
R E S E A R CH AR T I C L E

Exploring new depths: Applying machine
learning for the analysis of student
argumentation in chemistry

Paul P. Martin1 | David Kranz1 | Peter Wulff2 |

Nicole Graulich1

1Institute of Chemistry Education, Justus-
Liebig-University, Giessen, Germany
2Physics Education Research, University
of Education, Heidelberg, Germany

Correspondence
Nicole Graulich, Institute of Chemistry
Education, Justus-Liebig-University,
Giessen, Heinrich-Buff-Ring 17, 35392
Giessen, Germany.
Email: nicole.graulich@didaktik.chemie.
uni-giessen.de

Abstract

Constructing arguments is essential in science subjects

like chemistry. For example, students in organic chemis-

try should learn to argue about the plausibility of compet-

ing chemical reactions by including various sources of

evidence and justifying the derived information with rea-

soning. While doing so, students face significant chal-

lenges in coherently structuring their arguments and

integrating chemical concepts. For this reason, a reli-

able assessment of students' argumentation is critical.

However, as arguments are usually presented in open-

ended tasks, scoring assessments manually is resource-

consuming and conceptually difficult. To augment

human diagnostic capabilities, artificial intelligence tech-

niques such as machine learning or natural language

processing offer novel possibilities for an in-depth analysis

of students' argumentation. In this study, we extensively

evaluated students' written arguments about the plausibil-

ity of competing chemical reactions based on a methodo-

logical approach called computational grounded theory.

By using an unsupervised clustering technique, we sought

to evaluate students' argumentation patterns in detail,

providing new insights into the modes of reasoning and
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levels of granularity applied in students' written accounts.

Based on this analysis, we developed a holistic

20-category rubric by combining the data-driven clusters

with a theory-driven framework to automate the analysis

of the identified argumentation patterns. Pre-trained large

language models in conjunction with deep neural net-

works provided almost perfect machine-human score

agreement and well-interpretable results, which under-

pins the potential of the applied state-of-the-art deep

learning techniques in analyzing students' argument com-

plexity. The findings demonstrate an approach to combin-

ing human and computer-based analysis in uncovering

written argumentation.
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1 | INTRODUCTION

In science education, argumentation skills are essential components of critical thinking and
problem-solving (e.g., Driver et al., 2000; Duschl & Osborne, 2002; Erduran et al., 2004;
Faize et al., 2018; Jiménez-Aleixandre & Erduran, 2007). In particular, the ability to con-
struct, justify, and defend an argument based on evidence and reasoning is key to evaluating
scientific hypotheses (Toulmin, 2003). Additionally, a coherent, evidence-based argumenta-
tion allows one to reflect on the quality of arguments, clearly clarify or critique ideas, pro-
pose solutions and alternatives for complex problems, and convince others to accept valid
conclusions (Kuhn, 2010; Kuhn & Udell, 2003). Hence, science education should support
students in developing strong argumentation skills as these skills help students become
more critical and analytical thinkers, facilitating engagement in meaningful discussions
about scientific ideas (Erduran, 2019). By allowing students to practice how to construct
arguments, students can increase the complexity of their written argumentation and acquire
conceptual knowledge (Cetin, 2014; Lieber et al., 2022a, b), which also encourages them to
discuss opposing positions (Chin & Osborne, 2010; Kuhn & Udell, 2003).

Consistent argumentation involves several steps, which include identifying the claim being
made, gathering, evaluating, and weighing evidence to support the claim, justifying the linkage
between claim and evidence with reasoning, and critiquing constructed arguments (e.g., Driver
et al., 2000; Manz, 2016; McNeill et al., 2006; McNeill & Krajcik, 2011; Osborne et al., 2004;
Osborne & Patterson, 2011). However, students often experience challenges in constructing
well-justified arguments (Driver et al., 2000; McNeill & Krajcik, 2011). For instance, students
integrate non-normative ideas in their argumentation (Sampson et al., 2011; Walker
et al., 2019), misinterpret relevant data needed to justify statements (Chinn & Malhotra, 2002),
mix up empirical evidence and personal interpretation (Berland & Reiser, 2009; Jeong
et al., 2007), or neglect sources of uncertainty (Kanari & Millar, 2004; Lee et al., 2014). Students
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experience these challenges in science subjects because they may not have had enough chances
to continuously explore, communicate, interpret, and criticize data in a guided fashion (Driver
et al., 2000; Jiménez-Aleixandre et al., 2000; Newton et al., 1999).

To assess and foster students' argumentation, it seems helpful to integrate open-ended ques-
tions in argumentation-focused, computer-based formative assessments (cf., Kuo & Wu, 2013).
Notably, a formative assessment that aims to capture the strength of an argument needs to be
well-developed (e.g., Liu, 2020). For example, students should be prompted to construct various
evidence-based arguments as well as counterarguments. However, evaluating students'
responses to open-ended questions is resource-consuming when performed by hand (Nehm &
Haertig, 2012; Ullmann, 2019). Emerging computer-based techniques like machine learning
(ML) can be used to efficiently process complex language data (Goldberg, 2017; Jurafsky &
Martin, 2023). Over the last couple of years, this computer-based approach to automatically
analyzing students' responses has been increasingly applied to advance the formative assess-
ment of open-ended items (cf., Martin & Graulich, 2023; Zhai, Haudek, et al., 2020; Zhai, Yin,
et al., 2020). ML can improve teaching and learning by affording data-driven insights into stu-
dents' reasoning, automating the evaluation of formative assessments, tailoring guidance, feed-
back, or exercises to students' needs, and easing longitudinal, large-scale data collection.

In this article, we analyze students' scientific argumentation about the plausibility of competing
chemical reactions by leveraging deep learning, an advanced ML type, following a methodological
approach called computational grounded theory. Precisely, we used pre-trained large language
models built on deep neural networks because they offer novel capabilities in systematically analyz-
ing natural language. With these techniques, we aimed to provide an in-depth analysis of a diverse
set of characteristics present in students' argumentation, like the modes of reasoning (Sevian &
Talanquer, 2014) or the levels of granularity (Bodé et al., 2019; Deng & Flynn, 2021). The objectives
of this study are, accordingly, guided by pedagogical and methodological considerations. The peda-
gogical considerations correspond to the pedagogical feature introduced in Zhai, Yin, et al.'s (2020)
analytical triangle for applying ML in science assessment, while the methodological considerations
cover the technical and validity features proposed in this triangle. To be noted, the term deep learn-
ing refers in this article to an advanced ML type, not to a science learning or instructional approach
as conceptualized in educational psychology (Chin & Brown, 2000; Miller & Krajcik, 2019).

2 | METHODOLOGICAL CONSIDERATIONS

2.1 | ML and NLP basics

In general, ML is a subfield of artificial intelligence focusing on the development of algorithms that
learn from data and make decisions with minimal human intervention (Bishop, 2006;
Mitchell, 1997; Mohri et al., 2012). Following this, ML comprises algorithms that learn automati-
cally from data without being explicitly programmed (Samuel, 1959). ML techniques can be roughly
classified as supervised or unsupervised algorithms: Supervised algorithms are trained on human-
labeled data so that the output to be predicted, the so-called ground truth, is already provided in the
training set. Based on the input–output mapping, the algorithm detects underlying patterns to pre-
dict labels in new data. In turn, unsupervised algorithms do not require labeled training data;
instead, they extract patterns independently. During the last 15 years, the application of ML has sig-
nificantly increased in science education research (cf., Deeva et al., 2021; Gerard et al., 2015;
Martin & Graulich, 2023; Zhai, Haudek, et al., 2020; Zhai, Yin, et al., 2020).
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For analyzing human language, text data needs to be preprocessed first with suitable natural
language processing (NLP) techniques. NLP transforms language data systematically so that
computers can read, analyze, and produce human language. In recent years, numerous techniques
have been developed that enable computers to engage with human language. As a cutting-edge
approach, large language models emerged in the field of NLP. Large language models refer to a spe-
cific type of advanced ML algorithm that is pre-trained on enormous amounts of unlabeled text data
to capture the semantics of the human language (Manning, 2022). For example, the large language
model Bidirectional Encoder Representations from Transformers (BERT) has been developed to
solve NLP problems like text classification (Devlin et al., 2018). Researchers can fine-tune this
model for their domain-specific purposes, for instance, to automatically classify student-written
responses, which is called a downstream task (Ruder, 2019). Practitioners in the field of artificial
intelligence often use BERT for several reasons. First, BERT outperformed other NLP techniques in
analyzing human language (Devlin et al., 2018) because it can process words in relation to each
other, even if they are far apart in a sentence (Taher Pilehvar & Camacho-Collados, 2020). For this
reason, BERT captures the context-dependent meaning of individual words as well as dynamic rela-
tionships between words (Mikolov et al., 2013; Taher Pilehvar & Camacho-Collados, 2020).
Moreover, less data might be required to train an ML model when using BERT as an NLP tech-
nique because the pre-training of BERT on massive text corpora enhances model generalizability
and accuracy. Accordingly, BERT is relatively fast to train, for example, to evaluate students'
responses in science assessment (Dood et al., 2022; Gombert et al., 2022; Winograd, Dood,
Finkenstaedt-Quinn, et al., 2021; Winograd, Dood, Moon, et al., 2021; Wulff, Mientus, et al., 2022).
Furthermore, compared to other large language models such as GPT-4, BERT has the advantage of
being exclusively executable on private devices without outsourcing the research data to third
parties such as private companies.

Since 2018, BERT has formed the template for various large language models with specific
purposes and advantages such as BERT base uncased, BERT large uncased (Devlin et al., 2018),
RoBERTa base, RoBERTa large (Liu et al., 2019), or SciBERT scivocab uncased (Beltagy
et al., 2019). These models work all with the same architecture (cf., Vaswani et al., 2017) but
are trained on different text corpora. BERT is trained on a large corpus of general text provided,
among others, through English Wikipedia (Devlin et al., 2018). RoBERTa (Robustly Optimized
BERT Pretraining Approach) addresses some of the limitations of BERT by training the model
longer on more text data and using dynamic masking, which helps the algorithm focus on the
most relevant words in a sentence (Liu et al., 2019). In contrast, SciBERT (Scientific BERT) is
fine-tuned on a dataset of scientific publications, making it particularly useful for scientific text
classification (Beltagy et al., 2019). Moreover, base models include significantly fewer features
than large models. For instance, BERT base uncased comprises 110 million parameters and
768 hidden layers, while BERT large uncased comprises 340 million parameters and 1024 hid-
den layers (Devlin et al., 2018). Generally, base models seem to be a good trade-off between per-
formance and resource requirements, while large models tend to perform better on a wide
range of tasks, but at the cost of increased computational resources and longer training times.

2.2 | Literature overview on capturing students' argumentation
with ML

ML and NLP offer new possibilities for assessing scientific argumentation because
corresponding techniques analyze language data automatically, enabling the use of open-ended
tasks to capture the whole range of students' proficiency (Harris et al., 2019). Some researchers

4 MARTIN ET AL.|
 10982736, 0, D

ow
nloaded from

 https://onlinelibrary.w
iley.com

/doi/10.1002/tea.21903 by C
ochrane G

erm
any, W

iley O
nline L

ibrary on [01/12/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



have already investigated students' scientific argumentation skills according to a pre-selected
argumentation model while focusing on different aspects. These aspects can be categorized as
establishing design principles (Cheuk, 2021; Cheuk et al., 2019), automating human scoring
(Haudek et al., 2019; Wang et al., 2021), evaluating the validity of ML-based scores (Haudek &
Zhai, 2021; Kaldaras & Haudek, 2022; Wilson et al., 2023), creating fine-grained, individualized,
diagnostic skill profiles (Zhai et al., 2023), and delivering automated personalized feedback
(Huang et al., 2011; Lee et al., 2019, 2021; Mao et al., 2018; Zhu et al., 2017).

Collectively, these studies demonstrate that students' argumentation skills have been analyzed
with different research foci. However, most of the studies have in common that they relied on
supervised techniques to automate the scoring of students' written arguments based on predefined
categories, while unsupervised ML has not been applied to exploratively identify patterns within
the data. Leveraging unsupervised ML to reveal patterns across arguments that might not have been
apparent to a human analyst may, nevertheless, provide a better understanding of the types of argu-
ments students generate and identify areas where they need additional support. Applying
unsupervised ML should not prevent humans from analyzing arguments according to predefined
theory-rich categories but offers the potential to integrate data-driven classifications into research-
informed theoretical frameworks. This, in turn, may extend human diagnostic capabilities and facil-
itate the fine-grained automated evaluation of students' arguments through supervised ML.

3 | STUDY OBJECTIVES

In this study, we applied an approach to analyzing students' written arguments that integrated
theory-driven human interpretation with data-driven deep learning techniques (Carlsen &
Ralund, 2022; Nelson, 2020). With this approach, we envisioned a more fine-grained evaluation of
complex argumentation as we expected to identify intricate argumentation patterns. Following this,
the study objectives are pedagogical and methodological in nature. From a pedagogical point of
view, we combined unsupervised techniques with human interpretation to explore novel character-
istics that might appear in students' argumentation about chemical reactions, such as the modes of
reasoning (Sevian & Talanquer, 2014) or the levels of granularity (Bodé et al., 2019; Deng &
Flynn, 2021). From a methodological point of view, we aligned the data-driven results with theory-
driven considerations to establish a transparent and interpretable deep learning architecture capable
of accurately assessing students' argumentation across different chemical reactions.

Taken together, we aimed to provide a more fine-grained analysis of additional patterns in stu-
dents' written argumentation by applying deep learning methodology. Such an in-depth analysis
may be more appropriate for the long-term goal of supporting students longitudinally in ML-based
instructional settings as feedback and exercises can be better adapted to students' learning needs
(e.g., Donnelly et al., 2015; Dood et al., 2020a, b; Lim et al., 2023; Sailer et al., 2023; Tansomboon
et al., 2017; Vitale et al., 2016; Watts et al., 2023a). We hypothesized that deep learning has the
potential to uncover additional facets in students' argumentation as it can evaluate complex text
data while representing intricate relations (cf., Hern�andez-Blanco et al., 2019).

3.1 | Research questions

The study is guided by four research questions (RQs), which reflect the four steps of computa-
tional grounded theory (Figure 2) and can be divided according to the pedagogical or methodo-
logical focus.
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Pedagogical focus:

1. What argumentation patterns can be uncovered by integrating unsupervised deep learning
with human interpretation?

2. What modes of reasoning and levels of granularity do students apply when judging the plausi-
bility of competing chemical reactions?

Methodological focus:

3. To what extent can a deep learning model evaluate argument complexity in students' argu-
mentation about the plausibility of competing chemical reactions?

4. To what extent do the features that the deep learning model used to classify the data corre-
spond to the human scoring guidelines?

4 | METHODS

4.1 | Setting of data collection

The data was collected at a private, research-intensive, liberal arts university in the North-
eastern United States in April and May 2021. Sixty-four students from an Organic Chemistry II
course participated voluntarily while receiving extra credit for completing the exercises. The
age of the participants ranged from 18 to 22 years; 34 students identified themselves as females,
29 as males, and one as non-binary. Students majored in various fields, including biochemistry,
chemistry, biology, and chemical engineering, among others.

Students wrote on average 27 words (SD = 12.7, max = 138, min = 5) per argument. In
total, 1108 arguments were collected. Further details on the setting and participants can be
found in Lieber et al. (2022a).

4.2 | Research instrument

Successfully building arguments is influenced by students' conceptual understanding and their
epistemic knowledge of scientific argumentation (Lieber et al., 2022a, b; Lieber &
Graulich, 2020, 2022; Sandoval & Millwood, 2005). Scaffolding the process of building argu-
ments can, consequently, be a valuable instructional approach to support students' argumenta-
tion skills as it significantly improves argument complexity (Luo et al., 2020). Using a scaffold
can be helpful because it slows down the decision-making process and guides students in pay-
ing attention to implicit features that they might otherwise overlook (Caspari & Graulich, 2019;
Graulich & Caspari, 2020; Kang et al., 2014; Kranz et al., 2023; Watts et al., 2021). In particular,
adaptively scaffolding students' argumentation skills, that is, tailoring support to a student's
individual needs, can close existing performance gaps in backing claims with data and integrat-
ing essential concepts in an argument (Lieber et al., 2022a, b).

With the goal of supporting students' scientific argumentation skills and their conceptual
organic chemistry knowledge, Lieber et al. (2022a, b) designed an adaptive instructional setting
where students were prompted to judge the plausibility of competing chemical reactions. In
organic chemistry, reflecting on competing reactions is important as reactants can potentially
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undergo multiple reaction pathways to form more or less plausible products (cf., Illari &
Williamson, 2012). The plausibility of these different reaction pathways depends on several fac-
tors, including the energetic level of the products, the rate of the reaction, as well as the proper-
ties of the respective molecules depending on the reaction conditions and the nature of the
reagents. Arguing about alternative reaction pathways requires the integration of multiple
chemical concepts (Lieber et al., 2022a; Lieber & Graulich, 2022). Chemical ideas and principles
that are often considered separately must, thus, be connected to weigh them against each other
(Lieber & Graulich, 2022; Watts et al., 2022).

To scaffold the argumentation about competing chemical reactions, Lieber et al. (2022a, b)
utilized a simplified version of Toulmin's argumentation pattern: the frequently applied three-
component CER model based on the terms claim, evidence (data), and reasoning (warrant)
(McNeill et al., 2006). A claim acts as a statement, which is why it needs causal support
(McNeill et al., 2006; McNeill & Krajcik, 2011). Causal support can be provided based on an
explanation or scientific data, called evidence (McNeill et al., 2006; McNeill & Krajcik, 2011).
Generally, the evidence uses information from various resources to support the claim
(McNeill & Krajcik, 2011). Eventually, reasoning must be applied to provide a cause-and-effect
relationship between claim and evidence (McNeill & Krajcik, 2011).

Lieber et al. (2022a, b) developed a two-part training centered on constructing CER-aligned
arguments on competing chemical reactions in organic chemistry. Specifically, students judged
the plausibility of four alternative reaction products for intramolecular Williamson ether syn-
thesis and Claisen condensation (Figure 1). When judging the plausibility, students were
prompted to make a claim about whether the displayed product is (im-)plausible, construct evi-
dence to provide chemical concepts of why the respective product may be (im-)plausible, and
link the claim and evidence with reasoning by including electronic, steric, and energetic effects
(Figure 1). For example, students argued that 4-chlorobutan-1-ol and hydroxide ions (Figure 1,
reactants 1) react in a nucleophilic substitution reaction, in which the hydroxide ion acts as a
nucleophile attacking the electrophilic carbon of the alkyl chloride, to form a diol (Figure 1,
product 1.1) (Lieber & Graulich, 2022). In fact, the reaction results after a proton transfer
(Figure 1, product 1.3) and a subsequent intramolecular SN2 reaction in the formation of tetra-
hydrofuran (Figure 1, product 1.4). With this task design, Lieber et al. (2022a, b) showed that
adaptive scaffolding significantly improved students' performance in the respective area of sup-
port. Given this positive impact on students' organic chemistry learning, we built upon this
research instrument, which means that the nature of students' argumentation about the plausi-
bility of competing reactions guided the pedagogical objectives of this study.

The described scaffolds were implemented online via Qualtrics. The two task sets (Figure 1)
were presented on 2 days with a 3-week interval. The four alternative reaction products were
shown one after the other.

4.3 | Computational grounded theory

The analysis of students' argumentation skills in this study is anchored in a three-step methodo-
logical framework called computational grounded theory (Nelson, 2020). Computational
grounded theory is based on the traditional grounded theory approach, which is a method for
developing theories about social phenomena through the close analysis of data (Glaser &
Strauss, 1999). Particularly, grounded theory enables themes to emerge inductively from data,
rather than being imposed on it, intending to generate data-driven understandings of not
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observable processes (Charmaz, 2014). However, the nature of grounded theory requires subjec-
tive assumptions about how to collect and interpret data, which may result in biased decisions
(Saldana, 2015), low reproducibility of the generated hypotheses (Biernacki, 2012), and limited
applicability for large, unstructured datasets (Bail, 2014).

To mitigate these constraints, computational grounded theory combines qualitative research and
computational techniques to systematically analyze big data for inductive theory-generating
research (Kubsch et al., 2021, 2023; Nelson, 2020; Rosenberg & Krist, 2021). This allows for identify-
ing patterns in unstructured data, inductively generating theories about the underlying phenomena
being studied, and deductively verifying the generated theories with quantitative tests
(Nelson, 2020). For instance, Rosenberg and Krist (2021) applied computational grounded theory
with ML methods to design a fine-grained construct map for evaluating students' considerations of
generality in science. They combined a two-step clustering approach with interpretative coding to
inductively reveal the complexity of students' cognitive conceptions, which helped them uncover
the whole range of the epistemic characteristics of students' model-based explanations.

From a wider perspective, computational grounded theory proposes a framework that clar-
ifies which tasks should be performed by domain experts and which by algorithms (Kubsch

FIGURE 1 Students evaluated the plausibility of four alternative reaction products for the reaction of

4-chlorobutan-1-ol with hydroxide ions (task set 1) and for the reaction of methyl acetate with diisopropylamide

(task set 2). The plausible reaction products are highlighted in green. Three sample arguments for the

implausibility of product 1.1 are shown; further sample solutions can be found in Lieber et al. (2022a).
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et al., 2023; Nelson, 2020). Humans set the pedagogical purpose of an assessment first, while
algorithms assign codes to data in a supervised or unsupervised manner (Kubsch et al., 2023;
Nelson et al., 2021). In the case of unsupervised learning, humans need to interpret the assigned
codes to make sense of the categorization (Nelson, 2020). Finally, combining human and algo-
rithmic work helps draw evidence-based inferences about phenomena as data- and theory-
driven considerations are complementarily integrated (Kubsch et al., 2023).

4.3.1 | Pattern detection step

For the practical application, computational grounded theory proposes a three-step procedure to
gain breadth and depth in data analysis (Figure 2) (Kubsch et al., 2021; Nelson, 2020). In the
first step, the pattern detection step (Figure 2), computational techniques are applied to
transform complex, content-rich text into interpretable categories or networks (Nelson, 2020).
Especially, unsupervised ML algorithms can be used in this step to reveal reproducible patterns
that researchers may not have previously considered.

To detect patterns in complex language data, we first employed large language models to
transform students' written arguments into so-called contextualized embeddings, which are
high-dimensional numerical representations of words. Transforming human language into con-
textualized embeddings enhances the performance of ML methods (Zehner et al., 2016). The
large language models BERT base uncased, BERT large uncased (Devlin et al., 2018), RoBERTa
base, RoBERTa large (Liu et al., 2019), and SciBERT scivocab uncased (Beltagy et al., 2019) were
used to calculate these contextualized embeddings. We compared different large language
models because each model has unique strengths depending on the task to be performed and
the given dataset. Eventually, we continued our analysis with BERT base uncased because this
large language model extracted the fewest number of noise points in the clustering approach,
which was desirable to classify most data.

Afterward, we used Uniform Manifold Approximation and Projection (UMAP) to reduce
the dimensionality of the contextualized embeddings since it effectively reduces high-
dimensional data (McInnes et al., 2018). We reduced the dimensionality of the 768-dimensional
vectors to computationally ease clustering and to visualize the clusters in a two-dimensional
space, given that most information in complex data is typically stored in only few dimensions
(Brunton & Kutz, 2019; Zehner et al., 2016). UMAP includes several hyperparameters; in our
analysis, dimensionality was reduced to 10 and the number of neighbors was set to 15 because
this configuration yielded well-interpretable results in prior studies in science education (Wulff,
Buschhüter, et al., 2022) and beyond (Grootendorst, 2020).

Ultimately, the unsupervised ML technique Hierarchical Density-Based Spatial Clustering
of Applications with Noise (HDBSCAN) was applied to extract compact clusters (Campello
et al., 2013, 2015; McInnes et al., 2017). HDBSCAN can identify clusters of arbitrary shape,
automatically determine the number of clusters, and handle noisy language data, which is typi-
cal for students' reasoning in science subjects (e.g., Wulff et al., 2023; Wulff, Buschhüter,
et al., 2022a). While clustering, HDBSCAN identifies so-called noise points, which correspond
to non-normative or mixed ideas as well as to concepts that do not exceed the threshold for the
minimum cluster size. Excluding noise from analysis allows for a more discriminating analysis
of students' ambiguous argumentation and provides a more thorough understanding of the data
characteristics. Because of these benefits, we applied HDBSCAN to characterize the degree of
elaborateness, interconnectedness, and specificity of students' arguments. The minimal cluster
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size was set to 12, so clusters were only extracted if they comprised at least 12 arguments. The
number 12 was chosen since a minimal cluster size of 12 corresponds to 1% of our dataset.

4.3.2 | Pattern refinement step

In the subsequent pattern refinement step (Figure 2), human experts interpret the obtained
data-driven patterns holistically through research-informed thematic content analysis to con-
firm the plausibility of the computationally detected categories (Nelson, 2020). In particular,
domain experts interpret the data-driven analysis, check the usefulness of the derived catego-
ries, and modify these categories if necessary.

4.3.3 | Pattern confirmation step

Eventually, computational techniques such as supervised ML can be deployed in the pat-
tern confirmation step (Figure 2) to verify the reliability and generalizability of the
inductively derived patterns (Nelson, 2020). Leveraging deep learning techniques seems
helpful in this step since they can handle complex data and achieve high accuracy
(Mathew et al., 2021).

Deep learning is a subfield of ML that involves the training of deep neural networks with mul-
tiple layers of interconnected neurons, inspired by the structure of the human brain. The term
deep refers to the use of multiple layers in the network, which allow for learning complex rela-
tionships. The training of deep learning models involves feeding large amounts of data into the
network and adjusting the model parameters to improve output. As an advantage, such architec-
tures can automatically represent noisy text data and do not require preprocessing tasks like
removing non-informative words or transforming words into their base form (Angelov, 2020;
Goodfellow et al., 2016).

FIGURE 2 Revisited four-step computational grounded theory framework.
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In our project, we used the deep learning framework PyTorch (Paszke et al., 2019) in
Python. When feeding data in the deep neural network, we split our dataset in a 65:15:20 ratio
as a training, validation, and test set. We used the training set for the training of the neural net-
work, the validation set for determining the best configuration of hyperparameters, and the test
set for checking the accuracy of the model. As hyperparameters, we calibrated the number of
epochs, the batch size, and the learning rate. Epochs refer to the number of cycles the model is
trained on the training set. During each epoch, the model's parameters are updated. Typically,
the more epochs the model is trained on, the more it improves its performance on the training
data up to a certain point of saturation. If the model is trained for too many epochs, it may start
to overfit the training data, which means that it will perform poorly on new data. To assess
overfitting, we checked the performance of our model on a new dataset: the test set. Addition-
ally, we monitored the training loss, which is a measure of change for the discrepancy between
the true score and predicted output. As another hyperparameter, the batch size specifies the
number of concurrent training samples in one pass through the network. The learning rate, in
turn, controls the step size at which an optimizer updates the network parameters to adapt to a
certain context.

In contrast to other studies using deep learning in chemistry education (e.g., Watts
et al., 2023b; Winograd, Dood, Moon, et al., 2021), we applied our neural network for holistic
scoring that assigns every argument to one of 20 mutually exclusive categories. First, we applied
BERT base uncased to identify the most performant hyperparameter configuration based on the
validation set. We tested 100 different epochs between 1 and 100, seven different learning rates
between 1e-7 and 1e-4, and five different batch sizes between 2 and 32, resulting in a total of
3500 configurations. We then identified the best combinations of the learning rate and batch
size with varying epochs and applied these to BERT large uncased, RoBERTa base, RoBERTa
large, and SciBERT scivocab uncased. We continued to vary the epochs during model training as
we determined that they had the greatest impact on the model performance.

4.3.4 | Pattern transparency step

We expanded computational grounded theory in our analysis by a fourth step, the pattern trans-
parency step (Figure 2). During this step, methods for explaining the internal and external
workings of an ML algorithm such as black and white box analysis or external validation can
be applied. Black box analysis helps understand how an algorithm operates solely based on its
observable input–output behavior. As the internal workings of ML models can be difficult to
interpret, black box analysis is a time-efficient method for determining which features are driv-
ing a model's output. For implementing black box analysis, we modified four input sentences
with a low level of argument complexity by systematically adding or removing words or phrases
according to predefined criteria of our scoring rubric so that these sentences just reached the
next level of the rubric (see sections 5.2 and 5.4). Subsequently, we checked whether the chan-
ged input led to the desired algorithmic classification.

However, black box analysis does not investigate the internal workings of an algorithm,
which has led to the development of complex techniques for white boxing an algorithm. White
box analysis aims to interpret the decision-making process of ML models by identifying the fea-
ture importance of individual words via post-hoc explanations (cf., Gombert et al., 2022). For
white box analysis, we applied a technique called SHapley Additive exPlanations (SHAP) to cal-
culate the importance scores of individual words for each rubric category (Lundberg &
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Lee, 2017). This technique extracts keywords associated with positive or negative classifications
in a rubric category and identifies critical model shortcuts (cf., Geirhos et al., 2020).

In sum, the pattern transparency step is essential for ensuring that an algorithm
makes unbiased decisions. Transparently explaining the results of an ML algorithm is
especially helpful when its decisions have a significant impact on human lives since
white boxing an algorithm can build trust in ML methodology (e.g., Caruana &
Nori, 2022).

5 | RESULTS AND DISCUSSION

5.1 | RQ1: Argumentation patterns uncovered by integrating
unsupervised deep learning with human interpretation

To answer RQ1, we used HDBSCAN to extract 22 distinct clusters, an additional noise clus-
ter, their 10 most representative words, and sample arguments (Table 1). By qualitatively
evaluating the most representative words as well as sample responses, we derived descrip-
tions of each topic. Figure 3 presents the two-dimensional embedding space of the extracted
clusters. Clusters that are similar in content also appear close to each other in the two-
dimensional embedding space: For example, arguments in clusters 2 and 3 apply acid–base
theories on an electronic level, with minor differences in the interconnectedness of applied
concepts. Arguments in clusters 4 and 5 correlate the thermodynamic state of the reagents
to implicit structural properties, such as bond energies or resonance. In clusters 8, 9, 10, 11,
and 12, arguments focus on the energetic aspects of a reaction in various degrees of elabo-
rateness, in contrast to structural features addressed in many other clusters. Arguments in
clusters 14, 15, and 16 apply acid–base theories on a rather phenomenological level, e.g., by
citing pKa-values, or connect acid–base chemistry to thermodynamics or kinetics, e.g., by
quantifying chemical equilibrium or estimating reaction rate. Arguments in clusters 17, 20,
and 21 use steric hindrance in conjunction with hybridization or leaving group quality,
while arguments in clusters 18 and 19 connect nucleophilicity and electrophilicity to basic-
ity or electronic effects.

Clustering students' written arguments uncovered various argumentation patterns
(Table 1) and revealed the degree of interconnectedness, elaborateness, and specificity of
the applied concepts. The clusters comprised varying chemical topics and different levels of
sophistication, indicating that the clustering approach captured the content and complexity
of students' reasoning. Since students were explicitly prompted to include different chemical
concepts in their argumentation, it is not surprising that these two aspects are also reflected
in the clusters. However, clustering was exclusively data-driven, meaning that it groups data
points based on the distance in the embedding space. While clustering helped us identify
patterns across many responses, this approach did not provide a classification of the identi-
fied clusters influenced by theoretical frameworks, instructional goals, or learning objec-
tives. Including research-informed classifications of students' argumentation grounded on
subject matter expertise may, nonetheless, extend the validity of the analysis and ease the
subsequent process of designing effective personalized instruction (Carlsen & Ralund, 2022;
Kubsch et al., 2023; Nelson, 2020; Sherin, 2013). Hence, we combined the clustering
approach with research-informed considerations to ensure that instructional decisions are
data- and theory-driven.

12 MARTIN ET AL.|
 10982736, 0, D

ow
nloaded from

 https://onlinelibrary.w
iley.com

/doi/10.1002/tea.21903 by C
ochrane G

erm
any, W

iley O
nline L

ibrary on [01/12/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



TABLE 1 Overview of the extracted clusters.

ID
Cluster
size Description Top words Student example

�1 255 Redescribing the displayed
reaction without
referring to chemical
concepts

Reaction, carbon, group,
forms, SN2, attacks,
molecule, stabilizes,
occurs, product

“Because the hydroxide ion can
attack the carbon in an SN2
fashion.”

0 51 Estimating entropic
changes based on the
number of reactants and
products

Entropy, reactant,
product, favorable,
increases, molecule,
reaction, changes,
unfavorable, forms

“This will increase the entropy of
the system. There are more
molecules in the products than in
the reactants, which is a favorable
transformation for entropy.”

1 122 Estimating leaving group
quality based on base
strength,
electronegativity, or
polarizability

Leaves, good, group, poor,
solvent, octet,
electronegative, base,
weak, stabilizes

“Chloride is a good leaving group.
Chloride is polarizable and
electronegative, making it well
able to stabilize a negative charge
effectively.”

2 13 Invoking the Lewis acid–
base theory

Acid, donates, base,
proton, electron, acts,
Lewis, accepts, carbon,
pair

“The hydroxide anion will function
as a Lewis base because it will
donate an electron pair to the
alpha carbon which forms the
bond between the alpha carbon
and hydroxide.”

3 19 Applying electronic effects
to infer acid strength

Carbon, electron, reacts,
molecule, near, attacks,
withdrawing, pair,
forms, unstable

“The hydrogen atom, that is
removed from the first molecule,
is the most acidic one since the
inductive effects from the oxygens
in the molecule withdraw
electron density, lowering its
pKa.”

4 15 Identifying resonance
stabilization in
carbanions

Carbanion, stabilizes,
resonance, carbocation,
results, product, forms,
ketone, enolate,
unstable

“The carbanion produced is stable
because resonance forms are
present that stabilize it.”

5 21 Referring to bond
enthalpies

Unfavorable, bond, wants,
carbon, group, takes,
molecule, satisfies,
forms, stabilizes

“The reaction is energetically
unfavorable. The breaking of the
C-O bond is more expensive than
the energy released from forming
a C–N bond.”

6 16 Identifying electrophiles
based on electron
density

Electrophile, density,
carbon, electron, atom,
withdrawing, attacks,
takes, electronegative,
makes

“Chlorine is much more
electronegative than carbon; thus,
it withdraws electron density and
makes carbon an excellent
electrophile.”

7 12 Identifying acids and
bases

Weak, acid, base, water,
strong, proton, donates,
molecule, atom, small

“The amine ion is a strong base that
can deprotonate the ester. The
amine ion acts as a base and the
ester acts as an acid.”

(Continues)
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TABLE 1 (Continued)

ID
Cluster
size Description Top words Student example

8 78 Applying electronegativity
to estimate the stability
of the products

Electronegative, negative,
charge, stabilizes, atom,
carbon, better, effects,
unstable, higher

“The negative charge is on a more
electronegative atom. Oxygen is
more electronegative than
nitrogen since it is closer to
completing its octet and so pulls
electrons toward its nucleus.
Products that have the negative
charge on the more
electronegative atom are more
stable and so are more likely to be
products.”

9 48 Locating resonance
stabilization

Resonance, stabilizes,
bond, negative, charge,
delocalized, electron,
ring, pushes, pair

“The negative charge in the product
is stabilized. There is resonance,
so the electrons can form a
double bond and then shift to the
oxygen atom.”

10 15 Focusing on charges as a
surface-level indicator of
stability

Negative, charge, positive,
partial, makes, bond,
reforms, prefers, carbon,
likely

“The product is negatively charged.
Molecules are most stable when
limited charges are present.”

11 98 Attributing energy levels
to molecules

Bond, product, enthalpy,
energy, stabilizes,
reactant, favorable,
reaction, forms, breaks

“The products are not very stable
since they are not the lowest
energy of this reaction.”

12 15 Identifying resonance
stabilization

Aldol, enolate, resonance,
stabilizes, intermediate,
energy, low, product,
reactant, able

“The product participates in
resonance, allowing it to be
stabilized.”

13 13 Weighing nucleophilic
and basic properties by
considering steric effects

Amine, bulky, alkoxy,
acts, amide,
nucleophile,
approaches, easy,
molecule, tertiary

“The amine is more likely to act as
a base than as a nucleophile. The
amine's bulkiness makes it
difficult to approach the
molecule, but it is much easier to
remove a proton.”

14 14 Citing pKa-values for
identifying the strongest
acid

pKa, low, favorable,
higher, product, small,
reversible, reaction,
large, water

“The product has a higher pKa.
With a higher pKa, the reaction is
more likely to happen.”

15 54 Describing proton transfer
or comparing its
reaction rate

Deprotonates, base,
alcohol, strong, acid,
proton, group, pKa,
water, anion

“Acid–base reactions occur faster.
Thus, this would not be a
nucleophilic attack.”
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5.2 | RQ2: Analysis of the modes of reasoning and levels of granularity
applied in students' argumentation

As proposed by computational grounded theory, we looked for a research-informed frame-
work to establish links between the identified clusters so that the ML output can be used to
guide students' learning progression. Looking for a theoretical framework was led by two
requirements: On the one hand, the theory-driven considerations needed to differentiate
students' argumentation skills and their chemical concept knowledge in as much detail as
possible. On the other hand, these considerations must allow for using ML in an instruc-
tional setting to accompany students' learning progression over time. A theoretical frame-
work consisting of the modes of reasoning (Sevian & Talanquer, 2014) and the levels of
granularity (Bodé et al., 2019; Darden, 2002; Deng et al., 2023; Deng & Flynn, 2021;
Luisi, 2002; Machamer et al., 2000; Southard et al., 2016; Talanquer, 2018; van Mil
et al., 2013) best reflected the cluster analysis findings.

TABLE 1 (Continued)

ID
Cluster
size Description Top words Student example

16 22 Quantifying chemical
equilibrium based on
pKa-values

Ester, pKa, acid, base,
amine, conjugate, low,
deprotonates, weak,
equilibrium

“Water, the conjugate acid of
hydroxide, and alcohols have a
very similar pKa, so there will be
an equilibrium between the
deprotonation of the alcohol by
hydroxide and the protonation of
the alkoxide by water.”

17 37 Identifying leaving groups Alkyl, primary, eliminates,
group, substitution,
reaction, better,
favorable, SN2, leaves

“Primary alkyl halide is more likely
to undergo SN2 since chloride is a
good leaving group.”

18 106 Identifying electrophiles
and nucleophiles based
on charges

Nucleophile, electrophile,
attacks, electron, acts,
good, lone, pair, charge,
positive

“Hydroxide ion is a nucleophile. It
bears a negative charge.”

19 48 Identifying nucleophiles
or weighing
nucleophilic and basic
properties

SN2, nucleophile, reaction,
E2, E1, primary, base,
attacks, good, strong

“LDA is acting like a strong base,
not like a nucleophile in an SN2
reaction.”

20 22 Connecting steric
hindrance to
hybridization

Steric, hindrance, SN2,
reaction, primary,
interference, bulky,
prevents, reaches,
hybridization

“SN2 reactions can occur. The
carbon center attached to the
chlorine is primary and sp3
hybridized, so there is no steric
hindrance or orbital
interference.”

21 14 Connecting steric
hindrance to the
number of substituents

Hindrance, steric,
substituent, bulky,
attacks, effects, tertiary,
likely, primary, spatial

“Chlorine is primary. There is very
little steric hindrance.”
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To evaluate the elaborateness and interconnectedness of applied concepts in students' scien-
tific argumentation, Sevian and Talanquer (2014) proposed four modes of reasoning, namely,
descriptive, relational, linear causal, and multicomponent causal (Table 2). These modes of rea-
soning discuss the complexity of novice or expert reasoning regarding their abilities to connect
various concepts, provide sound justifications, and develop sophisticated explanations (Russ
et al., 2008; Sevian & Talanquer, 2014). A major commitment underpinning these modes of rea-
soning is that students' understanding of science subjects cannot only be examined by assessing
their content knowledge but also by evaluating how they integrate new information into their
existing cognitive network (Sevian & Talanquer, 2014). So far, the modes of reasoning have been
applied in various research contexts to analyze student reasoning in chemistry (e.g., Bodé
et al., 2019; Carle et al., 2021; Deng et al., 2022, 2023; Deng & Flynn, 2021; Moon et al., 2019;
Moreira et al., 2019; Sevian & Talanquer, 2014; Weinrich & Talanquer, 2016).

Arguments about scientific phenomena cannot only be generated in different modes of rea-
soning but also at different levels of granularity (Bodé et al., 2019; Deng et al., 2023; Deng &
Flynn, 2021; Soo, 2019). The concept of granularity is characterized by the level of specificity to
which an argument refers, assuming that different tasks require different grain sizes to explain
the underlying processes. In general, the level of granularity varies depending on the context at
hand but often ranges from global to submicroscopic perspectives (Darden, 2002). In our study,
we adopt four levels of granularity, namely, structural, energetic, phenomenological, and elec-
tronic (Table 3), that were already applied in Deng and Flynn (2021) and Deng et al. (2023).
These four levels are in alignment with Krist et al.'s (2019) epistemic heuristics which can be
applied to characterize students' mechanistic reasoning across scientific content areas. The epi-
stemic heuristics include identifying all factors of the phenomenon under investigation, consid-
ering the scalar level below, decomposing the factors at this lower scalar level, and linking
those factors back to the target phenomenon. The target phenomenon of Krist et al. (2019) cor-
responds to phenomenological descriptions, which are characterized by argumentation about

FIGURE 3 Two-dimensional embedding space of the extracted clusters. Each dot in the visualization

corresponds to a single argument and different clusters are indicated by different colors. Noisy arguments, which

are arguments that are too vague or include multiple topics, are represented by gray dots. Larger dots visualize

cluster centroids. Dimensions 1 and 2 indicate some sort of principal components.
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explicit or measurable properties of the given structures. The lower scalar level arises, in turn,
from the interplay of the energetic, structural, and electronic properties of the involved
components.

Based on these theoretical considerations, we qualitatively analyzed students' arguments
again. A mode of reasoning and level of granularity was assigned to every argument, which is in
the following illustrated by the student examples listed in Table 2. These examples address the
concepts of acidity and basicity while arguing about reaction 1.3 (Figure 1).

In the descriptive example, the student claimed that the reaction is plausible; however, it is
only described that the alcohol molecule can act as an acid and the hydroxide ion as a base, lac-
king any cause-and-effect relationship. In the relational argument, the student compared the
pKa values of water and alcohol molecules, which are essential chemical properties, to support
the claim. Highlighting the similarity in pKa values demonstrates a stronger understanding of
the acid–base concept, resulting in an increased elaborateness of the argument. In the linear
causal example, the student explains, based on pKa values, that alkoxide and hydroxyl exist in
equilibrium. This detailed explanation of why in a chemical equilibrium a fast exchange of

TABLE 2 Modes of reasoning to characterize the elaborateness and interconnectedness of students'

argumentation.

Mode of
reasoning Description

Student example arguing about
reaction 1.3 (Figure 1)

Descriptive Redescribing a phenomenon by
recognizing explicit properties of single
salient components without providing
any connections or cause-and-effect
relationships between these components

“This reaction is plausible. The alcohol
acts as an acid and hydroxide ions act
as a base.” (Cluster 7)

Relational Discussing the relationships between
different components as well as their
explicit and implicit properties in a
correlative fashion or providing surface-
level justifications of the established
relations constrained by a reduction of
variables

“This reaction is plausible because the
pKa value of water is like the pKa
value of an alcohol. So, the acidic
alcohol is easily deprotonated by the
basic hydroxide ions to form alkoxide.”
(Cluster 14)

Linear causal Identifying cause-and-effect interactions
between explicit and implicit properties
of most components or explaining
mechanisms based on the static interplay
of different concepts

“This reaction is plausible. Alkoxide and
hydroxyl exist in equilibrium.
Hydroxide ions act as a base and
deprotonate the acidic alcohol. The two
involved OH groups have very similar
pKa values and are, thus, expected to
interchange protons easily.”
(Cluster 16)

Multi-
component
causal

Perceiving phenomena as the dynamic
interplay of several interrelated concepts,
explaining systematically how different
properties affect the reactivity of the
components, and weighing how different
concepts relate to each other

Not observed in the data

Note: Descriptions of the modes of reasoning are adapted from Sevian and Talanquer (2014), student examples are chosen from
the data analyzed in this study. Cluster IDs can be found in Table 1.
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protons can occur strengthens the causal link in the argument and provides a comprehensive
understanding of the factors contributing to the plausibility of acid–base reactions. The modes
of reasoning helped us classify the degree of causality in each argument.

Despite different levels of causality, the three arguments all address structural properties
related to acid–base reaction 1.3 (Figure 1) by relying on the identification of acidic and basic
functional groups and the influence of their pKa values on the reaction outcome. In contrast,
other students argued about acid–base reaction 1.3 (Figure 1) from a kinetic point of view by
simply claiming that acid–base reactions occur faster than any other reaction type. Such an
argumentation does not include any structural properties; as a result, we distinguished, inspired
by the levels of granularity, between a structural and energetic argumentation.

In addition, none of the three examples above included electronic properties such as elec-
tron density or orbital interactions, which is why we classified these examples as phenomenolog-
ical. Nonetheless, other students integrated electronic properties in their argumentation about
acid–base reaction 1.3 (Figure 1). For example, one student argued that hydroxide ions are
strong bases due to their small atom size and low polarizability, leading to a localization of the
negative charge. This argument highlights electronic properties related to the concept of basic-
ity, showing the necessity to differentiate between phenomenological and electronic arguments
as proposed in the levels of granularity.

With this qualitative analysis in mind, we established a two-dimensional holistic scoring
rubric by adapting the modes of reasoning and levels of granularity (Figure 4). This
scoring rubric is nominally scaled. The number of clusters detected with HDBSCAN guided the
process of rubric design as this number served as a reference for estimating how many catego-
ries could be clearly distinguished in the scoring rubric. For the levels of granularity, we found
by interpreting the detected clusters that classifying every argument into two of the four pro-
posed levels described the responses in our sample best. Accordingly, every argument has one
of four codes structural-phenomenological, structural-electronic, energetic-phenomenological, or
energetic-electronic. Additionally, the structural level of granularity was divided into three sub-
levels because HDBSCAN detected topics with a structural focus for three different concepts.

TABLE 3 Levels of granularity proposed by Deng and Flynn (2021) to classify the grain size of students'

argumentation.

Level of
granularity Description

Structural Focusing on chemical compounds as well as their properties, which are derived
from structural features such as the connectivity of atoms, atom size, the
presence of charges, and salient centers

Energetic Focusing on thermodynamic and kinetic changes during chemical reactions,
which are whether a reaction is reactant- or product-favored, whether any
entropic effects impact the reaction process, and at which rate a reaction occurs

Phenomenological Reasoning about measurable properties of components such as pKa values, the
direction of chemical equilibrium, or reaction rate without including electron
distribution

Electronic Reasoning about the distribution and movement of electrons in chemical
compounds by including electronic effects like resonance, hyperconjugation, or
inductive effects to explain how electron density impacts the properties of a
molecule
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Here, we introduced the structural sublevels of charged species and substrates, nucleophiles and
electrophiles, and acids and bases. This distinction helped us consider the chemical entities stu-
dents included in their argumentation. To clarify what we mean by energetic, we renamed this
level to thermodynamics and kinetics. For the modes of reasoning, we introduced the mode
absent for off-task responses. Since instances of multicomponent causal reasoning were not
prompted, we did not include this mode in our coding scheme.

After including research-informed considerations, we examined if the theory- and data-
driven analysis of students' argumentation matched by assigning every cluster to the mode
of reasoning and level of granularity that was most frequently applied across all student
arguments in that cluster (Figure 4). In doing so, we found that the clusters partially repre-
sented the theoretical framework—and vice versa. Consequently, we iteratively modified
the classification of HDBSCAN by dividing some large clusters into further subclusters and
aggregating clusters that contained similar ideas (Table 4). For example, cluster 19 could be
divided into two further subclusters since this cluster incorporated two different modes of
reasoning with enough sample responses to precisely differentiate between these two modes.
By contrast, clusters 17 and 21 were aggregated because both referred to a descriptive, phe-
nomenological argumentation about charged species and substrates. Aligning the results of
the data-driven cluster analysis with theoretical considerations contributed to establishing
well-distinguishable coding categories (cf., Carlsen & Ralund, 2022). However, because of
ambiguous wording in students' argumentation as well as the small number of arguments
in clusters 2, 6, and 10, it was not useful for subsequent supervised automation to further
divide these clusters as conceptualized in the theoretical framework (Figure 4). Besides,
structural-phenomenological reasoning with a focus on charged species and substrates and a
linear causal mode of reasoning was not present in our dataset at all, which is why we
excluded this category from our analysis, leading to a total of 21 categories (Figure 4).

HDBSCAN facilitated rubric design as it detected patterns across many arguments, which
enhanced the validity of our scoring rubric as it is grounded in data. Furthermore, HDBSCAN
identified distinct topics students reasoned about. In particular, this approach assisted us in dif-
ferentiating between well-interpretable and vague categories. Integrating research-informed

FIGURE 4 Classification of the clusters identified through HDBSCAN according to the two-dimensional

scoring rubric. For instance, cluster �1 mostly contains absent responses. Numbers indicate the cluster ID listed

in Table 1. P stands for phenomenological, E for electronic. The asterisk shows that clusters belong together.
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considerations finally showed where clusters needed to be further differentiated or, in contrast,
be aggregated (cf., Carlsen & Ralund, 2022). Taken together, refining the detected clusters
influenced by subject matter expertise uncovered new argumentation patterns and laid the
foundation for the subsequent process of pattern confirmation.

TABLE 4 Final modifications of the clusters identified through HDBSCAN guided by the modes of reasoning

and levels of granularity.

Modification Justification

Dividing a cluster into subclusters

Dividing cluster 1 into three
subclusters

Responses in cluster 1 explain why a leaving group is good or bad by
referring to base strength, electronegativity, or polarizability. The
high number of responses indicates the heterogeneity and coarse
level of data differentiation. The cluster was divided into three
subclusters which attribute leaving group quality to (i) low base
strength, (ii) high electronegativity, and (iii) high polarizability to
better differentiate the data.

Dividing cluster 15 into two
subclusters

Responses in cluster 15 justify the occurrence of proton transfer by
identifying acids and bases or consider that acid–base reactions occur
faster than substitution reactions. Despite the similar wording, these
two ideas are different in quality when judging the plausibility of
chemical reactions. Hence, the cluster was divided into two
subclusters to distinguish between describing proton transfer and
considering kinetics.

Dividing cluster 19 into two
subclusters

Responses in cluster 19 identify nucleophiles and electrophiles or weigh
nucleophilic properties against basic properties. Since combining
nucleophilic and basic properties is considered a higher mode of
reasoning, these arguments were separated from rather descriptive
ones by dividing this cluster into two subclusters.

Aggregating various clusters

Aggregating clusters 0 and
5

Responses in cluster 0 reason about entropic changes by referring to the
number of reactants and products, while responses in cluster 5
reason about enthalpic changes by referring to bond energies.
Although these clusters are distinct and easily interpretable, they
address, from a technical point of view, a system's thermodynamic
changes. Due to the technical comparability, the clusters were
unified.

Aggregating clusters 4, 8,
and 12

Responses in cluster 4 identify resonance stabilization in carbanions,
while responses in cluster 12 identify resonance stabilization in
general, which is why they were aggregated. Similarly, responses in
cluster 8 apply electronegativity, which is another electronic
property, to estimate the energetic level of molecules. So, these
clusters address the thermodynamic stability of molecules on an
electronic level, leading to their combination.

Aggregating clusters 17 and
21

Clusters 17 and 21 are phenomenological and descriptive in nature.
Responses in both clusters only recognize and describe salient
properties of the displayed molecules, which are properties that are
explicitly shown by Lewis structures. Consequently, these clusters
were aggregated.
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Based on the new scoring rubric, a student research assistant and the first author scored the
entire dataset holistically by assigning one of 20 mutually exclusive scores to answer RQ2. Here,
we needed to exclude cluster 3 from analysis (Figure 4) since it contained only a few arguments,
which could also be classified into one of the other clusters. Across all rubric categories, we
achieved almost perfect inter-rater reliability (cf., Landis & Koch, 1977) as shown by an accuracy
of 84%, Cohen's κ of 0.83, a weighted F1 score of 0.85, and a macro F1 score of 0.78 (for a defini-
tion of these metrics, see Table 5). After that, codes were discussed until full agreement was
reached. The distribution of the arguments across the 20 categories is shown in Table 6. Along
with other researchers, we found that students at the same educational level applied different
modes of reasoning to solve the same exercise (Bodé et al., 2019; Deng & Flynn, 2021; Moreira
et al., 2019; Weinrich & Talanquer, 2016). The students in this study constructed mostly descrip-
tive or relational arguments, which is also a common observation in other studies (cf., Carle
et al., 2021; Deng et al., 2022; Deng & Flynn, 2021). Moreover, when arguing about Williamson
ether synthesis, students applied predominantly a phenomenological level of granularity.

5.3 | RQ3: Level of accuracy of the deep learning model

After human scoring, we checked if a deep neural network can accurately classify students'
arguments according to the holistic, 20-category rubric. For this reason, we compared the accu-
racy of different large language models on the validation set. BERT base uncased, RoBERTa
base, RoBERTa large, and SciBERT scivocab uncased reached a maximum macro F1 score of 0.88
across all hyperparameter configurations, while BERT large uncased performed best with a
maximum macro F1 score of 0.89. BERT large uncased achieved the highest macro F1 score with
38 epochs, a batch size of 8, and a learning rate of 1e-5. We then applied this best hyper-
parameter configuration to measure the accuracy of the model on the unseen test set.

Across all 20 categories, our multi-class model achieved almost perfect machine-human
score agreement as indicated by an accuracy of 87%, Cohen's κ of 0.86, a weighted F1 score of
0.86, and a macro F1 score of 0.80. Machine-human score agreements were slightly higher than
human-human score agreements. To be noted, we used the initial human scores, which may
contain errors as a rater may have lacked a complete understanding of the rubric categories, to
calculate human-human score agreements while training the model on consensus scores. As
presented in Table 7, the macro F1 scores per category ranged from 0.50 to 1.00, showing that
the applied deep learning model identified some categories more accurately than others. Pre-
dictably, the algorithm struggled to detect categories with fewer sample arguments because ML
is based on an inductive learning procedure that is dependent on diverse datasets.

TABLE 5 Metrics to measure score agreements.

Accuracy Cohen's κ Weighted F1 score Macro F1 score

Percentage of
agreement
between two
raters

Agreement between
two raters beyond
chance
agreement

Agreement metrics for imbalanced datasets accounting for the
number and type of prediction errors as the harmonic mean
of precision and recall

Weighted mean of all per-
class F1 scores

Arithmetic, i.e., unweighted
mean of all per-class F1
scores
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To subsequently perform a baseline comparison, we also tried to automate the holistic scor-
ing with a support vector machine. A support vector machine is a more traditional, so-called
shallow supervised ML algorithm that seeks to find the best possible boundary between dif-
ferent classes in a dataset. We chose a support vector machine since it performed well in a
classification task on students' use of the Lewis acid–base theory across different assessment
items (Yik et al., 2021). However, by adopting the modes of reasoning and levels of granular-
ity, the support vector machine achieved only fair machine-human score agreement with an
accuracy of 31%, Cohen's κ of 0.25, a weighted F1 score of 0.25, and a macro F1 score of 0.21.
This demonstrates that applying a deep neural network was necessary to solve the holistic
scoring problem, which is in line with other findings demonstrating that deep neural net-
works perform better than more traditional ML models in educational contexts

TABLE 6 Number of arguments per rubric category and task.

Structural Energetic

Charged species
and substrates

Nucleophiles
and electrophiles

Acids
and bases

Thermodynamics
and kinetics

P E P E P E P E

Intramolecular Williamson ether synthesis

Absent 6

Descriptive 78 24* 27 13 63 35 37 24*

Relational 23 20 48 36 34 40 19

Linear causal 0 21 7 11 0 14 7

Claisen condensation

Absent 17

Descriptive 49 46* 20 18 27 35 10 46*

Relational 15 12 16 38 24 42 104

Linear causal 0 15 15 9 0 8 25

Note: The asterisk shows that clusters belong together.
Abbreviations: E, electronic; P, phenomenological.

TABLE 7 F1 scores listed per rubric category.

Structural Energetic

Charged species
and substrates

Nucleophiles
and electrophiles

Acids
and bases

Thermodynamics
and kinetics

P E P E P E P E

Absent 0.57

Descriptive 0.89 0.92* 0.96 0.86 0.91 0.88 0.56 0.92*

Relational 0.60 0.57 0.81 0.95 1.00 0.94 0.98

Linear causal n.e. 0.67 0.57 1.00 n.e. 0.50 0.82

Note: The asterisk shows that clusters belong together.
Abbreviations: E, electronic; P, phenomenological; n.e., non-existent.
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(e.g., Gombert et al., 2022; Wulff, Mientus, et al., 2022). However, the accuracy of ML
methods strongly depends on the complexity of the task at hand. For instance, Küchemann
et al. (2020) found that more traditional ML models outperformed deep neural networks for
simpler scoring tasks.

In sum, we built a deep learning model with almost perfect accuracy capable of automati-
cally evaluating the nature of students' arguments across different chemical reactions and con-
cepts. This model can be used in further formative assessments to analyze students'
argumentation irrespective of the displayed chemical reaction.

5.4 | RQ4: Consensus between human and deep learning scoring
guidelines

To answer RQ4, we validated the accuracy of our deep learning architecture in three different
ways. First, we used ChatGPT, a large language model that can analyze and produce human-
like language, to generate 20 fictitious student arguments (cf., Dai et al., 2023), one per category,
based on the cluster descriptions (Table 1). We then tested whether our deep learning architec-
ture can classify these ChatGPT-generated arguments into the correct category, which helped
us estimate if the 20 categories are distinct from each other and if the cluster descriptions are
valid. Our deep learning architecture classified 17 fictitious student arguments into the correct
category. This implies that the cluster descriptions are comprehensible, distinguishable, and
valid for generating additional fictitious arguments. In addition, this approach provides further
support for the validity of the clustering method used to define the categories.

For black box analysis, we selected a phenomenological, descriptive argument from each of
the four rubric sublevels charged species and substrates, nucleophiles and electrophiles, acids and
bases, and thermodynamics and kinetics. Afterward, we added word groups listed in our scoring
guidelines to these phenomenological, descriptive arguments so that they reached the next cate-
gory of the scoring rubric in the respective sublevel. For example, we added the phrase “as they
are a weak base” to a phenomenological, descriptive argument in the sublevel charged species
and substrates and checked whether this additional phrase was sufficient for the algorithm to
classify the argument as phenomenological, relational. With this approach, we simulated if stu-
dents' learning progression can be accompanied by the deep learning architecture over time.
The algorithm correctly classified 18 out of 20 arguments, which highlights the potential of the
algorithm in monitoring students' learning progression even over a longer period.

Furthermore, the model explainer SHAP, a technique for white boxing an algorithm
(Lundberg & Lee, 2017), was used to calculate the importance scores of individual words for
each rubric category, that is, how individual words impact algorithmic output. In doing so, we
formed the arithmetic mean of the importance scores across all arguments. For clarity, we pre-
sent only the output for four exemplary rubric categories herein (Figure 5). Positive scores have
a positive impact on the model output in the respective category and increase, thus, the proba-
bility of a positive classification, while negative scores have a negative impact on the model out-
put in the respective category and decrease, thus, the probability of a positive classification. In
general, our algorithm utilized similar keywords than human raters in categories with higher
F1 scores (Figure 5a, b). Words like resonance, electron, octet, and dipole relate, for instance, the
thermodynamic stability of the reagents to electron distribution, which is why these words cor-
respond to the human scoring guidelines in the category thermodynamics and kinetics, elec-
tronic, relational (Figure 5a). Furthermore, the words electron, electronegative, inductive,
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resonance, and withdrawing can be used to relate nucleophilic and electrophilic properties of
reactive centers to their electron density (Figure 5b). In one category, we identified that the
algorithmic decision relied almost exclusively on a single word, which is a critical model short-
cut (Figure 5c). Although the word equilibrium is key to argumentation about acids and bases,
the algorithm neglected other words like pKa, acidic, or basic in this category, which also mir-
rors human shortcuts in the scoring procedure. In the category charged species and substrate,
electronic, phenomenological, a category with a lower F1 score, the algorithm relied partly on
expectable words like polarizable, leaving, and electron, but the impact of the other words
on the model output was not explainable based on human scoring guidelines (Figure 5d).

FIGURE 5 Importance scores of the 10 words that impact algorithmic output most significantly for four

sample categories.
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Collectively, the implemented validation techniques demonstrated that the deep learning
model adopts human scoring guidelines to a great extent. In particular, the deep learning archi-
tecture achieved an accuracy of 85% when using ChatGPT for external validation and an accu-
racy of 90% when conducting black box analysis. These metrics are in alignment with the
overall model accuracy of 87%. Unsurprisingly, arguments from categories with lower F1 scores
(Table 7) were more difficult to classify. Furthermore, white box analysis determined the most
significant words associated with positive or negative classifications in each category, which
helped estimate if the words consulted by the deep learning model correspond to human scor-
ing guidelines. Expectedly, the words used to classify arguments in categories with higher F1
scores were comparable to keywords human raters looked for, while discrepancies arose in cate-
gories with lower F1 scores. Overall, these validation methods provided additional performance
metrics, helped us gain a better understanding of the model generalizability, and may increase
confidence in decisions derived from the algorithm reported herein.

6 | LIMITATIONS

From a technological point of view, large language models such as BERT are trained on
uncleaned language data, among others, from the Internet or Wikipedia. For this reason, large
language models might acquire stereotyped biases (e.g., Caliskan et al., 2017), which can lead to
the perpetuation of discrimination against racially marginalized groups in science assessment
(Cheuk, 2021; Cheuk et al., 2019), such as second language learners (Deng et al., 2022; Deng &
Flynn, 2023). Reducing bias can include a more controlled training process or applying subject-
sensitive, situation-specific standards for examining bias along with creating countermeasures
against discrimination (Grimm, Steegh, Çolako�glu, et al., 2023; Grimm, Steegh, Kubsch, &
Neumann, 2023).

Moreover, we did not investigate the difficulty of detecting the clusters without deep learn-
ing. We only showed via post-hoc explanations that the features consulted by the deep learning
model correspond to human scoring guidelines. Specifically, the deep learning model relied fre-
quently on specific words in responses (Figure 5, Wulff, Mientus, et al., 2022) or similarities
between sentences as encoded in the embedding space (Figure 3, Wulff, Mientus, et al., 2022).
However, we did not explore a priori if the clusters were easy to detect by humans. The high
level of human-human inter-rater reliability indicates, nonetheless, that human analysts can
reliably adopt the developed scoring rubric.

Besides, students' written arguments were assigned to one of 20 categories depending on the
applied mode of reasoning and level of granularity. However, automating the analysis of some
categories was not possible at all due to the lack of sample arguments. For example, we aggre-
gated the categories of relational- and linear causal-electronic reasoning in the sublevel nucleo-
philes and electrophiles or the categories of descriptive- and relational-electronic reasoning in the
sublevel acids and bases. In the future, further student-written arguments need to be collected
to expand the scoring rubric to precisely differentiate between all conceivable categories. Here,
it may be particularly helpful to gather data at different institutions, from courses with varying
instructors and curricula, and from students with diverse demographic backgrounds. Future
research can, therefore, increase the validity and reliability of the deep learning architecture
with a larger training set.

A limitation related to the absence of arguments in some rubric categories is a low sample
heterogeneity in our study since our model is trained on a sample that belongs to a rather
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homogeneous demographic group. In other words, the data used to train our deep learning
model originated from a single set of students enrolled at the same institution. Hence, we could
not determine to what extent the model is generalizable to other institutions or cohorts. Never-
theless, prior research documented that pre-trained large language models applied for analyzing
students' reasoning in science subjects could be generalized across contexts, such as institutions
and disciplines (Wulff et al., 2023). In detail, a fine-tuned BERT model developed for classifying
pre-service physics teachers' written reflections could be reliably utilized across universities as
well as for analyzing written reflections of non-physics students (Wulff et al., 2023). This sug-
gests that BERT models as used in this study show strong generalizability across various con-
texts, enabling researchers to share their models and adapt these models to specific student
populations. In the future, we aim to further improve model generalizability by fine-tuning the
model to new contexts. Based on more heterogeneous data, the potential bias of our deep learn-
ing architecture could also be reduced (cf., Noyes et al., 2020), which may build more confi-
dence in the results produced by our model.

7 | CONCLUSIONS AND IMPLICATIONS

We employed ML at an early stage in the assessment development process to create and refine
a holistic scoring rubric for evaluating students' argument complexity when judging the plausi-
bility of competing chemical reactions. Our approach combined data-driven deep learning
methods with theory-driven human interpretation, which aligns with emerging recommenda-
tions for using ML in conjunction with research-informed theories to get a more comprehensive
understanding of complex phenomena (Carlsen & Ralund, 2022; Kubsch et al., 2023;
Nelson, 2020; Rosenberg and Krist, 2021; Tschisgale et al., 2023).

In contrast to other projects analyzing students' scientific argumentation with ML, we
applied a clustering approach as the first step in our analysis to extend the level of detail of our
classification. Here, we used HDBSCAN in an exploratory way to detect common patterns in
students' arguments, which gave us an idea of the categories suitable for subsequent supervised
automation. Cluster analysis supported us in formulating evidence statements that specify the
performance accepted as evidence, which is an integral part of rubric development as postulated
by the evidence-centered design approach to educational assessment (Kubsch et al., 2022;
Mislevy, 2016; Mislevy et al., 2003; Pellegrino et al., 2016). Although ML is increasingly preva-
lent in educational assessment, such an unsupervised approach is not frequently applied, yet
(Zhai, Yin, et al., 2020).

Cluster analysis informed the process of rubric development, but we did not adopt the find-
ings of the cluster analysis without theory-driven reflection. So, cluster analysis uncovered to
some extent how students judged the plausibility of competing chemical reactions but only
the theoretical framework enabled the systematic classification of students' argumentation.
Combining a data- and theory-driven approach ensured that the rubric categories did not only
represent statistical values of similarity evident in the data but also pre-existing, empirical
theories and human expertise. A similar methodological approach was used by Anderson et al.
(2020), Prevost et al. (2012), Sherin (2013), Wulff, Buschhüter, et al. (2022), Wulff et al. (2023),
and Zehner et al. (2016) to justify the validity of their qualitative coding, but not with a focus
on rubric development. By contrast, Jescovitch, Doherty, et al. (2019), Jescovitch, Scott, et al.
(2019), Jescovitch et al. (2021), Kaldaras et al. (2022), and Mao et al. (2018) focused on rubric
development for ML-based scoring, but without the use of unsupervised techniques. In this
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article, instead, we provide just like Haudek et al. (2015) and Rosenberg and Krist (2021) an
example of how to incorporate unsupervised ML techniques into human qualitative interpretation
for rubric development.

After the application of unsupervised techniques, we used large language models, which
made significant advancements in addressing a broad spectrum of NLP issues (cf.,
Koroteev, 2021), as most notably experienced in conversational chatbots like ChatGPT. In con-
junction with a deep neural network, we could automate the evaluation of students' arguments
according to a 20-category holistic scoring rubric. As far as we know, the possibility of applying
deep learning to evaluate argumentative patterns in students' responses according to a complex
multi-class rubric was not reported before. Other projects in chemistry education research chose
either an analytic scoring approach with a single or multiple binary classifiers (e.g., Dood
et al., 2018; Watts et al., 2023b; Winograd, Dood, Moon, et al., 2021; Yik et al., 2021) or applied
a holistic rubric with three to five levels (e.g., Donnelly et al., 2015; Dood et al., 2020a; Haudek
et al., 2009, 2012, 2019; Liu et al., 2014; Maestrales et al., 2021; Noyes et al., 2020; Tansomboon
et al., 2017; Vitale et al., 2016). With computational grounded theory as a methodological frame-
work, we demonstrated that deep learning techniques can be used to evaluate students' argu-
ments according to an abstract, holistic, multi-class rubric with almost perfect machine-human
score agreement. Therefore, we assume that by strategically integrating theory-driven consider-
ations into data-driven classifications it is possible to develop a scoring rubric that can be more
easily incorporated into supervised analysis.

The diagnosis of students' argumentation skills can, in the future, be used to design instruc-
tional settings that realize aspects of adaptive learning (cf., Plass & Pawar, 2020). Here,
our analysis enables providing personalized feedback and tailored exercises accounting for
the modes of reasoning and levels of granularity applied in students' argumentation. This
ML-assisted approach to adaptive learning seems promising as it increased students' level of
explanation sophistication in another chemistry context (Dood et al., 2020a, b).

Along with realizing aspects of adaptive learning, the established deep learning architecture
can be used to monitor students' learning progression over time (cf., Swiecki et al., 2022). Spe-
cifically, tracking students over a more extended period may help evaluate how argumentation
skills change, how students move from one argumentation cluster to another, how and when
clusters emerge, and what competencies need to be trained so that students reason in high-level
clusters (Zhai et al., 2023). Moreover, this longitudinal data collection may enable measuring
the effects of adaptive learning on students' argumentation skills and help determine optimal
conditions for adaptive learning including how to fade support. Ultimately, this could allow for
new approaches to Just-in-Time Teaching (Novak et al., 1999) realized with adaptively faded
scaffolds (McNeill et al., 2006; Noroozi et al., 2018).

Furthermore, students responded in our instructional setting to the same prompt for each of
the proposed reactions, that is, they repeatedly judged whether the displayed molecule is a plau-
sible product. In the future, the prompt could be varied to generalize our deep learning model
not only across different chemical reactions but also across different prompt types. Here, it may
be possible to instantly assess which prompt type is most appropriate for a student and to adapt
the prompt afterward. This may allow for providing automatically adapted prompts with vary-
ing degrees of scaffolding and guidance.
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