy (z = 0.66)
and moderately positive motivation (z = 0.23) but reported
lower scores in attitudes toward chemistry (z = —0.32), effort
beliefs (z = —0.46), and chemistry self-concept (z = —0.25). This
pattern suggests that these students reported some belief in
their ability to succeed in chemistry, while also expressing
weaker chemistry self-concept and less positive attitudes and
effort beliefs. Thus, the profile appears characterized by a
mixed affective pattern than uniformly high confidence or
engagement. Here, “Unconfident” refers primarily to weaker
chemistry self-concept rather than low self-efficacy alone.

Students in the Confident but Disengaged profile exhibited
positive attitude towards chemistry (z = 0.33), strong effort
beliefs (z = 0.48), and high chemistry self-concept (z = 0.26),
but reported notably low general self-efficacy (z = —0.69) and
low motivation to learn chemistry (z = —0.24). This pattern
suggests that while these students hold positive affective and
identity-based orientations toward chemistry, they report lower
self-efficacy and lower motivation to learn chemistry, which

may contribute to disengagement from active learning
behaviors.

Covariate and distal outcome analysis. We evaluated the
relation of the covariate (grading scheme: specifications vs.
traditional) and the distal outcome (ACS exam score) using the
automated three-step approach (Fig. 6). First, we tested whether
the grading scheme predicted latent profile membership.
No statistically significant relationship was found (f = 0.03,
p=0.91).

Next, we examined whether profile membership was asso-
ciated with the ACS exam. An omnibus F-test, the linear model
equivalent of a Wald test, revealed a significant difference
in exam scores across profiles: F(1, 267) = 25.60, p < 0.001.
Specifically, students in the Motivated but Unconfident profile
scored significantly higher (M = 70.82, SD = 13.29) on the ACS
exam than those in the Confident but Disengaged profile (M =
62.53, SD = 13.58), suggesting that affective profile membership
is meaningfully related to chemistry learning outcomes.

Comparing k-means cluster analysis and LPA groupings

Both LPA and k-means clustering identified two distinct sub-
groups of students based on affective indicators. These findings
demonstrate strong alignment across the two different metho-
dological approaches for this specific example in this context.
To compare the groupings, we used two evaluated three key
dimensions: (1) consistency of group membership, (2) similar-
ity of group characteristics, and (3) impact on distal outcomes.
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Fig. 5 Plot of conditional item response means of the two profile LPA
model. Percentages indicate profile proportions based on the diagonal,
class varying model with two profiles.
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Fig. 6 Final path diagram for the diagonal, class varying LPA model for the
latent grouping variable (i.e., affective profiles) with five indicators (i.e.,
chemistry motivation, chemistry attitudes, chemistry self-concept, effort
beliefs, and self-efficacy), one covariate (i.e., grading scheme), and one
distal outcome (i.e., ACS exam score).
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Table 4 Comparison of k-means clustering and LPA results
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LPA Profile 1:

LPA Profile 2:

Motivated but Unconfident Confident but Disengaged Total
k-Means Cluster 1: Motivated but Unconfident 137 (99.3%) 23 (17.6%) 160
k-Means Cluster 2: Confident but Disengaged 1 (0.7%) 108 (82.4%) 109
Total 138 131 269

Group membership consistency. To assess group consis-
tency, we examined whether individuals were assigned to the
same group across both methods (Table 4). Results showed that
99.3% of individuals in k-means Cluster 1 were also classified
into LPA Profile 1, and 82.4% of those in k-means Cluster 2
aligned with LPA Profile 2. However, some discrepancies were
observed; for instance, 17.6% of individuals in LPA Profile 2
were assigned to k-means Cluster 1, indicating subtle differ-
ences in classification.

These discrepant cases primarily involved students whose
response patterns fell between the two profiles rather than
closely matching the mean pattern of either group. k-Means
clustering assigns individuals deterministically based on
distance to cluster centroids, requiring each individual to be
placed into a single cluster regardless of classification ambi-
guity. In contrast, LPA estimates posterior probabilities of
profile membership, and thus explicitly represents uncertainty
in classification. For individuals whose responses fall near
the classification boundary, LPA estimates the probability of
membership in each profile, thereby capturing classification
uncertainty in a way that distance-based methods do not.
In this study, we used the highest probability assignment to
determine profile membership; however, these uncertainty
estimates could be incorporated in future work for evaluating
the strength of profile membership or when examining rela-
tionships with distal outcomes or other auxiliary variables.

From a modeling perspective, these discrepancies likely
stem from the distinct assumptions underlying each method.
k-Means clustering assumes equal variance across all dimen-
sions and does not account for covariance among variables.
In contrast, the selected LPA model (Model 2: diagonal, class
varying) allows for freely estimated indicator variances across
profiles while fixing covariances at zero. This added flexibility
enables LPA to weigh indicator variables differently depending
on their within-profile variability, allowing the technique to
capture more nuanced subgroup structures.

Group membership similarity. A comparison of affective
grouping characteristics (see Fig. 4 for k-means clustering and
Fig. 5 for LPA) revealed highly similar z-score patterns across
the key variables. This similarity suggests that both methods
identified comparable underlying structures and further
support the convergence between k-means cluster analysis
and LPA for this specific example.

Distal outcome impact. We also compared the impact of
group membership on the distal outcome, ACS exam perfor-
mance. Both methods revealed a consistent pattern: students in
the Motivated but Unconfident group scored significantly higher
on the exam than those in the Confident but Disengaged group.
The mean exam scores were highly similar across methods

Chem. Educ. Res. Pract.

(k-means cluster analysis: 69.96 vs. 62.12; LPA: 70.82 vs. 62.53),
and both differences were statistically significant. These find-
ings reinforce the validity of the identified groupings and their
relevance to academic performance.

Methodological considerations

This comparison highlights both the alighment and mean-
ingful differences between k-means cluster analysis and LPA.
k-Means clustering offers a simple, distance-based approach
that assumes equal variances and spherical clusters, while LPA
provides greater flexibility by allowing variance to differ across
profiles. The selected LPA model (Model 2: diagonal, class
varying) freely estimates the within-profile variances, enabling
it to capture more complex and nuanced patterns in the data
that may be overlooked by k-means clustering.

LPA is model-based and uses fit indices and likelihood tests
to evaluate competing models. Conversely, k-means clustering
is algorithmic, relying on distance metrics and heuristic criteria
(e.g., elbow method) for model selection. Together, these find-
ings underscore the importance of considering both statistical
assumptions and theoretical interpretability when selecting
and comparing variable-centered and person-centered analyti-
cal grouping techniques.

Both methods allow multiple random starting values, but in
k-means cluster analysis these starts are more likely to produce
different hard partitions of the data due to the algorithm’s
sensitivity to initialization. In contrast, LPA relies on likelihood-
based estimation, and convergence to the best log-likelihood
solution across many random starts is often taken as evidence
that global or near-global maximum has been identified. How-
ever, it does not guarantee stability. As noted in the mixture
modeling literature, different sets of starting values can yield
alternative local maxima that may correspond to substantively
different profile solutions (e.g.,, McLachlan and Peel, 2000;
Biernacki et al., 2003). Accordingly, researchers are encouraged
to use a large number of random starts (at least 500 initial
starts and 100 starts in the final stage) and to examine whether
competing solutions may provide alternative interpretations of
the data.

Software limitations

While using open-access statistical packages, such as R, has its
advantages, it is also important to recognize its limitations. For
example, the ¢tidyLPA package in R does not adjust for classifi-
cation error and assumes perfect classification when estimat-
ing relationships between profiles and auxiliary variables (e.g.,
covariates and distal outcomes). It also requires manual steps
(i.e., no automatic function to perform the task), such as
conducting the latent class regression or ANOVA separate, to

This journal is © The Royal Society of Chemistry 2026
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analyze these relationships. In contrast, Mplus is a paid com-
mercial statistical package that natively supports the three-step
approach and offers advanced capabilities such as multiple-
group mixture modeling and measurement invariance testing
across profiles.

Study limitations

While this study offers valuable insights into the comparison
between k-means cluster analysis and LPA in chemistry educa-
tion research, several limitations should be acknowledged.
First, findings are based on data from a single institution and
course context, which may limit generalizability to other educa-
tional contexts or disciplines. Additionally, this study involves
only one specific implementation of specifications grading and
traditional grading; therefore, findings may not extend to other
versions of these specific grading approaches or to different
instructional contexts. Second, the comparison involved one
k-means solution and one selected LPA solution based on the
present data and modeling decisions. Different preprocessing
choices, number of groups, model specifications, or indicator
sets could yield different subgroup solutions. Thus, the find-
ings should not be interpreted as establishing the superiority of
either method in general, but rather as illustrating how these
two approaches performed in this particular application. Third,
although both methods identified broadly similar groupings,
interpretation of those groupings remains sensitive to labeling
decisions and to the specific affective indicators included in the
analysis. More research is needed to examine how robust these
subgrouping patterns are across contexts, measures, and alter-
native analytic modeling specifications.

Second, the tidyLPA package in R assumes perfect classifica-
tion and does not adjust for classification error when relating
profiles to auxiliary variables. This may introduce bias in
estimating associations with covariates and distal outcomes.
Software such as Mplus offers built-in functionality to over-
come these limitations and may provide more robust estimates.
Third, this study relied on self-reported affective measures for
five constructs. The inclusion or exclusion of additional affec-
tive indicators may influence the resulting groupings thus
changes the interpretation of subgroup characteristics. Finally,
while both grouping techniques produced similar results, the
interpretation of clusters and profiles is inherently subjective
and influenced by theoretical framing. Future research should
consider replicating these analyses across diverse samples,
using alternative statistical software (e.g., Mplus) that accounts
for classification errors.

LPA for chemistry education research
Implications for researchers

Using a worked example, this study compares k-means cluster
analysis with LPA on a data set relevant to chemistry education.
While both can be valuable tools it should be noted that LPA is
part of the larger modeling framework of mixture modeling.
Other mixture models include latent class analysis (LCA) for

This journal is © The Royal Society of Chemistry 2026
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use with categorical data (Nylund-Gibson and Choi, 2018), and
latent transition analysis (LTA), which extends mixture model-
ing to longitudinal data (Nylund-Gibson et al., 2023; Odeleye
et al., 2025).

Our goal in this article is to provide researchers with a
glimpse into the strengths and limitations of various grouping
approaches, along with the statistical assumptions and theore-
tical considerations that can inform all steps of the research
process. Although this work is not a step-by-step primer on
implementing LPA, numerous resources are available to sup-
port researchers in learning more. For example, Nylund-Gibson
and colleagues provide several examples and code for model
estimation for LCA (Nylund-Gibson and Choi, 2018) and LTA
(Nylund-Gibson et al., 2023) and compared k-modes clustering
with LCA (Wang et al., 2025a). Additionally, the IMMERSE
(Institute of Mixture Modeling for Equity-Oriented Researchers,
Scholars, and Educators) training program has a large set of
free online resources available (IMMERSE, 2025). The mixture
modeling framework enables researchers to adopt person-
centered grouping approaches rather than grouping variables
which may lead to more equity-centered quantitative analyses
(Slominski et al., 2024) while also embedding the mixture
model into a larger modeling framework similar to structural
equation modeling (see Arch et al., 2025). We encourage
chemistry education researchers to consider LPA and other
mixture models in their own work, guided by their research
questions and available data. To support reproducibility, we
provide the code used to generate the k-means clustering and
LPA results (Zhang and Yik, 2026).

Implications for practitioners

This study underscores the importance of bridging chemistry
education research and practice through collaboration
(James et al., 2024; Popova, 2024). For instance, this collaboration
began when practitioner/author JDH approached researcher/
author BJY with questions about affective outcomes related to
specifications grading. This inquiry led to a partnership that not
only addressed practitioner concerns but also introduced new
quantitative methods to the field from a research standpoint. As a
result, practitioners JDH and EDN had their questions explored
through collaboration with researcher BJY, who then partnered
with researchers YZ, KNG, and MI to apply and learn new
methodologies. We advocate for these collaborations and part-
nerships between researchers and practitioners to become com-
monplace in chemistry education.

Instructors interested in grouping students based on multi-
ple measures can consider approaches such as k-means cluster
analysis and LPA. These methods help reduce dimensionality;
for example, in a class of more than 100 students, grouping can
help simplify the challenge in understanding the heterogeneity
of the classroom and tailoring interventions to meet individual
needs. By identifying a few meaningful student groups, instruc-
tors can more effectively target support or interventions.

While LPA and mixture modeling may require statistical
expertise and collaboration with researchers, k-means cluster-
ing is more accessible and may still provide valuable insights.

Chem. Educ. Res. Pract.
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This study demonstrates strong alignhment between the group-
ings produced by both methods in this context, suggesting that
even simpler approaches can yield useful results for classroom
decision-making.
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