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Abstract: Examining the effectiveness of machine learning techniques in analyzing engineering
students’ decision-making processes through topic modeling during simulation-based design tasks
is crucial for advancing educational methods and tools. Thus, this study presents a comparative
analysis of different supervised and unsupervised machine learning techniques for topic modeling,
along with human validation. Hence, this manuscript contributes by evaluating the effectiveness
of these techniques in identifying nuanced topics within the argumentation framework and im-
proving computational methods for assessing students’ abilities and performance levels based on
their informed decisions. This study examined the decision-making processes of engineering stu-
dents as they participated in a simulation-based design challenge. During this task, students were
prompted to use an argumentation framework to articulate their claims, evidence, and reasoning,
by recording their informed design decisions in a design journal. This study combined qualitative
and computational methods to analyze the students’ design journals and ensured the accuracy of
the findings through the researchers’ review and interpretations of the results. Different machine
learning models, including random forest, SVM, and K-nearest neighbors (KINNs), were tested for
multilabel regression, using preprocessing techniques such as TE-IDF, GloVe, and BERT embeddings.
Additionally, hyperparameter optimization and model interpretability were explored, along with
models like RNNs with LSTM, XGBoost, and LightGBM. The results demonstrate that both super-
vised and unsupervised machine learning models effectively identified nuanced topics within the
argumentation framework used during the design challenge of designing a zero-energy home for
a Midwestern city using a CAD/CAE simulation platform. Notably, XGBoost exhibited superior
predictive accuracy in estimating topic proportions, highlighting its potential for broader application
in engineering education.

Keywords: argumentation framework; topic modeling; machine learning; qualitative analysis; natural
language processing

1. Introduction

Integrating technology into engineering education offers substantial benefits that can
significantly improve teaching and learning processes. Research consistently shows that
when technology is effectively incorporated into educational practices, it can enhance
student engagement, boost knowledge retention, and promote the development of higher-
order thinking skills [1]. One important way that technology contributes is through its
application in assessment, particularly in evaluating students” written responses. While
computer-based assessments are widely used for straightforward formats such as multiple-
choice or true/false questions, analyzing open-ended text responses poses a greater chal-
lenge. This difficulty arises from the complexity and volume of unstructured data inherent
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in such responses. As a result, effective analysis requires advanced methods and tools
to manage large amounts of unstructured text data. Therefore, this study contributes to
analyzing and comparing analytical methods to help effectively computationally deter-
mine students’ abilities and performance levels. That is, by improving the use of different
computational tools to assess students” written responses (i.e., argumentation), this study
aims to make the evaluation of their abilities and performance more accurate and efficient.
This focus on analytical methods seeks to enhance the efficiency and accuracy of assessing
student learning outcomes [1].

In social sciences, automated text analysis methods are increasingly leveraged to
extract and categorize information from massive text collections. Methods related to natural
language processing (NLP) have demonstrated the utility of topic models in extracting
actionable insights from large volumes of text data in various contexts, including health
education research and analyzing student responses [2,3]. These methods aid in mining
words and identifying hidden semantic structures. Additionally, supervised learning
schemes, which involve acquiring text datasets, extracting emotional features, and training
classification models, highlight the importance of these methods in text classification
tasks [4].

Previous studies on natural language processing (NLP) have implemented either
supervised or unsupervised approaches. The existing literature lacks strong qualitative
validation and has not systematically distinguished between these methods regarding
their relative coverage and reliability. Thus, this manuscript compares and establishes
reliability and validity by examining topic modeling techniques following unsupervised
and supervised approaches. On the unsupervised lens, it was particularly considered latent
Dirichlet allocation (LDA), which supports text analysis by providing nuanced categories
based on natural groupings of topics, aiding in interpretation and refinement, thereby
improving the overall evaluation process [3]. Additionally, leveraging qualitative analysis
as training data in supervised machine learning models can automate and optimize topic
modeling, improving efficiency. After quantitatively evaluating the predictions made by
both the unsupervised and supervised approaches, the researchers systematically and
semantically compared and interpreted the main topics predicted by each method focusing
on assessing the accuracy and relevance of their results.

This study focuses on the context of engineering design by analyzing design journals
from first-year engineering students. Documentation of their decision-making processes
was recorded using an argumentation framework [5,6]. The students were tasked to design
a zero-energy home using Aladdin, an integrated CAD/CAE platform that facilitates
simulation-based learning. The aim was to help students apply their scientific knowledge
to make informed trade-off decisions [7,8]. The argumentation framework helped students
to articulate their claims, evidence, and reasoning supporting their design decisions in the
form of an argument. Educationally speaking, the arguments describing design decisions
need to be evaluated to identify if they are grounded in scientific principles. From a
human perspective, it is difficult to evaluate hundreds of arguments at a time. Therefore,
there is an opportunity to use computational methods to extend human capabilities in
evaluating text data [9]. Thus, this study combines qualitative and computational methods
to analyze student design journals and validate the findings through expert analysis.
Hence, the guiding research questions for this study are as follows: How do supervised
and unsupervised approaches compare in terms of coverage and computational efficiency
for topic modeling tasks? How do supervised and unsupervised approaches compare in
terms of interpretability for topic modeling tasks?

1.1. Topic Modeling as a Qualitative Research Approach

While quantitative research methods emphasize numerical data and statistical analysis
to quantify relationships and patterns [10], qualitative research methods delve deeper into
analyzing and understanding participants’ experiences, perspectives, and the meanings
they attribute to various aspects within the context of their social and cultural norms [11].
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To date, different studies have discussed efforts to enhance transparency in report-
ing qualitative research synthesis, by developing and utilizing techniques such as meta-
ethnography, thematic analysis, and critical interpretive synthesis [12]. For instance, re-
searchers have emphasized refining meta-ethnography methods to enhance their relevance
and effectiveness in qualitative synthesis, incorporating new insights to improve the quality
and impact of such studies [13]. Furthermore, researchers have integrated qualitative tech-
niques such as thematic analysis with topic modeling, to enhance identifying latent themes
or topics within a large corpus of text data, improving the efficiency and effectiveness of
qualitative analysis by automating the process of theme identification and extraction across
various disciplines [14-16].

1.2. Machine Learning Models for Topic Modeling

Topic modeling serves as a method in natural language processing (NLP) and machine
learning to identify prominent underlying topics within qualitative data. It involves
automatically identifying thematic information in extensive text collections for data mining
purposes, emphasizing co-occurring words [17-19]. In fact, topic modeling has been
involved in different contexts, including text analysis, image annotation, and sentiment
classification, among others [20,21]. Common techniques to address topic modeling include
latent Dirichlet allocation (LDA), latent semantic analysis (LSA), and non-negative matrix
factorization (NMF) [22]. For instance, LDA—a probabilistic generative model—represents
documents as mixtures of topics and topics as mixtures of words [23], which has been
widely used in education to extract topics from resources, uncovering latent themes and
patterns in students’ thinking and decision-making processes [24,25].

As supervised and unsupervised machine learning models have supported text mining
and NLP tasks, they have been utilized to address topic modeling approaches. First,
supervised models establish relationships between predictors and a target variable [26].
In particular, in topic modeling, supervised methods like convolutional neural networks
(CNNs), long short-term memory (LSTM), support vector machines (SVM), and Naive
Bayes, have been developed using annotated data [27,28]. Despite the ability of supervised
models to categorize topics within textual data, they require significant labeled data to
avoid overfitting and perform well on “unseen” data, leading to the consideration of
semi-supervised or unsupervised approaches [27,29-31]. In fact, previous studies have
recognized Ensemble Learning as a powerful technique for improving text classification
performance by combining the outputs of multiple classifiers, revealing the effectiveness of
“ensemble methods” in enhancing accuracy and generalization ability in text classification
tasks [32-34]. For example, XGBoost has been known for its high performance and efficiency
in text analysis tasks [35], while light gradient-boosting machine (LGBM) for its efficiency
and speed in training models on large-scale datasets [36].

In order to create the training data for the models of the given type, the process
starts from the definition of how a raw text should be preprocessed into numerical feature
vectors that can be used in the training of the model. One of them is the global vectors
for word representation, also known as GloVe, which generates word vectors based on
the occurrences of the words. These vectors are produced ahead as features in training
data that support the model in executing better for any word’s similarity, analogy, or even
sentiment analysis [37-39]. Another model that can be used is the TF-IDF model which
measures the necessity of specific words or word occurrences in a particular document in
relation to all documents. However, there are some disadvantages of using TF-IDF such
as it does not consider the distribution of the words under the classes and this can lead to
poor performance of the model [40]. By transforming text into numerical vectors through
these methods, the training data becomes suitable for the model to learn from and make
accurate predictions.

Different studies have combined these models for different processing and analytical
approaches to improve topic modeling performance by strengthening the capabilities of
each algorithm. For instance, XGBoost has been combined with models like random forest,
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SVM, and LSTM; moreover, random forest has been combined with SVM, LGBM, and
LSTM to improve accuracy and robustness in topic modeling tasks [41]. Moreover, SVM
has been integrated with deep learning models like CNN and LSTM, and LSTM has been
combined with LDA, to enhance sentiment analysis and topic classification accuracy [42].

1.3. Topic Modeling in Computer Science and Engineering Education

Topic modeling has been a widely used tool in computer science and engineering
education, aiding in various aspects of curriculum development, teaching methodologies,
and research analysis. For instance, studies have utilized techniques to analyze hidden
semantic structures within textual data, providing insights into it. The literature has
demonstrated the use of various techniques to analyze knowledge domains and skill sets in
specialized fields. For instance, latent Dirichlet allocation (LDA) has been used to explore
Big Data software engineering [43], bibliometric analysis has been used to identify research
directions for early career researchers in computer science [44], and unified modeling
language (UML) has been used to support the understanding on bridging concepts from
both computer science and other fields [45], among other applications. Therefore, in
the field of computer science and engineering education, by leveraging topic modeling,
instructors can create engaging learning experiences that align with industry demands and
academic standards. Topic modeling has been instrumental in contextualized computing,
where educators employ applications or multidisciplinary areas to teach topics in computer
science [46].

By utilizing topic modeling techniques, instructors can identify relevant themes and
concepts within educational texts, enabling them to tailor instructional materials to meet
the specific needs and interests of students in computer science and engineering programs.
Furthermore, utilizing topic modeling can support identifying intersections between dis-
ciplines, as well as components such as the stages of the argumentation framework, all
looking to prepare students for the complexities of the modern world tailoring curricula to
meet the evolving needs of the industry and academia [47].

On the other hand, topic modeling has been instrumental in identifying prevalent
themes within user reviews, involving then sentiment analysis and user feedback on edu-
cational applications [48]. Also, in the context of higher education research, topic modeling
has been utilized to analyze and categorize research publications, unveiling prevalent
themes and trends within academic literature [49]. Therefore, the multifaceted application
of topic modeling in these fields streamlines curriculum development, students” perfor-
mance, thinking and learning processes, feedback analysis, as well as research endeavors,
enhancing the quality and effectiveness of computer science and engineering education.

However, while topic modeling offers significant benefits, it also presents challenges
that should be acknowledged. The short length of user feedback can make it difficult
to accurately capture underlying themes, leading to less coherent and interpretable top-
ics [50,51]. Additionally, topic models may generate topics that are statistically valid but
semantically incoherent, making it challenging to derive meaningful insights [52]. There-
fore, topic modeling should be seen as a tool to support, rather than replace, traditional
topic analysis.

2. Methods
2.1. Context and Participants

This study was conducted on the data collected from a lesson design posed that
involved the argumentation framework in a design challenge that prompted the design
of a zero-energy home for a Midwestern city in the United States, using an integrated
CAD/CAE platform to enable simulation-based learning [7,8]. It consisted of design jour-
nals for informed trade-off decisions of first-year undergraduate engineering technology
students (N = 248) within an introductory course at a Midwestern university in the United
States, and focused on the fundamental concepts of building designs and the development
of engineering design projects. The course took place in the fall of 2020 under hybrid
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teaching conditions due to the COVID-19 pandemic. The activity spanned four weeks
within the course.

The design challenge prompted students to apply their knowledge of energy-related
concepts to construct an energy-efficient home using Aladdin software, which serves as
an integrated CAD/CAE platform for simulating design trade-offs [53]. The students
were prompted to consider constraints on costs and size, aiming to achieve net-zero en-
ergy consumption.

Each student submitted a design journal in PDF format reporting their informed
trade-off decisions on the design challenge. Figure 1 illustrates an example of the format
the design journals followed. The design journals consisted of four different parts:

e Factor: Description of intended modifications or decisions toward the design.

*  Argue prediction: Justification for the modification or decision on the design, with
informed anticipated outcomes.

*  Observation: Informed evidence (i.e., accounts of tangible elements) revealed and
observed in the CAD/CAE software over the factor of analysis.

¢  Justification: In the justification section, students provide a reasoned justification for
their proposed solutions.

Factor Argue Prediction Observation Justification
Which factor | BEFORE YOU MAKE THE AFTER THE CHANGE: Explain why you think it
of the design | CHANGE: Provide reasoning for What actually happened | happened. (Construct an
are you going | what you think will happen due due to the change? argument justifying your
to change to the change? (Construct an explanation by providing all
and how are | argument justifying why you are relevant reasons. Consider
you going to | changing the factor and the also what evidence and
change it? outcome you except. reasoning supports your
Consider also what evidence and explanation. Link science
reasoning supports your or other concepts you
prediction) think are relevant with

observations or other
evidence. Are there
alternative explanations?)

Solar panel Solar panels tilted upward Solar panels facing the Solar panels generated
tilt the generate more electrical energy | south side caused the more energy [CLAIM]
orientation [CLAIM)] because they receive a annual energy cost of because when facing the
w | upward greater energy from solar the home to decrease. sun directly, they receive
% radiation when facing the sun more energy from the
g directly [EVIDENCE] and convert sunlight [EVIDENCE], and
w the energy from solar radiation converted the energy from
to electrical energy sunlight to electrical
[REASONING] energy [REASONING]

Figure 1. Example of the prompted design journal.

First, the researchers conducted a preliminary hand-codification process over a random
sample of 50 observations who completed the design challenge of creating energy-efficient
homes [7]. The hand-codification process consisted of an initial hand-coding resulting in
thirty-two different codes, a first axial coding resulting in six different grouping codes, and
a second axial coding resulting in two different grouping codes. For each of the 50 random
samples, the researchers annotated the frequency of each topic per record. The aim was to
investigate how students informed their trade-off decision-making processes in design for
energy-efficient homes, within the argumentation framework, and the recurring trends in
students” designs related to economic decision-making and energy science [7,8].

To generate the training data for the supervised models, the researchers followed
a multi-step process. In the first step, the researchers manually reviewed the responses
from the 50 observations and identified individual pieces of information relevant to the
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design challenge. This resulted in thirty-two distinct codes, each representing a specific
aspect/theme of the student responses, such as considerations for energy efficiency, cost,
or sustainability. Next, these thirty-two initial codes were grouped into broader categories
through axial coding. The first level of axial coding consolidated the codes into six grouping
codes, which grouped related topics under broader themes, such as “economic factors.”
Afterward, a second axial coding process further refined these six grouping codes into
two overarching grouping codes, providing a higher-level categorization of the data, such
as “energy science.” For each of the 50 observations, the frequency of each identified
topic was recorded, involving counting how often each of the thirty-two codes appeared
in the responses of each sample. This detailed frequency count helped to quantify the
prominence of different topics within the students’ designs and decision-making processes.
The annotated frequencies from each observation were compiled into a structured dataset, in
which each record included a detailed breakdown of how often each topic was mentioned,
and categorized according to the two final grouping codes. This structured dataset was then
used to generate training data for the supervised models. The models were trained using the
frequencies of topics to learn and identify patterns related to energy efficiency and economic
considerations.

Moreover, the researchers reflected on the broader challenge of integrating new evi-
dence into scientific explanations, focusing on how incorporating detailed, annotated data
can support trade-off decisions by addressing systemic thinking and problem-solving [54].
This information was used in this study to generate training data comprising the fifty in-
stances for the supervised models analyzed in this manuscript. Refer to Figure 2 depicting
the general analysis method.

2.2. Data Collection and Processing

The data collection and processing were performed following a two-step procedure.
First, the researchers extracted the data from the design journals presented in PDF format,
of all students who completed the design challenge (N = 248). These design journals were
organized in a table provided by the instructor, comprising four columns representing the
stages of the argumentation framework. From these design journals, the data were extracted
using Tabula [55]—a library in Python designed for extracting tables automatically. By
removing the headers to avoid non-predictive elements, and compiling the data into a
dataset, we ensured data quality for the model and reduced variability in the classifiers
avoiding data noise. Each row in the dataset utilized in this study represented a student’s
design journal following the argumentation framework.

Subsequently, the researchers followed by performing pre-processing procedures over
the resulting data frame: handling empty entries, filtering out short responses, removing
stop words, lemmatizing, and tokenizing the text. Also, the researchers considered that
techniques such as feature selection, word processing, and punctuation handling play an
important role in enhancing text classification tasks [56]. These models were divided into
two groups: (1) unsupervised, and (2) supervised.

Regarding the unsupervised approach, the foremost model implemented was latent
Dirichlet allocation (LDA). This model learns by itself the prominent/emergent topics,
given parameters that boost the performance. In contrast, the supervised approaches
require a human coding of the texts where the classification tasks involve learning the
association between words among the observations, utilizing labeled datasets as training
sets to help predict outcomes and recognize further patterns over emergent topics. For
the supervised approach, six different models were utilized for analysis and comparison,
including K-nearest neighbor, support vector machine (SVM), extreme gradient boosting
(XGBoost), light gradient boosting machine (LGBM), recurrent neural network with long
short-term memory (RNN—LSTM), and random forest. Hence, this study aims to compare
supervised and unsupervised approaches for topic modeling tasks.
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Figure 2. Overview of the comparative analysis of the supervised and unsupervised approaches for
topic modeling with qualitative validation.

To ensure the validity and reliability of the data collection process, the design journals
filled out by the students were standardized, in the sense that all were provided with
the same type and format of journals to fill out. Moreover, when using Tabula for data
extraction, it was ensured that there was no error or omission in extracting tables.In addition,
during preprocessing stages such as removing non-predictive features and managing
empty cells or values, measures were taken to maintain the bias and reliability of the data.
Moreover, all the supervised models applied in the analysis were cross-validated using
the cross-validation procedures to check the reliability of the results obtained from various
partitions in the data and, therefore, improve the reliability of the results yielded.
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2.3. Differences between Supervised and Unsupervised Approaches
2.3.1. Unsupervised Approach

For this approach, the researchers opted to utilize the latent Dirichlet allocation model
(LDA) as the cornerstone for unsupervised topic modeling. This model is a probabilistic
generative model that represents documents as mixtures of topics and topics as mixtures of
words, leveraging the co-occurrences of words to form a topic. Also, it is one of the most
common procedures for determining the underlying topics and has shown reliable results
in similar contexts [3,16]. In addition, it has evidenced its ability to automatically detect
topics from large text collections [16].

Considering that determining the optimal number of topics is required to train the
LDA model, through a systematic approach, the researchers optimized its hyperparameters,
paying particular attention to the number of topics. Since literature has highlighted that
perplexity may not always correlate with human annotations and may diverge due to the
similarity between topics, especially using a large number of topics, the metric “coherence”
was considered as has been one of the most practical ways to determine the optimal num-
ber of topics [57]. That is, perplexity measures how well a model predicts the probability
distribution of a sample, with lower values indicating a better fit [58]. Nevertheless, while
this metric primarily evaluates how well a model predicts data, it does not assess the inter-
pretability of the emerging topics. This can lead to it not accurately reflecting the semantic
coherence of the topics [15]. In contrast, “coherence” focuses on the degree of semantic
similarity among the top words in a topic, providing a more nuanced understanding of
topic quality [59]. Also, this metric has evidence of high reliability in understanding and
optimally choosing the number of topics in related tasks, showing a good correlation with
human understanding [60,61]. To set out the best number of topics for the model, this study
opted to leverage a greedy search algorithm assessing the coherence value [62]. Looking
forward to finding the first local maxima, the researchers began with a low number of
topics and increased by one topic at a time.

The model was trained using MALLET, a Java-based toolkit for statistical natural
language processing (NLP) [63]. Right after the topics were extracted using MALLET, the
metric for coherence was computed using Gensim [64], and the coherence score versus
the number of topics, to define the ideal number to work within this study accordingly.
Figure 3 depicts the first local maxima, corresponding to six emerging topics, which is
consistent with the qualitative approach carried out in the previous related study [7]. The
first local maximum occurs at six topics because the coherence value at this point is higher
than the values at five topics and seven topics, indicating that the model with six topics
achieves a good balance, offering meaningful structure and avoiding overfitting. That is,
the six-topic point is the first point where the coherence value rises above its neighboring
points, making it a logical choice for model selection. In contrast, the three-topic point is
not chosen as its coherence value is not higher than the points around it, as represented by
the downward trend in this point.

MALLET provided a list of the top 20 words that constituted each topic. For instance,
for topic T;, the list of the top k words, W; = {wy;, wy;, . .., w,; }, was outputted, in descend-
ing order of probability. That is, the first word is the most likely word associated with the
topic, followed by the second most likely.

Afterward, the composition of each document (i.e., open-ended responses) was the
output in terms of topics and associated weights using the Gibbs Sampling approach [65].
For example, for a given topic model with n topics {T1, Ty, ..., Tx }, the composition of a
response R; can be represented as follows:

C(Ri) = p1iT1i + p2iTo + p3iT3 + - - - + pui Ty

where pj; represents the relative weight associated with topic T; and the sum of all topic
weights for a documentis 1, i.e., Z;‘Zl pji = 1. Therefore, documents composed of multiple
topics were expected to be assigned smaller weights for multiple topics, and documents
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composed of a single topic were expected to have a high weight associated with that
topic [16]. Thus, understanding the precise nuances of these subjects requires background
information and expertise in the relevant field [66]. This output of MALLET for the LDA
topic model was then analyzed qualitatively to interpret the theme (i.e., semantic) of the
topic, with an optimal number of topics defined.

Number of Topics vs CV

0.375 ~

0.370 A

0.365

0.360

CV Coherence Value

0.355 ~

0.350 A

0.345 ~

4 6 8 10 12
Number of Topics

Figure 3. Coherence scores for the optimal number of topics.

The researchers independently labeled the topics and provided brief explanations by
reviewing the top 20 words and the top 10 representative documents for each topic. They
then reached a consensus on the final topic interpretations. This process ensured that the
topic labels were well-informed and agreed upon by researchers.

2.3.2. Supervised Approaches

The researchers leveraged the data from previous work [7] using the proportion of
each topic in each document to treat the task as a “multilabel regression problem.” Thus,
the goal was to learn how different topics in each document use words at different rates
and predict the proportion of topics in unseen documents. That is, despite supervised
algorithms that have been utilized to classify text based on human-coded discrete cate-
gories, certain drawbacks assume assigning “discrete labels”, which means that a passage
belongs or not to a topic. Nevertheless, a passage might represent a mixture of topics with
different proportions, and the data often suffer from class imbalance, which is even more
pronounced when the proportions are not taken into account, leading to potential bias in
the model’s performance.

For this analysis approach using supervised methods, data were selected consisting of
50 hand-coded instances from the previous study [7], as the core of the training set. On the
other hand, the fest set consisted of 20 random instances that were not previously evaluated,
and which were manually coded by one of the researchers, ensuring objectivity. Afterward,
these coding results were further validated by a second researcher, to ensure consistency
and reliability.
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The data structure for this stage included the text processed along with the labels
representing the normalized frequencies of the topics identified in the previous study [7].
From this study, the resulting six topics are defined as follows: (1) ‘energy efficiency
and conservation’, (2) ‘insulation and thermal regulation’, (3) ‘material selection and
construction’, (4) ‘environmental considerations’, (5) ‘design and space efficiency’, and
(6) “economic considerations’.

For the following models, it was necessary to convert the data into numerical represen-
tations. GloVe (global vector for word representation) has been utilized for text preprocess-
ing to construct a vector space of words [67]. This pre-trained word-embedding method
has proven effective for text representation, aiding in classification tasks [39]. Also, this
method can establish linguistic relationships due to training on extensive corpora, which
enhances the analysis, utilizing the Common Crawl dataset, comprising 840 billion tokens.

Afterward, several methods for text classification and multilabel classification were
considered, as no single model fits all problems. The framework presented in this study
first utilized simple modeling techniques to provide insights into the task’s complexity,
including support vector machines (SVMs) and K-nearest neighbors (KNNs). In contrast,
state-of-the-art models (SOAMs) aim to enhance performance and robustness, comprising
ensemble learning techniques that combine multiple models to make predictions [68].

This approach leverages the diversity of various models to mitigate overfitting risks
and enhance generalization. The ensemble-learning-based algorithms used in this frame-
work included random forest (RF), extreme gradient boosting (XGBoost), light gradient
boosting machine (LightGBM), and recurrent neural network (RNNSs), specifically long
short-term memory (LSTM) networks. In particular, LSTMs are particularly well-suited for
text classification tasks due to their ability to capture sequential dependencies and handle
long-range dependencies, mitigating the vanishing gradient problem.

Each model was hyper-parameterized using greedy search, which iteratively explores
the search space by making the locally optimal choice at each step. Initially, we searched
for broad steps within the search space. After identifying regions with better performance,
the search was refined to focus on those areas, ensuring more precise optimization of the
hyperparameters for each machine learning model. This approach helped avoid falling into
local optima and allowed for testing of a wide range of possible parameters (refer to Table 1).
While we acknowledge that greedy search could settle for local optima, we ensured to
mitigate this limitation by combining the approach with five-fold cross-validation. That
is, the technique assesses the performance of the greedy search and reduces the risk of
overfitting. Thus, these issues were mitigated by evaluating the model’s performance
across different data folds to ensure reliability.

Table 1. Hyperparameter optimization.

Algorithm Hyperparameter Bounds
KNN Number of neighbors (3,11)
Weights [uniform, distance]
Algorithm [auto, balliree , kdiree, brute]
Leaf Size (10, 50)
Distance [Manhattan distance, Euclidean distance]
SVM Kernel [linear, poly, rbf, sigmoid]
C (0.01, 10)
Gamma [scale, auto]
Degree 2,5)
Random forest Number of estimators (100, 600)
Maximum depth (3, 30)
Minimum samples split (3,20)
Minimum samples leaf (3,20)
Maximum features (0.5,1.0)
Maximum samples (0.7, 1.0)
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Table 1. Cont.

Algorithm Hyperparameter Bounds
LightGBM Number of estimators (50, 500)
Maximum depth (3, 50)
Number of leaves (10, 100)
Learning rate (0.001, 10)
Minimum child weight (1.0, 20.0)
XGBoost Number of estimators (50, 500)
Maximum depth (3, 50)
Learning rate (0.0001, 10.0)
Regularization lambda (0.0, 10.5)
Gamma (0.0, 100.0)
Minimum child weight (0.0, 200.0)
Subsample (0.5,1.0)
Colsamplepyiree (0.5,1.0)
LSTM Embedding dimension (100, 300)
LSTM units (64, 128, 30)
Learning rate (0.0001,0.1)
Batch size (16, 32, 64)
Epochs (10, 300)

Afterward, the researchers performed a final validation using five-fold cross-validation,

repeated ten times for each model, resulting in 50 estimations of MSE, for the models con-
sidered in this study. This enabled the comparison of the mean squared error (MSE) and
variance between the models, ensuring assessing the models’ ability to generalize across
different subsets of the data.

The criteria for selecting the model included the use of MSE, making it suitable for

gradient-based optimization algorithms. Although MSE is a common choice for regression
problems, this study aimed to identify the main topics to understand how students make
trade-off decisions in the context of design engineering. To address this, tailored metrics
for these purposes were created, considering the following:

Exact matches (EMs): The top three topics are the same and in the same order.
Unordered matches (UMs): Top three topics are the same but in any order.

Highest topic matches (HTMs): Whether the main topic appears in the top three
predicted topics.

Proportion of highest topic matches (PHTMs): Frequency of the main topic appearing
in the predictions.

Two of three matches (TTMs: At least two of the top three predicted topics match the
actual labels.

Main topic accuracy (MTA): The first topic prediction matches the actual topic.

As an illustration Table 2 of how the results and the evaluation for one instance:

Table 2. Model prediction example.

Top 1

Top 2 Top 3

Test Set Design and space efficiency ~ Energy efficiency and conservation =~ Environmental considerations

Model prediction

Design and space efficiency ~ Energy efficiency and conservation =~ Environmental considerations

From this evaluation, tailored metrics were used to select the best model. Then,

an account of the predictions in the validation set was made for each component of the
argumentation framework (i.e., claim, evidence, reasoning).
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2.4. Qualitative Analysis: Supervised and Unsupervised Approaches in Topic Modeling

Combining analytical models with qualitative analysis is essential to evaluate the
reliability of predictions over the validation set. Both the LDA and the supervised model
predicted the same 100 instances—not previously seen by the supervised model—for the
three sections of the argumentation framework: argument prediction (claim), observation
(evidence), and justification (reasoning).

For each document, the predicted topic proportions were sorted in descending order
to identify the top three topics. Researchers then manually validated each model and
component of the argumentation framework, annotating the number of topics for the top
three predicted topics for each answer. This process was repeated for both approaches.
A second researcher conducted an additional evaluation to ensure objectivity, achieving
substantial agreement with a kappa statistic of 0.80, according to the Landis and Koch
benchmark scale [69]. Any minor discrepancies were resolved through discussion until a
consensus was reached.

The topics were analyzed in detail to understand how the models distributed the top
three topics for each column. This analysis aimed to determine alignment with previous
studies on content and students’ topics during argumentation. The comparison between
the models provided insight into these alignments. Following this, the accuracy of hu-
man validation was checked to understand why one approach might be preferable and
its benefits.

3. Trustworthiness, Validity, and Reliability

This study looked after the consistency and agreement between the two researchers
who performed the analysis. A Ph.D. student with expertise in systems engineering, data
analytics, and engineering education and a visiting scholar with expertise in industrial
engineering and data analytics conducted together the data analysis process to ensure
the inter-rater reliability of this study. The two researchers worked together through
regular weekly meetings. Using a consensus approach, the two researchers independently
analyzed the results for each model utilized in this study and then met to reflect on and
discuss them, ensuring consistency in the analysis and resolving any discrepancies in the
interpretations—for example, researchers manually evaluated the top three automated
emerging topics for models XGBoost and LDA, each analyzing the alignment of each theme
for 100 instances for each stage of the argumentation framework, resulting in analysis for
both models of 600 instances for claim, evidence, and reasoning. The inter-rater reliability
was assessed using Cohen’s kappa [70]. With an overall kappa of 0.80, the researchers
achieved a substantial agreement between them across all results, showing a high level of
consistency and reliability in their ratings. Moreover, through the regular weekly meetings,
the two researchers engaged in reflexivity to enhance the trustworthiness of this study by
reflecting on potential biases in the resulting interpretations and further analyses.

4. Results
4.1. Differences between Supervised and Unsupervised Approaches
4.1.1. Supervised Models

The results obtained from the supervised models are summarized in Table 3. This table
presents a comparison between the three actual main topics and the three main predicted
topics for each model. The models demonstrate strong performance, with low mean
squared error (MSE) values indicating accurate predictions. However, to fully understand
each model’s capabilities, we need to delve into more tailored metrics.

The highest topic match (HTM) metric evaluates how accurately the model identifies
the most prominent topic. XGBoost achieved a perfect score with 100%, the highest topic
matches, followed closely by random forest with 98.31%. LSTM attained 93.22%, and
LGBM followed with 96.61%. This highlights the robustness of these models in capturing
the dominant topics within the data.
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Table 3. Supervised model performance comparison for the top three topics.

Model

Best Parameters

Metrics

Random forest

Number of estimators = 76,
Maximum depth = 20,

Maximum features = ‘sqrt’,
Minimum samples leaf = 4

Mean squared error: 0.0037

Exact matches: 0.4576

Unordered matches: 0.7288

Highest topic matches: 58 out of 59 predictions
Proportion of highest topic matches: 0.9831
Two of three matches: 1.0000

Main topic accuracy: 0.7119

LGBM

Number of trees = 210,
Maximum depth = 3,
Number of leaves = 31,
Learning rate = 0.01,
Estimator subsample: 0.7,
Colsamplepytree = 0.9

Mean squared error: 0.0070

Exact matches: 0.2373

Unordered matches: 0.4407

Highest Topic matches: 55 out of 59 predictions
Proportion of highest topic matches: 0.9322
Two of three matches: 0.9661

Main topic accuracy: 0.5763

XGBoost

Number of estimators = 80,
Maximum depth =3,
Learning rate = 0.1,
Estimator subsample = 0.7,
Colsamplepytree = 0.8

Mean squared error: 0.0004

Exact matches: 0.5085

Unordered matches: 0.8475

Highest topic matches: 59 out of 59 predictions
Proportion of highest topic matches: 1.0000
Two of three matches: 1.0000

Main topic accuracy: 0.8475

RNN: LSTM

LSTM units = 256,
Learning rate = 0.001,
Epochs = 10,
Embedding dim = 300,
Batch size = 64

Mean squared error: 0.0069

Exact matches: 0.1864

Unordered matches: 0.3559

Highest topic matches: 58 out of 59 predictions
Proportion of highest topic matches: 0.9831
Two of three matches: 0.9831

Main topic accuracy: 0.5593

SVM

C =1.0098,
degree = 4,
kernel = ‘sigmoid’

Mean squared error: 0.0099

Exact matches: 0.1695

Unordered matches: 0.3051

Highest topic matches: 51 out of 59 predictions
Proportion of highest topic matches: 0.8644
Two of three matches: 0.9661

Main topic accuracy: 0.5254

KNN

Number of neighbors =17,
Weights = uniform,
Algorithm = ‘auto’

Leaf Size =5

Mean squared error: 0.0147

Exact matches: 0.0508

Unordered matches: 0.1864

Highest topic matches: 39 out of 59 predictions
Proportion of highest topic matches: 0.6610
Two of three matches: 0.8136

Main topic accuracy: 0.2881

The exact match rate (EMR) and unordered match rate (UMR) are critical for assessing
how well models predict both the correct topics and their order. XGBoost performed best
with an exact match rate of 50.85% and an unordered match rate of 84.75%. This indicates
XGBoost’s strong ability to accurately identify all three main topics in their correct order
or identify the correct topics regardless of order. In contrast, LSTM using RNN showed
lower performance, with an exact match rate of 18.64% and an unordered match rate
of 35.59%, suggesting it struggled to predict all three topics and their order accurately,
although it could identify individual topics reasonably well. Figure 4 illustrates a radar
chart comparing the performance of the top three topics across the supervised models
analyzed in this manuscript.
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RNN: LSTM

Figure 4. Radar chart of the performance comparison among the supervised models.

Apart from performance metrics, considerations such as computational efficiency
and interpretability are important when choosing a model. XGBoost stands out for its
high precision and minimal mean squared error (MSE), making it suitable for applications
requiring precise predictions. In contrast, random forest demonstrates robust performance
overall, emphasizing generalizability and accurate topic identification. Simpler models
like SVM offer clear interpretative insights, which are valuable in contexts where under-
standing predictions is essential. Additionally, hybrid approaches and advanced ensemble
techniques present promising avenues for improving predictive capabilities further.

4.1.2. Unsupervised Model: Latent Dirichlet allocation (LDA)

The LDA model identified six as the optimal number of topics for the argumentation
framework, as depicted in Figure 3. This figure illustrates coherence scores for different
topic numbers, with the highest score observed for six topics. Table 4 summarizes the
themes identified by the LDA model across the entire corpus. For each topic, the table
includes a prominent example, its corresponding 20 words, and its weight, providing a
comprehensive overview of the main themes identified by the model.

Table 4. Labeling topics: interpretation.

Label Topic Weight Top 20 Words Representative Quotes

energy, solar, panel, home, decrease, “The addition of more trees around the home
Energy efficiency and house, net, window, incr.ease, h?at, is beneficial and inicreases energy efficiency

. 0.12571 cost, tree, amount, roof, increasing, because they provide shade to the home

conservation . . . . . . .

annual, size, electrical, efficiency, when you need it. Because of this, this lowers

consumption A/C costs over the year.”

energy, south, house, side, roof, sun, “Hip roof is better because it has more area
Solar energy 0.26446 window, winter, sunlight, solar, cost,  facing toward the sun compared to regular
positioning and costs ’ facing, time, panel, area, reduce, roof. Reducing the total area of the house can

block, summer, large, heating reduce the total cost of the house.”
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Table 4. Cont.

Label Topic Weight Top 20 Words Representative Quotes
SOIalj' housg, energy, sun, panel, “More solar panels will include more solar
Solar energy sunlight, window, roof, tree, south, . .
. 0.21765 . - cells so more sunlight can hit the surface to
generation leaf, summer, light, radiation, angle, .
g . : create energy.
generate, heat, directly, facing, winter
cost, house, solar, panel, make, " . . .
. . . Lowering the walls will bring down the
. budget, high, wall, side, sunlight, . . .
Economical : . . price because there is less material and thus
. . 0.07336 foundation, time, order, money, idea, s .
considerations . : make living in the house cheaper as there is
energy, adding, space, expensive, ”
less cost to cover.
made
solar, energy, house, sun, east, west, “Having solar panels on those sides of the
south, panel, sunlight, window, side,  house will produce more energy because
Solar panel placement . . .
. 0.15969 day, heating, heat, tree, receive, when solar panels face the sun, they gain
and solar heat gain ; . - .
northern, direct, hemisphere, more energy from solar radiation and is
radiation converted into energy.”
“This should keep all hot and cold air in and
shield from the opposite outside. That
house, energy, heat, winter, air, should reduce the amount of AC and heat
Insulation and thermal window, amount, summer, reduce, the house uses. Shade from the windows
consideration in 0.18272 temperature, cool, heating, sunlight, should help with cooling in the summer. The

seasons

insulation, wall, adding, net, side,
cold, tree

amount of energy to heat and cool the house
should be reduced because of the reduction

of escape points. The insulation should work
the same way as for the windows and walls.”

Following a consensus on the preliminary findings, thematic interpretations emerged
regarding the integration of solar energy and energy conservation in residential settings.
These themes focus on optimizing energy efficiency while addressing economic and thermal
comfort concerns. Specifically, the LDA model identified the following themes related to
building energy-efficient homes:

¢ Energy efficiency and conservation: This theme focuses on energy efficiency in homes,
including aspects such as solar panels, windows, heat, and costs. The frequent men-
tion of terms like “decrease”, “increase”, “annual”, “electrical”, and “consumption”
suggests a strong focus on improving energy efficiency and managing energy con-
sumption in households.

*  Solar energy positioning and costs: This theme centers around the positioning of

”, “roof”) to maximize sunlight

elements in houses (e.g., “south”, “side”, “window”,
7, “summer”). It also touches on

exposure, particularly in different seasons (“winter”,
the costs associated with solar energy.

*  Solar energy generation: This theme emphasizes solar energy generation, focusing
on aspects like sunlight, panels, roofs, and trees. It also considers seasonal changes
(“summer”, “winter”) and the importance of angle and radiation for effective solar
energy generation.

*  Economical considerations: This theme revolves around the financial aspects of in-
stalling solar panels, such as cost, budget, and expenses. It also considers structural
elements like walls and foundations.

*  Solar panel placement and solar heat gain: This theme deals with the placement of
solar panels on different sides of a house (e.g., “east”, “west”, “south”) to maximize
sunlight exposure throughout the day. It also mentions heating and direct sunlight,
which are crucial for effective solar energy usage.

* Insulation and thermal consideration in seasons: This theme focuses on managing

energy for heating and cooling throughout different seasons (“winter”, “summer”).
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It mentions elements like insulation, windows, and temperature control to reduce
energy consumption and maintain comfort in homes.

The results demonstrate how effectively LDA can uncover latent topics within student
responses, revealing the underlying themes and patterns in their thinking. This outcome
supports the understanding of how students approach tasks related to building energy-
efficient homes and how they make informed trade-off decisions. The transitions between
topics are nuanced, indicating the understanding and application of engineering design
concepts integrating scientific and non-scientific considerations.

These findings underscore the need to combine quantitative and qualitative analyses
to validate and interpret LDA results, ensuring a comprehensive understanding of themes
in student responses. The comparison between the LDA model and the supervised machine
learning model will further highlight the strengths and limitations of each approach. This
comparison is essential for determining the most effective method consistent with the goals,
for analyzing student responses in this educational context.

4.2. Qualitative Results: Supervised and Unsupervised Approaches in Topic Modeling

The researchers conducted a qualitative evaluation to assess the model’s reliability
in accurately identifying and predicting topics across new documents. This involved
annotating each instance (i.e., design journal) to determine the alignment with the student’s
claimed text across the three stages of the argumentation framework. They categorized
the analysis into agreement (three out of three), partial agreement (two out of three), and
disagreement (one out of three) levels.

Inter-rater reliability was carefully considered to ensure consistency and agreement
between two researchers conducting a qualitative evaluation. They followed a predefined
protocol to independently assess the performance of LDA and XGBoost models across
100 instances within the argumentation framework. This involved evaluating how well the
top three predicted topics aligned with the text for each instance, totaling 600 evaluations.
Through regular discussions and reflection on discrepancies in their interpretations, the
researchers maintained clarity in their qualitative evaluation process and criteria. The
agreement between the two researchers was substantial, resulting in 83% agreement for
LDA and 75% for XGBoost in the argue prediction stage, 75% for LDA and 73% for XGBoost
in the observation stage, and 86% for LDA and 83% for XGBoost in the justification stage.
These findings are detailed comprehensively in Table 5, which provides a comparative
overview of how LDA and XGBoost performed in identifying topics across claim, evidence,
and reasoning aspects of the argumentation framework.

Table 5. Topic identification results for LDA and XGBoost in the top three topics.

Argue Observation Justification
Model
30f3 20f3 10of3 30f3 20f3 10f3 30f3 20f3 1o0f3
LDA 71.0%  27.0%  20%  775% 193%  31% 593 % 37.50% 0.31%

XGBoost  65.6%  323%  2.02% 775%  204%  2.04%  40.6%  55.2% 4.1%

From the results illustrated in Table 5, the following analysis is made for each compo-
nent of the argumentation framework:
* Argue category:

- LDA achieves higher percentages in identifying three out of three topics (71.0%)
compared to XGBoost (65.0%), indicating better performance in comprehensive
topic coverage.

- XGBoost demonstrates a notable difference in identifying two out of three topics,
showing better performance with 32.0% vs. 27.0% for LDA, and also performs
slightly better in identifying one out of three topics (3.0% vs. 2.0% for LDA).
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Argumentation Framework

Argue

Observation

Justification

Observation category:

Both models show similar performance through all three metrics, in identifying
three out of three topics is identical with (77.5%).

XGBoost excels in identifying two out of three topics (67.7% vs. 46.5% for LDA)
but slightly underperforms in identifying one out of three topics (8.1% vs. 5.1%
for LDA).

XGBoost correctly identifies none of the topics (zero out of three) in this category,
whereas LDA identifies 2.0%.

Justification category:

LDA demonstrates superior performance in identifying three out of three topics
(59.3%) compared to XGBoost (23.2%).

XGBoost excels in identifying two out of three topics (55.2% vs. 37.5% for LDA)
but slightly underperforms in identifying one out of three topics (8.1% vs. 5.1%
for LDA).

The findings underscore LDA's capability to encompass a diverse array of topics within
argumentative texts, whereas XGBoost demonstrates proficiency in precisely identifying
specific topics, especially in observational contexts. Visual representations through bubble
charts (see Figures 5 and 6) effectively illustrate the distribution of the top three topics
identified by each model. Topics are color-coded and grouped along the y-axis across the
argumentation framework’s three sections. The x-axis denotes proportions, with bubble size
correlating to the frequency of each topic as the predominant focus. These visualizations
provide clear insights into how LDA and XGBoost perform in topic identification across
different stages of argumentation, enhancing understanding of their respective strengths in
textual analysis.

Top three topic predictions of LDA with qualitative validation

1%

0%

3%

4%

7%

Topic
Solar Energy Positioning and Costs
Insulation and thermal considerations in seasons
Solar Energy Generation
8% Economical considerations
12% Energy Efficiency and Conservation
66% Solar Panel Placement and solar heat gain

Proportion of times as Topic 1:

—
11% ™
Top 1%
21%

59%

&

54%

20% 25% 30% 35%

Topic general proportion in the top three

Figure 5. Top three topic predictions of LDA with qualitative validation.
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Argumentation Framework

Argue

Observation

Justification

Top three topic predictions of XGBoost with qualitative validation

0%

5%

Topic
0% Energy Efficiency and Conservation
Design and Space Efficiency
Insulation and Thermal Regulation
4% Environmental Considerations

18" Economic Censiderations
76%

Proportion of times as Topic 1:

16% g
0% Top 1%
11%

23%

0%

48%

26%

52%
8%
13%

10% 15% 20% 25% 30%

Topic general proportion in the top three
Figure 6. Top three topic predictions of XGBoost with qualitative validation.

4.2.1. LDA Argumentation Framework

Figure 5 illustrates the proportion of categories across different segments. The top
three topics closely align with Mallet’s output probabilities. Solar energy positioning
and costs dominate, appearing 31% of the time and ranking highest in LDA at 26%. This
category focuses on optimizing sunlight exposure through strategic placement. Solar energy
generation follows at 23%. This pattern holds consistently across the observation and
justification stages, with only a one-percentage point gap, highlighting their significance
throughout the argumentation framework.

An example showcasing the prominence of solar energy positioning and generation,
alongside insulation, is illustrated in the fragmented quote. It highlights strategic solar
panel placement for energy capture and window positioning to manage sunlight, consider-
ing external factors like trees for cooling in summer and solar heating in winter. Table 6
depicts the representative quotes illustrated in the previous example.

Table 6. Representative quotes for LDA.

Topics Order Quote

Solar energy positioning and ~ “Solar panels on the roof generate more energy because they are

costs closer to the sun and thus have a higher chance to get more cover-
age.”

Solar energy generation “Solar panels facing the south will generate more electrical energy
because they receive more energy from the sun.”

Insulation and thermal con- “Trees outside the windows will make the summer times colder in

siderations in seasons the house due to lack of sunlight and make the house warmer in

the winter due to the excess of sunlight coming into the house.”

Patterns in the results are notable. Energy efficiency and conservation showed a
significant increase from 11% in the argue prediction stage to 20% in the observation stage
before declining, highlighting a strong focus on this topic during observational analysis.
Economic considerations, addressing budget discussions and cost fluctuations, consistently



Big Data Cogn. Comput. 2024, 8,132

19 of 27

appeared at around 12% across all three components of the argumentation framework.
While overlapping with cost discussions, economic considerations emphasize broader
savings and perspectives rather than specific elements.

The dominant topic strongly correlated with overall proportions. Solar energy posi-
tioning and costs dominated over solar energy generation, particularly noticeable in the
justification stage where Topic 1 held a substantial thirty percentage point lead despite
a narrow 1% difference in general proportion. In the argue prediction stage, students
predominantly focused on solar energy positioning and costs, with insulation as the second
main topic, highlighting its significance in their arguments despite ranking third overall.

4.2.2. XGBoost Argumentation Framework

Figure 6 summarizes the validation results of XGBoost predictions, emphasizing the
need for cautious interpretation due to small train and test set sizes (50 and 20 instances,
respectively). Efficiency and conservation emerged as the primary theme, starting promi-
nently at 76% in the argue prediction stage, decreasing to 48% in the observation stage, and
further to 13% overall while remaining top-ranked despite the decline. Design and space
efficiency closely followed, initially at 32% and gradually decreasing to 12% by the justifi-
cation stage. Environmental considerations, initially significant, declined in prominence
across the argumentation and observation stages, showing a decrease in justification.

These findings highlight the dynamic nature of the topic prominence across the dif-
ferent stages of the argumentation framework within the XGBoost predictions. While
efficiency and conservation maintained a strong presence throughout, other themes like
design and space efficiency and environmental considerations showed varied levels of
prominence, reflecting shifts in focus as arguments progressed through their justifica-
tion stages.

Figure 6 illustrates how topic proportions change across different stages of the argu-
mentation framework. While design and space efficiency decrease notably, several other
topics follow an opposite trend, indicating a strong connection between the argumentation
stage and the importance of specific topics.

For example, economic considerations start at 12% in argue prediction and steadily
increase in prominence, reaching 16% in the observation stage and notably increasing then
to 26% in the justification stage. This rise positions economic considerations closely behind
energy efficiency and conservation, representing nearly one-third of the topics identified as
Topic 1. A similar trend is observed with insulation and thermal consideration, which also
rises from 12% in the argue prediction stage to nearly one-third of the topic distribution,
becoming the dominant Topic 1.

This increase in economic considerations and decrease in energy efficiency can be seen
in the next randomly chosen instance within the justification stage where the model pre-
dicted “economic considerations.” Although the predominance of economic factors in trade-
off decision-making is apparent, this predominance is more evident in the justification stage,
in contrast to the energy efficiency and conservation considerations, which were much less
evident in the observation and justification stages than in the argue prediction stage.

The correlation with findings from the base study [7] is evident. Material selection
and construction consistently failed to rank among the top three topics, likely due to its
minimal representation in the training set at only 7%. Environmental consideration, while
not dominant, remained significant in the argue prediction and observation stages. In the
justification stage, themes like economic consideration, insulation and thermal regulation,
and energy efficiency and conservation took prominence.

Comparing both models, LDA offered detailed insights with specific word outputs,
while XGBoost benefited from supervised learning’s interpretative advantages, potentially
enhancing accuracy. Both models converged on topics such as economic consideration,
energy efficiency and conservation, and insulation and thermal regulation. However,
distinctions arose in topics like solar energy positioning and costs, closely linked to dis-



Big Data Cogn. Comput. 2024, 8,132

20 of 27

cussions on design and space efficiency, focusing on housing specifics. Table 7 depicts the
representative quotes illustrated in the previous example.

Table 7. Representative quotes for XGBoost.

Topics Order

Quote

Energy efficiency and conser-
vation, insulation and ther-
mal regulation, economic
considerations

“Adding a source of power to a house that lacks any will drasti-
cally lower the annual energy cost, because having more energy
naturally provided will lead to less energy consumed. Raising
the roof will help lower energy cost because heat rises, so raising
the roof will help contain the heat and lower energy consumption.
Increasing window size will decrease annual energy cost because
more sunlight will get in, which will provide more heat in the
winter months. Increasing the insulation R-value will decrease
annual energy cost because the house will be better at maintaining
its internal temperature, which will lead to less heat and A/C
being used.”

Insulation and thermal reg-
ulation, economic considera-
tions, design and space effi-
ciency

“Adding the solar panels drastically lowered the annual energy
cost. Raising the roof did the opposite of what I expected and
upped the energy consumption. Increasing the window size did
decrease the annual energy cost, but only slightly. Increasing the

insulation R value drastically lowered annual energy cost.”

Economic considerations, in-
sulation and thermal regula-
tion, energy efficiency and
conservation

“Solar panels generated a lot of energy, especially compared to
no solar panels, because solar panels use energy from sunlight to
make electricity that can be used to lower the energy cost. Raising
the roof upped the energy consumption because it caused more
space to heat, which will lead the heater to work harder to heat
the same amount of living space. Increasing the window size
did decrease the annual energy cost, but only slightly because
the winter energy consumption dropped, but energy consumption
increased in the summer which only led to marginal improvements.
Increasing the insulation R value drastically lowered annual energy
cost because the house better maintained its internal temperature,
meaning that less heat and A/C were used. A/C and heat were
the two sources taking up energy, and lowering them minimally
over one day built up over the year.”

Table 8 illustrates topic predictions across stages of the argumentation framework.
Both models identify “solar energy positioning and costs” as primary, with XGBoost also
associating it with “design and space efficiency.” These included discussions on optimiz-
ing solar panels and window placement for energy efficiency, impacting conservation
strategies like using sunlight for heating and maximizing electricity generation, even in
winter conditions. This showcases the models’ effectiveness in identifying and interpreting
pertinent topics.

Table 8. Average differences in the proportions of the top three topics.

Argue Observation Justification
Model
1-2 2-3 1-3 1-2 2-3 1-3 1-2 2-3 1-3
LDA 15.03%  8.45%  23.48% 24.28% 10.79% 35.07% 14.08% 8.71%  22.80%
XGBoost  5.33%  6.20% 11.53% 575%  528% 11.04% 5.14% 4.75%  9.89%

Another important aspect to highlight is the proportion of topics identified by each
model. Table 8 provides a summary of the average differences in the proportions of the top
three topics, which are important for distinguishing between the models. These differences
show statistical significance, indicating that the models vary significantly in how they
prioritize and allocate importance to different topics. There is statistical significance,
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determined by a p-value lower than 0.05 (p-value < 0.05) from a t-test of mean differences
using t-Student, the assumptions over normality are assumed by the central limit theorem,
underscores the distinct approaches and outputs of each model in topic identification
and prioritization.

In the observation stage, LDA consistently highlighted “solar energy positioning and
costs”, while XGBoost shifted the focus to “energy efficiency and conservation.” XGBoost
introduced “economic consideration”, citing cost reduction benefits from energy strategies.
In the justification stage, both models emphasized “economic considerations”, with LDA
correctly noting “solar energy generation”, supported by quotes on increased solar panel
energy production. Table 9 depicts the representative quotes supporting this claim.

Table 9. Representative quotes for LDA and XGBoost.

Model Topic 1 Topic 2 Topic 3 Quote
Claim
“Solar panels on the south side of the roof
Solar ener generate more electricity because they are
LDA ositioning};m d Solar energy Energy efficiency exposed to the sun more throughout the day and
}c)os ts & generation and conservation convert the sunlight to electrical energy. Making
the windows on the south side of the house larger
will allow more sunlight in during the winter and
XGBoost Energy efficiency Design and space Environmental let the sunlight warm the house more instead of
and conservation efficiency considerations using power on the heater.”
Observation
Solar energy . )
LDA positioning and Energy eff1c1er.1cy Solar energy “Solar panels on the south side caused the annual
costs and conservation generation energy cost of the house to decrease. Larger
— - - windows on the south side of the house caused
XGBoost Energy efficiency Economic Insulation and the energy cost of the house to decrease.”
and conservation considerations thermal regulation
Justification
“The solar panels generated more energy because
. - when they are exposed to the sun more, they
Solar energy Economic Energy efficiency . .
LDA . . . . received more sunlight and converted more
generation considerations and conservation . .
energy to electrical energy. The larger windows
saved energy because the house was able to be
Economic Energy efficiency Insulation and warmed more from the sun in the winter, which
XGBoost . . . . : ”
considerations and conservation thermal regulation ~ saved energy from being spent on the heater.

The findings underscore the dynamic evolution of the topic’s importance across
argumentation stages, starting with a strong emphasis on design and space efficiency and
transitioning towards economic considerations in final justifications. The bubble charts in
Figures 5 and 6 illustrate these shifts, with XGBoost’s insights from the training set offering
clearer distinctions. Particularly, supervised models provided a nuanced understanding of
how students navigated between topics, enriching qualitative insights and highlighting the
evolving focus throughout the argumentation process.

5. Discussion
5.1. Comparison of Supervised and Unsupervised Approaches in Terms of Coverage and
Computational Efficiency

The results suggest that both unsupervised and supervised approaches effectively
identify nuanced topics within the argumentation framework. Specifically, latent Dirichlet
allocation (LDA) reveals six distinct themes that elucidate aspects of building energy-
efficient homes. These themes offer valuable insights into students” understanding and
application of scientific knowledge and other non-scientific considerations (e.g., economic
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considerations) in engineering design. This finding highlights the importance of employing
both unsupervised and supervised methods in educational research, particularly in the
context of engineering design. The six distinct themes identified by LDA not only reflect
students’ grasp of technical concepts related to energy-efficient homes but also underscore
their ability to integrate economic factors into their design processes. By recognizing these
themes, educators can tailor their instructional strategies to address both the scientific
and practical aspects of engineering, fostering a more holistic understanding among stu-
dents [71]. Furthermore, the insights gained from this analysis can inform curriculum
development, ensuring that students are equipped with the necessary skills to navigate the
complexities of real-world engineering challenges, where both technical knowledge and
economic viability are crucial for successful outcomes. This dual approach can ultimately
enhance students’ critical thinking and problem-solving abilities, preparing them for future
roles in sustainable design and engineering practices [72]. Moreover, this dual-method
approach helps uncover nuanced insights that might be missed when relying on a single
method. For instance, while unsupervised methods like LDA reveal emerging themes
and patterns, supervised methods can validate these findings and explore their practical
implications more deeply.

A compelling finding of this study is that it achieves high performance in classifying
documents as mixtures of topics, surpassing previous single-topic or binary classification
studies. Qualitative evaluation confirms reliability, with both models correctly identifying
two out of three topics in about 87% of instances and all three topics in approximately 70%
of documents. Another notable finding is XGBoost’s accurate prediction of proportions
across argumentation framework segments, providing insights into topic fluctuations
and overall behavior. Surprisingly, LDA does not depict this transition as clearly as
XGBoost [73]. However, given the small sample size, caution must be applied, as these
findings might not be reproducible on a larger scale or across unseen applications.

XGBoost’s detailed prediction of topic proportions across different segments of the
argumentation framework offers valuable insights into the dynamic nature of topic distribu-
tion, shedding light on how topics evolve and interact within documents [35]. In contrast,
while LDA provides a broad overview of topic distribution, its less detailed depiction
of transitions between topics suggests limitations in capturing the finer aspects of topic
changes [73].

These findings underscore the effectiveness of ensemble methods like XGBoost and
random forest in predicting topic proportions and identifying representative topics, crucial
for integrating quantitative and qualitative methods in teaching applications [74]. While
these methods offer superior predictive accuracy and robustness, the suitability of different
models should align with specific application needs. Moreover, the effectiveness of ensem-
ble methods such as XGBoost and random forest highlights their potential as powerful
tools for educators seeking to analyze student responses more effectively. By leveraging
these advanced algorithms, educators can gain deeper insights into the nuances of student
arguments, which can inform instructional design and curriculum development. Future
research could explore hybrid and advanced ensemble techniques to enhance predictive
performance while preserving interpretability.

5.2. Comparison of Supervised and Unsupervised Approaches in Terms of Interpretability

The findings from both models offer valuable insights for educators. The clear transi-
tion of topics identified by XGBoost can help educators understand how students” focus
shifts throughout the argumentation process. This understanding can inform the design
of instructional strategies that support students in making more coherent and logically
structured arguments. Additionally, the emphasis on economic considerations highlights
the importance of integrating cost-benefit analysis into the curriculum. Thus, instructors
can use these insights to design activities that encourage students to consider both technical
and economic aspects of their design decisions [75].
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The combination of LDA and XGBoost provides a comprehensive view of student
argumentation, revealing both the prevalent topics and the transitions between them.
These insights can be used to enhance educational practices and better support students in
developing robust and well-rounded arguments [76]. In fact, since supervised models are
trained with predefined classes or results, they help reveal how different topics interact
with student outcomes. On the other hand, unsupervised approaches, such as LDA, do not
rely on predefined categories. Thus, despite LDA can reveal different topics that students
discuss as part of their argumentation process, it may not clearly show how these topics
are connected or how students shift their focus. For instance, while LDA can show that
“sustainability” is a prevalent theme, it might not clarify whether discussions transition to
“economic factors” [77]. Furthermore, although LDA identifies various topics, the lack of
predefined categories can result in less precise insights [25], as it can make hard to explain
how important or semantically relevant each theme is as well as a supervised model would.

Hence, when comparing supervised and unsupervised approaches for topic model-
ing, supervised methods generally offer clearer and more precise insights. For instance,
XGBoost as a supervised method can track how students shift from one topic to another
during their argumentation, such as moving from technical design considerations to eco-
nomic implications [78]. While unsupervised models are good at identifying a range of
topics, they often lack the precision in quantifying the prevalence or importance of these
themes compared to supervised models. Therefore, the results support the idea that while
unsupervised models are useful for discovering main themes, a deeper qualitative analysis
or a combination of both supervised and unsupervised methods with manual qualitative
analysis is needed. Consequently, this approach can help provide a more comprehensive
and interpretable understanding of how student argumentation progresses across the
argumentation framework [75].

6. Conclusions

This research demonstrates the potential of using LDA to uncover latent themes in stu-
dent responses and compares it with the effectiveness of supervised learning methods. The
insights gained from this analysis can inform educational strategies and support the devel-
opment of more effective and sustainable building practices. By exploring interpretability
techniques in future work, researchers can further enhance the utility and transparency of
these models in practical applications. Nevertheless, the inter-rater reliability achieved by
the researchers, with a Cohen’s Kappa of 0.80, indicates consistency and reliability in the
analysis and interpretation, reinforcing the trustworthiness of the findings and suggesting
that the methodologies employed can be replicated in future studies.

In addition, this study provides a comprehensive analysis of students’ responses to
building energy-efficient homes using both latent Dirichlet allocation (LDA) and supervised
learning methods. The six themes identified through LDA offer valuable insights into
the key aspects of sustainable residential construction, including energy efficiency, solar
energy utilization, and economic considerations. The comparison between LDA and
supervised learning methods highlights the complementary strengths of unsupervised and
supervised approaches in understanding and categorizing student responses. Therefore, by
utilizing both unsupervised techniques like LDA and supervised machine learning models,
the analysis can reveal nuanced /hidden themes and patterns that traditional qualitative
methods might overlook. This approach not only helps identify emerging topics but also
provides a structured framework for interpreting qualitative data, significantly improving
the reliability and accuracy of the findings. However, it is important to acknowledge
the challenge of semantically incoherent topics that may arise, particularly when text
responses are brief or lack sufficient depth and context for effective thematic analysis. In
these cases, models may struggle to identify meaningful patterns, leading to less coherent
and interpretable topics. Moreover, the performance of machine learning models can
vary significantly across different datasets. Hence, a hybrid approach combining manual
qualitative review with computational methods offers a more nuanced understanding of
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the data. This approach enhances the overall quality and interpretability of the findings by
ensuring that the identified topics are coherent and meaningful, while also validating and
enriching the themes identified through computational techniques.

From a computational perspective, supervised and unsupervised approaches differ
in coverage, efficiency, and interpretability. Supervised methods use labeled data, which
restricts coverage to predefined topics and can be computationally intensive. In contrast,
unsupervised methods are more flexible, covering a broader range of topics without need-
ing labels and generally requiring less computation. However, in terms of interpretability,
supervised methods are often clearer because topics are associated with specific labels,
making their meaning easier to understand. Unsupervised methods, on the other hand,
rely on data patterns without predefined labels, which makes it harder to interpret the
meaning of emerging topics.

While this study provides valuable insights into topic interpretation using key terms
and expert knowledge, some questions remain about the interpretability of supervised
models. Nevertheless, future research could enhance interpretability using techniques
like SHAP (SHapley Additive explanations) and LIME (local interpretable model-agnostic
explanations). These methods can provide deeper insights into how supervised models
make decisions for each instance, increasing transparency and trustworthiness. This
approach has established a procedure to predict topic mixtures and reliably evaluate
documents, supporting teaching processes. Further studies are needed to identify the
specific contributions of predictors to target variables.
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