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Abstract— This Full Paper in the Research Category presents
a principled approach to integrate machine learning within
qualitative education research. More specifically, we show how to
build on an existing theory or conceptual framework using
machine learning applied to qualitative data in order to make valid
conclusions. Our model is guided by the assessment triangle. One
case study is presented. The study focuses on habits of mind and
their relationship to course outcomes. Patterns among students are
identified using the n-TARP clustering method and validated
statistically. Students are represented by a profile representing the
patterns they follow and their individual course outcomes. We
subsequently test for the existence of a relationship between the
patterns of habits of mind and the course outcomes using a
statistical approach in order to meaningfully interpret the profiles.
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1. INTRODUCTION

The National Research Council [1] has called for
“scientifically-based” education research approaches needed to
improve policy and practice. Such call has focused on
identifying common ground principles about what entails
quality research in education. In their endeavor, the NRC (2002)
identified six guiding principles of education research. These
principles focused on (a) significant research questions posed
that can be investigated empirically; (b) building on and refining
existing theories or conceptual frameworks; (c) selection of
appropriate and effective methods for addressing research
questions; (d) clear explanation of procedures and valid
conclusions that conform scientific inferences via explicit chain
of reasoning; (e) verification and validation of findings and
results generalizable to broader populations and settings; and (f)
disclosure and dissemination of research findings subjected to
professional scrutiny by peers. In tandem, education research
fields have also called for the creation or extension of formal
models and methodologies for education research and
evaluation [2].

One area that has significant potential to strengthen or
supplement traditional methods of research in education (i.e.,
qualitative and quantitative approaches) are technology-based
research methods such as educational data mining and learning
analytics.  Technology-based research methods integrate
learning sciences with computational and quantitative methods
and visualizations [3]. Technology-based research methods and
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assessment can allow the integration of multiple sources into a
single analysis that can improve the generation of learner
profiles, which in turn can result in the adaptation of the content
or the learning environment [3]. Specifically, in the case of
machine learning, advances in computing have resulted in
automatic clustering methods. Among other things, these
clustering methods can help infer learner patterns and profiles,
which summarize the observations at a high level of granularity
that is still amenable to human understanding.

This paper presents a principle-based method that combines
qualitative and quantitative research methods enhanced with
machine learning procedures. Specifically, we present an
approach where we first start by following a theoretical approach
to identify students’ habits of mind patterns. The student profiles
are then built by listing the patterns which apply to the student,
along with the level of performance (grade) of the student.
Finally, we use statistical testing and existing theory to interpret
the newly identified patterns in the data and measure their
influence on the levels of performance.

II. BACKGROUND

The following two sections provide an overview of the use
of machine learning methods in general, and clustering methods
specifically, for supporting education research. Our background
literature first starts by describing the foundations of clustering
approaches for pattern analysis. It will then be followed by a
brief review of the literature identifying ways in which machine
learning in general, and clustering approaches specifically, have
been used as means to support education research and
assessment.

A. Clustering Approaches to Pattern Discovery

Discovering patterns is a core topic within the larger field of
data analysis. One way to discover patterns is to look for data
points that form groups or “clusters”. The task of finding these
groups is known as “clustering.” In high level terms, clustering
is accomplished by classifying data points into groups such that
points in the same group are more similar than points in different
groups (i.e., large intra-class similarity and low inter-class
similarity). In machine learning, clustering is viewed as a special
case of pattern recognition called “unsupervised pattern
recognition” where the labels of the patterns need to be
discovered from the data itself [4]. In statistical machine
learning [5], the data points given are viewed as observations of



random variables whose probability density function depend on
the class to which they belong; the class specific probability
density functions (marginal densities) are estimated from the
data. In this context, a good pattern is one where the marginal
densities for the different classes have little overlap.

The use of clustering in education research dates as far back
as the 1970s [6]. Todays’ large data storage capacities and fast
computers support many automatic clustering methods (e.g., k-
means [7, 8], kernel k-means [9], expectation-maximization
algorithms [10, 11] and DBSCAN [12]. Still, using these
methods in education applications is not straightforward, as
these algorithms typically require the data to take the form of
points in some vector spaces, as opposed to text, attributes or
other types of qualitative data. Another challenge is that
education data is often too complex to be accurately represented
by low-dimensional feature vectors; clustering high-
dimensional data requires specialized algorithm that typically
perform best with a large number of training points, which
makes them unsuitable for analyzing the data of studies with few
participants.

It has recently been observed [13, 14] that real data can be
quite easy to cluster, as the data tends to contain several good
linear separations. There are so many linear separations that a
random pick often yields a good quality clustering. This
observation is the basis of the RP1D clustering approach [14], a
fast clustering algorithm constructed using a tree structure. Each
node of the tree divides the data into two groups by looking for
a good linear separation at random. More specifically, a random
vector is generated and the data at the node is projected onto the
line spanned by that random vector. The best threshold is then
selected so to separate the projected data in such a way that the
variance of each 1D cluster is minimized. This process is
repeated n times and the best clustering among the n clustering
obtained is selected to cluster the data at that node. The
procedure to cluster the node data is called “n-TARP”, where the
acronym TARP stands for “Thresholding After Random
Projection” [15].

In experiments [14], RP1D has been shown to outperform
state-of-the-art high-dimensional clustering methods. For small
datasets, a single n-TARP, with n properly large (e.g., n=200)
can be used to obtain a good binary clustering of the data. As the
clustering is performed based on the separation of a single
feature (i.e., the projection of the data onto the line spanned by
a random vector), the clustering criteria is one-dimensional,
which makes it possible to cluster even small data sets (about 15
subjects). If the data set contains more points (subjects) the
remaining points can be used to test the statistical significance
of the clustering found [15].

B. Automatic Clustering Approaches in Education

The field of educational data mining and learning analytics
has emerged as a response to advances in machine learning,
natural language processing, and data mining in general. It has
also emerged based on the need for integrating effective
analytical and assessment approaches into education and
consequently promote data-driven decision-making processes in
teaching and learning. For instance, a review of the literature
that described advances in learning analytics and educational
data mining identified that the majority of the uses of these

approaches centered on modeling student behavior, prediction
of performance, retention and dropout, promotion of reflection
and awareness behaviors, and support assessment and feedback
[3]. Specifically, clustering methods in education have been
primarily used in the identification of learner profiles based on
their interactions with learning materials [16, 17], as well as for
modeling students’ behaviors [18, 19], and strategies they use to
approach the learning process [20]. By doing so, researchers
aim to provide adaptive assessment and feedback services [e.g.,
21] or provide learners with a set of recommendations [e.g., 22,
23]. Clustering approaches have also been used to predict
student performance based on multiple indicators including
demographic characteristics, grades, student-generated artifacts,
and student level of engagement, among others [24, 25].

The previously explored body of literature suggest that the
main use of clustering has been to try to capture student
performance, actions or evidence that have a determined value
assigned to it (e.g., a grade, counts of access to a specific
material, time on task, etc.) by using large quantitative datasets.
The use of clustering approaches on qualitative data, on the other
hand, has been rarely explored. However, the analysis of open-
ended (qualitative) behaviors can provide insights into student
learning not previously afforded with traditional analytical
approaches [26]. For instance, Worsley and Blikstein (2014)
presented a human-computer analysis approach that started with
hand-coded video data that was then further analyzed following
machine learning procedures.

Such studies focused on quantitative large datasets have
primarily followed a data-driven approach to learning.
However, the fields of learning analytics and educational data
mining have made a call for the consideration of learning theory
for the analysis and interpretation of educational data [27].
Three exemplary qualitative studies that have grounded their
analytical procedures as well as data interpretation in theory
were identified. The first study was conducted by Worsley and
Blikstein [26], who used theories of expertise to ground their
investigation. Specifically, students in their study were first
classified based on their level of experience in the domain of
engineering design considering the amount of formal instruction
and teacher ratings. Worsley and Blikstein [26], also followed
analytical approaches proposed by Atman et al. [28] to generate
a coding scheme. Their initial coding scheme used grounded
theory approaches and then was supplemented with Design
Stages for higher-level object manipulation (i.e., realize, plan,
evaluate, modify, revert). The data coded was used as the input
to a two-step machine learning algorithm. In the first step,
clustering is used to quantize participant actions. In the second
step, the sequences of (quantized) actions for all participants are
clustered into groups and a chi--squared test is performed to test
the validity of the grouping. In the discussion section, Worsley
and Blikstein [26], went back to the literature in design and
expertise, and used it to interpret the clusters and the dimensions
they identified for each of them.

A second study from Colthrope and colleagues [29], used
self-regulated learning as a lens to design intra-semester
assessment tasks, which then were associated with academic
achievement. Specifically, Colthrope et al., [29], used
Zimmerman’s [30] self-regulatory phases to design four meta-
learning assessment tasks during the semester. The tasks



consisted of six questions aimed at helping students articulate
their own learning and engage in learning strategies. Students’
responses to the tasks along with their academic performance
were the input for an exploratory cluster analysis. More
specifically, different clusterings of the student tasks responses
were obtained using two methods, and the difference in grade
between the students in different clusters was used to judge the
quality of these different task clusterings. This analysis method
was used to determine if there were differences in academic
performance between groups measured with course grade,
student regulation of their learning as reported via the six tasks,
and extent and timing of lecture recording use along with timing
of assessment submission. Results of the study suggested that
prompting students to engage in meta-learning is beneficial in
increasing student self-regulatory skills and consequently
deepening their understanding of their learning [31].

The third study identified was from Andrade, Delandshere
and Danish [32], who grounded their study in literature about
epistemological frames [33]. Specifically, Andrade et al.,
(2016), wused epistemological frame analysis to analyze
behaviors during a post-interview after an inquiry activity. A
machine learning approach based on Hidden Markov Models
was then used to identify what patterns in students’ frames
became visible without relying on their speech. More
specifically, the data was fitted using 2- to 7-state Hidden
Markov Models, and the 3-state model was found to be the best
fit. The three corresponding profiles identified were further
interpreted and discussed grounded in literature of mechanistic
reasoning following Russ et al.’s [34] guidelines.

The three latter studies demonstrate how clustering
approaches can be used following a theory-driven approach
primarily starting from qualitative data. These three studies also
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demonstrate how findings from the cluster analysis were then
further interpreted under the lens of theories of learning. Our
goal in this article is to generalize this approach by grounding it
on principles of assessment and demonstrate with a case study
how the model can be applied. We further strengthen our model
by emphasizing the potentially large number of possible patterns
present in the data and the necessity to validate the chosen
patterns and findings using statistical tests performed on
different data than the data used to find the patterns.

III. A PRINCIPLED APPROACH FOR DETECTING LEARNER
PROFILES MODEL (PALP MODEL)

To guide educational researchers in this endeavor we present
a framework herein called a Principled Approach for Detecting
Learner Profiles (PALP) model (see Figure 1 for an overview),
which was guided by the assessment triangle [35]. The
assessment triangle has been identified as particularly useful in
design of valid assessments [36]. For instance, Streveler and
colleagues used the assessment triangle to design and validate a
concept inventory [37]. This paper extends the use of the
assessment triangle to the process generation, analysis and
interpretation of educational data. Figure 1 presents our
proposed approach that considers the three components of the
assessment triangle including the cognition (Fig 1a), observation
(Fig 1b), and interpretation (Fig 1c) corners. Detailed
procedures are described in a case study in the next sections.

Our model details the procedures that logically connect the
theoretical groundings on how students develop scientific
behaviors and domain knowledge (the cognition vertex), the
procedures followed to tease out the evidence of student learning
and performance (the observation vertex), and the ways in which
the assessment results were analyzed, interpreted and validated
(the interpretation vertex). A critical characteristic of the
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Fig 1. Procedures of the PALP model following guidelines of the assessment triangle.



assessment triangle framework is the alignment of its three
corners. That is, theories about how students learn must be
consistent with the kinds of evidence of the learning identified,
along with the methods used to analyze and interpret the results
of the evidence identified through assessment or data collection
instruments.

We present our approach with a specific case study that
demonstrates how the PALP model can be applied. Our study
aims to identify learner profiles based on the different modes of
thinking 28 students exhibited when explaining their
understanding of digital signal processing concepts through the
process of creating and peer-reviewing online content [38]. The
following sections describe how the assessment triangle was
used to approach our analyses utilizing the PALP model. As we
describe our approach we will also provide details of how our
proposed model combines traditional research and assessment
methods such as qualitative and quantitative procedures to data
analyses, and combines them with clustering techniques that
supported the identification of patterns in the data and the
analysis of their impact on course outcomes.

A. The Cognition Vertex

The cognition vertex (Fig 1a), deals with the theoretical
foundations of the phenomenon to be measured. That is, it refers
to a theory or conceptual framework that would describe or
hypothesize about how students develop knowledge or
behaviors conductive to learning. For our first case study aiming
to identify profiles of students’ ways of thinking when
explaining phenomena in the domain of signal processing
concepts, we grounded our analysis on the identification of
students habits of mind [39]. Habits of mind refer to modes of
thinking required for STEM students to become effective
problem solvers [39]. These include individual’s responses to
problems where the answers are not immediately known,
Specifically, we centered our investigation on scientific habits
of mind including mathematical, logical and attitudinal modes
of thinking required for science, mathematics, technology, and
engineering students to become problem solvers capable of
transferring such skills to new contexts [40]. Such habits of
mind include a combination of certain knowledge, skills and
attitudes with science literacy skills including quantitative,
communication, manual and critical-response skills [39].

Once constructs are grounded in the proper learning theory
or theoretical framework, the next step consists on identifying
the type of overt activities or artifacts that will demonstrate
evidence of the learning, performance, or behavior. For the case
study used to exemplify our approach, we used students’
explanations of a specific course topic produced through an
online learning activity called “‘slectures” [41].

B. The Observation Vertex

The observation corner (Fig 1b), refers to the procedures
followed to specify the evidence of student learning and
performance. That is, the observation vertex deals with the
operationalization and  characterization of  students’
performances, behaviors or evidence of learning. The chosen
mechanism of evidence should be aligned with the cognition
vertex. Figure 1b depicts the proposed steps that describe the
operationalization of the constructs under study along with the

collection and interpretation of the data. Note that the data can
take any form, including text, video, or interview transcripts.

Once the data has been collected using the proper
mechanism to capture the evidence of learning or performance
to be investigated, the next step is to characterize that evidence
in terms of the construct to be investigated. In our approach, this
step is usually achieved via a rubric. The design of the rubric
should be guided by the conceptual or theoretical framework
identified as part of the cognition corner. In general, the data
can be scored by hand or with the assistance of Natural
Language Processing (NLP) techniques. However, cases where
only a small number of subjects are considered are better scored
by hand, as NLP techniques require extensive amounts of
training data in order to get reliable results. The scored data is
not in a form that can be handled by most existing clustering
methods, which take as input a vector of real-valued features
called a “feature vector.” Thus, the data is transformed into a
feature vector through modeling. More specifically, the
sequence of annotations in the data is viewed as the observation
of a parametric random process; the parameters of the random
process are specific to each test subject, and are inferred from
the scored data of that test subject. The estimated values of the
parameters are then used as the entries of feature vector
representing the test subject. In our case, the parameters are
taken to be the probabilities of each rubric item/value being
tagged to a part of the text produced by the student. That
probability is estimated by the ratio of the number of times the
specific rubric item/value was actually tagged, divided by the
total number of tags in the student’s text.

The collection of all the feature vectors (all test subjects) is
then divided randomly into two sets: the first set, called the
observation data, is used to observe the patterns in the data. The
second set, called the validation data, will be used later in the
interpretation vertex. The feature vectors of the first set of test
subjects is used as the input of a random clustering algorithm in
order to find groupings. We use the n-TARP clustering method
[15] several times to obtain several different binary clusterings
of the data. Each binary clustering divides the data into two
groups according to a randomly selected criterion. The criterion
corresponds to a one-dimensional feature whose value is
thresholded in order to divide the dataset into two groups. An
example of grouping is illustrated in [42]. In that example, two
groups of students are first found using n-TARP clustering on
data representing habits of mind of students. The statistics of the
data for each group are used to compare the two groups.
Inspection reveals that the groups statistics differ in ways that
can be interpreted (“habits developed” students, and “habits
developing” students).

Each binary grouping corresponds to an observed pattern in
the observation data, which is used to assign a category to each
learner: Category 1, if the student belongs to the first group, and
Category 2, if the student belongs to the second group. Outcome
variables (e.g., grades) are also recorded. Finally, the student
profile is written as the sequence of the group index for each
grouping, concatenated together with the outcome variables. For
example, [1,2,1,B] would represent a student that has achieved
a grade of B in the class and belongs to group 1 according to the
first and third binary clusterings, and group 2 according to the
second binary clustering.



C. The Interpretation Vertex

The interpretation vertex (Fig lc), considers the methods
used to interpret the observations. That is the interpretation
corner deals with the way in which results derived from the
observation corner are analyzed, validated and interpreted. More
specifically, the patterns (clusters) are statistically validated, the
dependency of the outcome variable on the patterns is measured,
and the extent to which this measure is meaningful is statistically
validated. Subsequently, the findings are interpreted.

The validity of each clustering is determined using a
statistical test performed on the validation data. Because the
clustering is only present in the one-dimensional projected data,
the statistical test is also performed in one-dimension (i.e., on
the projection of the validation data). We use a permutation test
in order to accommodate the small data size. The clusterings that
are found to be non-statistically significant can be dropped from
the student profile representation at this point. If no statistically
significant clustering is found (e.g., if the data is too small), then
the interpretation phase is terminated and another round along
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groups (clusters) by looking at the absolute value of the
difference between the mean grade of the two groups (Fig 2).

Since there can be many different (valid) groupings, we
measure the extent of the effect of the outcome (grade) on the
patterns by plotting the empirical cumulative distribution
function (CDF) of the grade difference for all the random
groupings observed. Following the approach of [15,38], the
statistical significance of this CDF is tested by comparing the
resulting curve to a null-hypothesis CDF curve. The null-
hypothesis is obtained by dividing the grades at random into two
several times, computing the mean difference each time so to
generate another (random) CDF curve. Repeating this process,
several curves are generated and the expected CDF curve is
estimated, along with that within a confidence threshold from
the expected CDF. Examples of these curves, along with more
details about their construction, can be found in [15,38].
Regions of the CDF curves that lie below the hypothesis testing
curve correspond to significant grade differences for the
corresponding fraction of patterns considered; these statistically
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Fig 2. Statistical test of dependency between course outcomes and habits of mind using CDF curves of grade difference between groups.

the assessment triangle can be undertaken with this finding in
mind. If at least one significant cluster is found, then the extent
to which the outcome depends on the (valid) patterns is analyzed
by looking at the difference between the outcome variable for
test subjects belonging to different groups. In our experiments,
the outcome variable is the course grade, and we compare the
grade distribution of the course grades between two different

different grade differences are highlighted in pink in the Figure
2.

The presence of these pink regions in Figure 2 allows us to
conclude that some patterns of habits of mind are associated with
significant grade differences. For example, some patterns of
habits of mind (about 40%) were associated with an average



grade difference of at least 0.5 (since the curve value at a grade
difference of 0.5 is about 0.6); the difference is statistically
significant at the chosen significance level (two standard
deviations from the mean). More details about this method can
be found in [15].

Each student is associated with a profile consisting of the list
of clusters to which they belong, among all the valid binary
clusterings found. Such a profile can be represented by a list of
0’s and 1’s, where a zero corresponds to the first cluster (below
threshold), and one corresponds to the second cluster (above
threshold). These profiles summarize the qualitative data for
each student, as interpreted through the lens of the rubric, in a
concise, numerical fashion. Our results (Fig.2) indicate that
these student profiles (and thus the items of our theory) are
meaningfully related to the course outcome.

IV. DISCUSSION, CONCLUSION AND FUTURE WORK

A weaknesses identified by Papamitsiou and Economides
[3] in their review of the literature was the lack of evidence in
the effectiveness of the use of educational data mining and
learning analytics approaches with qualitative data. They
concluded that qualitative methods have not yet provided
significant results. Our study presents a model that is highly
suitable for qualitative data. Our approach also presents a
theory-driven approach to the use of machine learning; the
previously explored body of research on the use of clustering
techniques in education suggest that the most common method
is a data-driven approach.  Furthermore, theory-driven
approaches that utilize clustering approaches have been also
scarcely reported in the literature. There is a body of work that
uses clustering for primarily analyzing quantitative data. Most
such work is based on finding and analyzing a single clustering
structure. Our work emphasizes the likely existence of many
different clustering structures corresponding to different patterns
in the data, and the importance of testing their statistical
significance before putting any meaning into these patterns. We
also build on the many clusterings found to test for dependencies
of outcome variables (grade) on the many items of a theory (e.g.,
habits of mind). Moreover, our model also may help researchers
strengthen their findings through validation via statistical
approaches.
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