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Abstract

Valid rubrics facilitate assessing the level of complexity in students’ open-ended
responses. To design a valid rubric, it is essential to thoroughly define the types of
responses that represent evidence of varying complexity levels. Formulating such
evidence statements can be approached deductively by adopting predefined criteria
from the research literature or inductively by detecting topics, for example, based
on data-driven machine learning (ML) techniques. Investigating the interdependence
of such research-informed and ML-based rubrics is key to validating ML-based
approaches and enhancing their applicability in formative assessments. This study
quantitatively compares a research-informed and an ML-based rubric designed to
capture the complexity of students’ reasoning on the relative rate of contrasted reac-
tions in undergraduate organic chemistry. Specifically, we leveraged an ML-based
clustering technique to inductively develop a holistic fifteen-category rubric to
evaluate students’ open-ended reasoning. Subsequently, we performed a quantitative
analysis to examine whether the ML-based rubric and its research-informed coun-
terpart are significantly associated. Our findings indicate that research-informed and
ML-based rubrics assess students’ reasoning comparably. Thus, both rubric types
are valid for categorizing students’ reasoning, underscoring the applicability of inte-
grating ML techniques into rubric development. Nevertheless, aligning ML-based
rubrics with the respective assessment objectives remains crucial. A well-aligned,
evidence-based rubric may ultimately ease the analysis of student reasoning.
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Introduction

Developing valid rubrics is essential in educational research and instruction
because they can provide detailed insights into student performance, clarify expec-
tations, standardize scoring, and enable educators to offer constructive feedback
(Brookhart & Chen, 2015; Jonsson & Svingby, 2007). Valid rubrics are espe-
cially important when evaluating the complexity of students’ ambiguous open-
ended reasoning since they can offer clear criteria for assessing varied responses.
Researchers and instructors can approach the development of valid rubrics in line
with evidence-centered design (e.g., Mislevy, 2016; Mislevy, Almond et al., 2003;
Pellegrino et al., 2016). Before rubric development, this strategy for educational
assessment design demands a clear definition of the skills to be acquired (Mislevy,
2016; Pellegrino et al., 2016). Then, researchers or instructors must determine
which elements in students’ responses constitute evidence of skill acquisition, how
these elements are interpreted and coded, and what techniques are used to validate
these interpretations (Mislevy, Almond et al., 2003; Rupp et al., 2012). Finally,
rubrics should be adjusted depending on the tasks at hand and the characteristics of
the population that is going to respond to these tasks (Kubsch et al., 2022; Mislevy,
Almond et al., 2003; Mislevy & Haertel, 2007; Pellegrino et al., 2016). Collec-
tively, these considerations highlight that rubric design is an integral part of devel-
oping assessments that help draw coherent conclusions from students’ responses to
their skills (Mislevy, 2016; Mislevy, Almond et al., 2003; Mislevy & Haertel, 2007;
Mislevy, Steinberg et al., 2003; Pellegrino et al., 2016).

Nonetheless, designing valid rubrics is a complex endeavor (Panadero & Jonsson,
2020). Rubrics must align with learning objectives, assessment methods, and instruc-
tional strategies, which can be challenging. Furthermore, many learning objectives
involve complex skills that are difficult to define, complicating their quantification
within a rubric. Also, rubrics must strike a balance between being specific enough to
provide clear criteria for evaluating students’ reasoning and flexible enough to accom-
modate diverse responses. Ultimately, designing, testing, and refining rubrics requires
time and effort, which can pose a barrier for educators.

Alongside these overarching challenges, domain-specific obstacles also exist
when developing valid rubrics, for example, in undergraduate organic chemistry.
Organic chemistry involves predicting the selectivity of transformations, design-
ing new synthesis routes, and critically evaluating the plausibility of reactions—
tasks necessitating mechanistic reasoning (Bhattacharyya & Bodner, 2005).
Mechanistic reasoning is a science practice that goes beyond simply describ-
ing the outcome of chemical reactions (Dood & Watts, 2022; Graulich, 2015).
It entails deducing the underlying processes of observed phenomena to explain
how and why changes occur at the molecular level (Cooper et al., 2016; Russ
et al.,, 2008). When chemists use mechanistic reasoning, they aim to rationalize
the mechanistic pathway from reactants to products (Machamer et al., 2000). This
includes analyzing the movement of electrons, the formation and breaking of
chemical bonds, and the energetic level of the reagents (Goodwin, 2003, 2008).
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Following that, mechanistic reasoning is a multifaceted science practice, and cap-
turing its complexity in a rubric is not straightforward (Caspari et al., 2018).

In addition to the intricate nature of mechanistic reasoning, the challenges stu-
dents face when reasoning about mechanisms make it also difficult to develop valid
rubrics that capture various skill levels (Raker et al., 2022). Students’ challenges
include establishing cause-effect relations (Crowder et al., 2024; Frost et al., 2023;
Weinrich & Talanquer, 2016; Yik, Dood et al., 2023), integrating implicit proper-
ties in their reasoning (Graulich et al., 2019), or connecting structural and energetic
accounts to chemical reactions (Caspari et al., 2018; Polloth et al., 2023). Students
can only overcome these challenges and demonstrate more complex mechanistic
reasoning when these skills are consistently assessed and supported (DeGlopper
et al., 2022; Stowe & Cooper, 2017; Stowe et al., 2021). Hence, valid assessments
are necessary to capture the complexity of students’ mechanistic reasoning, requir-
ing rubrics that accommodate diverse student challenges.

To address these design obstacles, rubrics can be developed deductively by incor-
porating predefined criteria from the research literature or inductively by identifying
topics in students’ responses. Advances in machine learning (ML) have facilitated
the inductive development of rubrics, alleviating educators from the time-consum-
ing task of designing rubrics from scratch. However, little is known about the valid-
ity of using ML to define rubrics, whether research-informed and ML-based rubrics
map skill levels similarly, and the degree to which these rubric types are associated.

This study compares a research-informed and an ML-based rubric for analyz-
ing undergraduate organic chemistry students’ mechanistic reasoning to determine
whether ML-based rubrics are valid for capturing students’ mechanistic reason-
ing and whether it is appropriate to ground formative assessments exclusively on
these ML-based rubrics. Examining the interdependence of both rubric types helps
integrate their benefits: On the one hand, ML techniques could be used to confirm
frameworks proposed in education research because these techniques offer addi-
tional data-driven insights into students’ reasoning (Sherin, 2013). On the other
hand, research-informed frameworks could inform the interpretation of an ML
analysis since existing frameworks add depth to data-driven classifications (Nelson,
2020). This study explores whether integrating ML techniques into rubric develop-
ment advances the validity of formative assessments.

Background
Methodological Basics: Applying Machine Learning in Educational Assessment

Artificial intelligence (AI) encompasses a range of technologies that simulate
human abilities, allowing machines to perform human tasks (Bellmann, 1978;
Haugeland, 1989). In education, AI holds great potential to transform teach-
ing and learning (Kubsch et al., 2023; Martin & Graulich, 2023; Zhai, Haudek
et al., 2020; Zhai, Yin et al., 2020l). For instance, intelligent tutoring systems
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can assess students’ learning needs, offer real-time feedback, and deliver person-
alized exercises (Deeva et al., 2021), reducing the workload for instructors and
enabling faster assessment processes (Urban-Lurain et al., 2013).

ML—a subarea of Al—is centered around creating algorithms that allow
computers to learn from data (Bishop, 2006; Mitchell, 1997; Mohri et al., 2012;
Samuel, 1959). Over the past fifteen years, ML has brought significant advance-
ments in education (Deeva et al., 2021; Gerard et al., 2015; Martin & Graulich,
2023; Zhai, Haudek et al., 2020; Zhai, Yin et al., 2020), for example, in adaptive
learning (e.g., Lim et al., 2023; Sailer et al., 2023). One type of ML is unsu-
pervised learning, which involves detecting patterns or relationships within unla-
beled data. Unlike supervised learning, which relies on labeled data, unsupervised
ML algorithms are used in educational studies to identify similarities, group data
points, reveal underlying patterns, and inductively extract data-driven topics (e.g.,
Anderson et al., 2020; Haudek et al., 2015; Prevost et al., 2012; Rosenberg & Krist,
2021; Sherin, 2013; Tschisgale et al., 2023; Wulff et al., 2022; Wulff, Westphal
et al., 2023; Zehner et al., 2016). This approach is especially useful when deal-
ing with large, unstructured datasets because it eases data exploration and pattern
identification. Despite potential benefits, unsupervised ML is still rarely applied in
educational studies (Zhai, Haudek et al., 2020; Zhai, Yin et al., 2020), particularly
in studies on mechanistic reasoning in chemistry (Martin & Graulich, 2023).

To evaluate human language with ML, text data must undergo preprocessing
using appropriate natural language processing (NLP) techniques. NLP covers var-
ious methods that enable computers to analyze and generate human language. In
recent years, large language models have emerged as a significant milestone in
NLP (Taher Pilehvar & Camacho-Collados, 2020). These large language mod-
els are trained on massive amounts of unlabeled text data—often billions of sen-
tences—to undertake various language-related tasks, such as question-answer-
ing, text classification, or text generation (Radford et al., 2019). Large language
models are also increasingly applied in education research since they can process
words related to each other, even when they are far apart in a sentence (e.g., Dood
et al., 2022, 2024; Gombert et al., 2023; Martin et al., 2024; Winograd, Dood,
Moon et al., 2021; Winograd, Dood, Finkenstaedt-Quinn et al., 2021; Wulff,
Mientus et al., 2023). Additionally, the pre-training of these large language mod-
els on extensive text corpora improves model generalizability and accuracy, while
less training data is required for model training (Vaswani et al., 2017).

Due to these recent advancements, incorporating ML and NLP techniques in
teaching and learning holds promise but a successful application relies on the
design of valid rubrics that clarify what responses are representative of different
complexity levels (Kubsch et al., 2022; Martin & Graulich, 2023). Educators can
develop such rubrics deductively using predefined research-informed criteria or
inductively, for example, by identifying categories through data-driven ML tech-
niques. However, data-driven categories require human interpretation to capture
the specifics of a context. For this reason, a methodological framework that out-
lines how to integrate human qualitative interpretation into ML techniques guides
the analysis presented herein.
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Methodological Framework: Computational Grounded Theory

Computational grounded theory specifies how unsupervised clustering can inform
the development of a rubric (Carlsen & Ralund, 2022; Nelson, 2020). Generally,
computational grounded theory builds on the traditional grounded theory approach,
which involves creating theories about social phenomena by closely examining data
(Glaser & Strauss, 1999). This approach allows topics to emerge inductively from
data, rather than being imposed on it, to provide data-driven insights into social
phenomena that are not directly observable (Charmaz, 2014). However, because
grounded theory relies on subjective decisions regarding data interpretation, it can
lead to biased outcomes (Saldana, 2015), produce hypotheses that are difficult to
replicate (Biernacki, 2012), and be less effective for analyzing large, unstructured
datasets (Bail, 2014). To address these limitations, computational grounded theory
integrates qualitative research with computational techniques to analyze large data-
sets systematically for theory development (Kubsch et al., 2023; Nelson, 2020;
Rosenberg & Krist, 2021). This approach helps identify patterns in unstructured
data, inductively generate theories about the phenomena under study, and validate
these theories through quantitative testing (Nelson, 2020).

In practice, computational grounded theory outlines a three-step process to guide
researchers in rubric design and application (Nelson, 2020): The initial step, the pat-
tern detection step, involves computational methods to convert complex, content-
rich text into interpretable categories. Specifically, unsupervised ML algorithms
can be applied in this step to uncover reproducible data patterns. Inductively detect-
ing patterns can be an initial step in developing ML-based rubrics since it allows
researchers to derive data-driven categories from student reasoning, pre-structure
conceptually different ideas into distinct categories, and extract student examples
representing each category. However, pattern detection only assigns numerical
labels to student responses with each label corresponding to a specific category.
Humans must then identify the common characteristics among the responses shar-
ing the same label. Consequently, human experts must interpret the data-driven cat-
egories using research-informed thematic content analysis in the following pattern
refinement step. This step allows the finalization of the pre-structured rubric since
human experts can refine the data-driven categories. Besides, merging conceptually
related categories or introducing new ones is also possible. In the final pattern con-
firmation step, computational methods like supervised ML can test the reliability
and generalizability of the inductively derived patterns. This step is useful for apply-
ing the rubric in practice because ML models can be developed that automatically
evaluate students’ responses based on the established rubric.

This article examines the validity of the first two steps of computational grounded
theory as little is known about how these steps interact. In doing so, we applied an
unsupervised clustering technique to extract categories from undergraduate organic
chemistry students’ reasoning about reaction mechanisms. Next, we interpreted
these categories based on the concepts students integrated into their mechanistic rea-
soning. We then quantitatively investigated the association between this ML-based
rubric and a traditional research-informed approach. In other words, we examined
how well the categories extracted by an unsupervised ML algorithm correspond to a
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research-informed rubric based on specific types of reasoning in organic chemistry.
Developing an ML classifier that automatically evaluates student reasoning within
this approach is beyond the scope of this article but is covered in detail elsewhere
(e.g., Martin et al., 2024; Rosenberg & Krist, 2021; Tschisgale et al., 2023).

Literature Review: Comparing Rubric Types in Educational Assessment

Our comparison of ML-based and research-informed rubrics contributes to the exist-
ing literature on the similarities and differences between various rubric types in edu-
cational assessment, primarily focusing on analytic and holistic rubrics (e.g., Franovic
et al., 2023; Haudek et al., 2015; Jescovitch, Doherty et al., 2019; Jescovitch, Scott
et al., 2019; Jescovitch et al., 2021; Kaldaras et al., 2022; Liu et al., 2014; Noyes
et al., 2022; Wang et al., 2021; Wilson et al., 2023; Wulff, Westphal et al., 2023).
These two rubric types are frequently applied for manual or ML-based scoring of
open-ended assessment tasks. Analytic rubrics analyze responses in multiple binary
categories, where each analytic component represents a unique idea. By contrast,
holistic rubrics classify responses based on their overall quality, making them poly-
tomous with each scoring level being mutually exclusive from the others. As indi-
cated by previous research, choosing either an analytic or holistic rubric can impact
the reliability and validity of the assessment results, human coding effort, and the
performance of ML models (Jescovitch, Doherty et al., 2019; Jescovitch et al., 2021;
Kaldaras et al., 2022; Wang et al., 2021). Therefore, understanding the similarities
and differences between these two approaches can contribute to developing improved
coding methods.

So far, some researchers merged analytic and holistic rubrics into one another.
For example, Franovic et al. (2023) and Noyes et al. (2022) found that beginning
with an analytic rubric allowed for a fine-grained analysis in the initial stages of
evaluating students’ reasoning on protein-ligand binding. Their analytic rubric—
developed through multiple iterations—comprised three essential ideas derived
from an ideal explanation. These three essential ideas allowed them to combine the
analytic categories into three holistic performance levels with increasing complex-
ity. In contrast, Jescovitch, Doherty et al. (2019), Jescovitch, Scott et al. (2019),
Jescovitch et al. (2021), Kaldaras et al. (2022), Liu et al. (2014), and Wilson et al.
(2023) broke down a holistic rubric into a set of analytic categories to clarify rubric
criteria for machine coding, aiming to develop more accurate ML models than with
holistic scoring. After developing reliable scoring models for each analytic category,
they recombined these categories to form an overall holistic score using logic opera-
tors. These composite scores matched the initial holistic scores but produced higher
machine-human score agreements than using a holistic rubric alone (Jescovitch,
Doherty et al., 2019; Jescovitch et al., 2021; Kaldaras et al., 2022; Wilson et al.,
2023). Consequently, they inferred that analytic rubrics identify additional com-
plexity in students’ responses, which was rationalized by the reduced ambiguity in
human coding (Jescovitch, Doherty et al., 2019; Jescovitch et al., 2021; Wang et al.,
2021). Combining both analytic and holistic elements in rubrics may, thus, increase
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their validity and provide a more nuanced analysis of student responses (Jescovitch,
Doherty et al., 2019; Noyes et al., 2022).

However, integrating analytic and holistic rubrics can pose challenges. When
transforming a holistic rubric into analytic categories, it is challenging to incor-
porate all relevant categories and maintain a category number that still reflects
the essence of the holistic rubric (Liu et al., 2014). Introducing distinct analytic
categories that do not oversimplify the evaluation of complex constructs is espe-
cially challenging (Jescovitch, Doherty et al., 2019; Jescovitch, Scott et al., 2019;
Kaldaras & Haudek, 2022; Kaldaras et al., 2022). Conversely, holistic rubrics have
been shown to complicate the reliable scoring of student responses that contain
scientifically normative and non-normative ideas since human raters must decide
how to penalize errors (Liu et al., 2014). Effectively navigating these challenges
is critical for creating valid rubrics that accurately categorize students’ reasoning.

Overall, these findings suggest that no rubric type consistently outperforms
the other (Brookhart, 2018). Previous ML-related studies in chemistry education
research successfully constructed scoring models using either dichotomous ana-
lytic rubrics (e.g., Dood et al., 2018; Watts, Dood et al., 2022; Winograd, Dood,
Moon et al., 2021; Yik et al., 2021; Yik, Schreurs et al., 2023) or multi-level holis-
tic ones (e.g., Donnelly et al., 2015; Dood et al., 2020; 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). Even a combination of both approaches can be
useful (Harsch & Martin, 2013; Tomas et al., 2019). However, deciding between
an analytic or holistic rubric is not strictly an empirical question since it may be
possible to calculate the performance of ML models trained on these different
rubric types in advance by considering factors such as inter-rater reliability, data
distribution, and the number of rubric categories.

Similar validity and reliability issues arise from the increasing combination of
research-informed and ML-based rubrics. For this reason, we explored whether
an ML-based, exclusively data-driven rubric reflects research-informed considera-
tions. One can assume that ML-based rubrics do not mirror existing frameworks
per se since the corresponding unsupervised ML techniques detect clusters in data
based on statistical similarity measured by the distance between data points in a
high-dimensional space. Because of this emphasis on statistical values, apply-
ing ML in formative assessments could lead to neglecting evidence-based teach-
ing practices, potentially harming student learning (Li et al., 2023). Comparing
research-informed and ML-based rubrics may help clarify whether these concerns
are reasonable and whether ML techniques are valid for rubric development.

Research Questions

This study investigates the association between research-informed and ML-based
rubrics to analyze students’ mechanistic reasoning in undergraduate organic chem-
istry. We prompted students in open-ended items to explain which of two contrasted
reactions occurs at a higher rate and developed rubrics to capture the complexity of
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students’ mechanistic reasoning (Kranz et al., 2023, under review)l. We then examined
whether an ML-based rubric reflects the numerous theory-rich considerations that led
to the development of the initial research-informed rubric. Our analysis was guided by
two research questions (RQs).

1. What clusters can be revealed by applying unsupervised ML to develop a rubric
that captures students’ mechanistic reasoning?
2. To what degree are the research-informed and ML-based rubrics associated?

a Are there statistically significant associations between the computationally
revealed clusters and research-informed categories? If so, what are the spe-
cific associations among the rubrics?

b Do these associations remain when merging the research-informed catego-
ries? If so, what are the specific associations among the rubrics?

The research-informed rubric is detailed in Sect. 4.3 (“Research-Informed Rubric”)
and its ML-based counterpart is described in Sect. 5.1 (“Detecting ML-Based Clus-
ters”). Initially, the research-informed rubric featured three analytic categories, whereas
the ML-based rubric is holistic. To compensate for these design variations, we merged
the three analytic categories into a holistic research-informed rubric (Sect. 4.5: “Quan-
titative Comparisons between the Research-Informed and ML-Based Rubrics”). We
then investigated the associations between the computationally revealed clusters and
the merged research-informed categories (RQ 2b). Transforming the research-informed
analytic categories into a holistic rubric may improve the validity and robustness of our
findings as both the merged research-informed and ML-based rubric use a mutually
exclusive approach to scoring student reasoning.

Two potential outcomes are possible: If the two rubrics are not associated, the ML-
based rubric would overlook research-informed considerations, neglecting valuable
evidence-based contributions from education research and potentially reducing the
validity of the applied ML technique. In contrast, if the two rubrics are associated, the
ML-based rubric would naturally incorporate research-informed considerations, bol-
stering confidence in both approaches (Sherin, 2013). Following this, exploring these
RQs advances our understanding of ML’s potential to complement traditional forma-
tive assessments.

Methods
Setting of Data Collection

This study was conducted in the Winter 2021 and Summer 2022 semesters in four
courses across three German universities and is part of a larger intervention study

' As the manuscript Kranz et al. (under review) had not yet been published, we provide a detailed

description of the research-informed rubric in Sect. 4.3 (“Research-Informed Rubric”). The analysis pre-
sented herein can be fully understood without access to Kranz et al. (under review).
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(Kranz et al., under review). The intervention aimed to support students’ mechanis-
tic reasoning through rubric-based formative assessments in undergraduate organic
chemistry without initially applying ML techniques. The tasks were presented in a
digital format. A total of 122 undergraduate students participated in this study, rep-
resenting various backgrounds: 62 were chemistry bachelor students, 33 were pre-
service chemistry teachers, and 27 were enrolled in chemistry-related study programs
such as food chemistry or materials science. The age of the participants ranged from
18 to 40 years (M=21.09, SD=2.91), with 62 identifying as male, 59 as female, and
one as non-binary. All but four students were native German speakers. A total of 454
German-written responses were collected (M, uconn: = 4701, SD=32.32). Student
responses and the entire data analysis were translated from German to English only for
publication.

The data collection and analysis adhered to the General Data Protection Regu-
lation of the European Union (2016). While German universities do not require
Institutional Review Board approval, the data collection followed ethical guidelines
(Deutsche Forschungsgemeinschaft, 2022). Data were collected without identify-
ing or sensitive information to ensure participant anonymity. Informed consent was
obtained from all participants and their privacy rights were strictly observed. Stu-
dents were informed that participation was voluntary and they could withdraw from
the study. Students were informed that their anonymized writing and data would be
analyzed and discussed by the research group and used for publication. Only the
authors had access to the data, which was stored securely on a local hard drive.

Task Format: Case Comparisons

Case comparisons have been used as a task format in this study to elicit students’
mechanistic reasoning (Chin et al., 2016; Graulich & Schween, 2018). This task for-
mat involves presenting students with two or more cases carefully designed to high-
light distinct structural features. The primary goal of case comparisons is to make
differing task features more salient and easier to identify for students (Bussey et al.,
2013; Lo & Marton, 2012). By focusing students’ attention on these differing fea-
tures, explaining their impact on the outcome of organic chemistry reactions can
be supported (Bodé et al., 2019; Caspari & Graulich, 2019; Caspari et al., 2018;
Kranz et al., 2023; Watts et al., 2021). In a meta-analysis, Alfieri et al. (2013) found
that students working with case comparisons could identify significantly more fea-
tures than students working with single cases (d=0.60, 95% CI [0.47; 0.72]), which
emphasizes that case comparisons highlight essential structural features that stu-
dents might otherwise overlook (Caspari & Graulich, 2019).

The two case comparisons used in this study are presented in Figs. 1 and 2. The
given reactions present a chemical process, where a negatively charged atom leaves
a molecule and a positively charged structure forms—the beginning stage of a spe-
cific kind of reaction called a unimolecular nucleophilic substitution (Sy1). In techni-
cal language, the case comparisons represent the first step of an Sy1 reaction, showing
the departure of a leaving group and the formation of a carbocation. In contrast to the
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Case Comparison 1

Cl ©
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solvent

Explanation

Reaction A Reaction B
/\’4\@% rindunct;ve efl‘;actt t
esonance effec /@\
| | /
better stabilized distribution of worse stabilized
than B positive charge than A
J, ¥ ¥
lower activation already occuring higher activation
energy in transition state energy
3
faster than B influence on kinetics slower than A

Fig.1 Case comparison 1 with a sample solution included: The column on the left argues for reaction
A, while the column on the right argues for reaction B. The column in the middle illustrates the general
reasoning path. The faster reaction is highlighted in green

first task, the second task introduces two different leaving groups, causing students to
analyze how ion size affects electron distribution. Students were prompted to explain
which of the two reactions occurs faster, and we developed a research-informed rubric
to evaluate students’ responses (Kranz et al., under review).

The case comparisons are designed to reinforce a specific reasoning path: identi-
fying structural differences, comparing their chemical properties, outlining changes
in the reaction process, analyzing how differing properties affect those changes, con-
necting structural and energetic features, and determining which reaction occurs
at a higher rate (Caspari & Graulich, 2019; Graulich & Caspari, 2021). Despite
the similarity in sample solutions, students’ mechanistic reasoning varied signifi-
cantly across the case comparisons (Table 1). Besides, students sometimes included
unproductive resources in their mechanistic reasoning, such as assuming that higher
electronegativity always improves a leaving group’s quality (Table 1: ID: 2). Hence,
although the two tasks share some characteristics, they elicited a wide range of
mechanistic reasoning.
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Case Comparison 2
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than B charges than A
¥ ¥ ¥
lower activation already occuring higher activation
energy in transition state energy
¥ ¥ 3
faster than B influence on kinetics slower than A

Fig.2 Case comparison 2 with a sample solution included: The column on the left argues for reaction
A, while the column on the right argues for reaction B. The column in the middle illustrates the general
reasoning path. The faster reaction is highlighted in green

Research-Informed Rubric

The research-informed rubric (Fig. 3) is based on previous work by Kranz et al.
(2023, under review). This rubric evaluates whether a student reasons in a mul-
tivariate, comparative, and electronic way. The three categories were applied
to analyze students’ mechanistic reasoning on case comparisons, demonstrating
that using this task format leads to a significantly higher learning gain for organic
chemistry students with low prior knowledge as compared to single cases (Kranz
et al., under review). We refined the original rubric by removing the productive
code, which only evaluated the correctness rather than the complexity of students’
mechanistic reasoning. Beyond that, we renamed the weighing process code to
comparative reasoning to better align with existing literature (Bodé et al., 2019;
Deng & Flynn, 2021).
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Two distinct features, each corresponding to a different property,

e = support the conclusion regarding the higher rate of one reaction.

O

Cation A: Stabilization of the charge by means of hyperconjugation and a resonance effect ‘1 —
induced by the double bond. \ ﬂ

Arguments for both reactions are presented and compared to support

Comparative = decision-making.

effect, a positive inductive effect, and hyperconjugation. In [B], hyperconl,ugation and a -~
stronger positive inductive effect occur because more methyl groups are attached. The anions | ﬂ
 are the same. The possibility of resonance stabilization in A is, therefore, crucial.

" In this case, only the cations have to be compared with each other, In A, there is a resonance \'\ 0

Electronic = Electronic properties support the conclusion regarding the higher rate
of one reaction. Referring to electronegativity is insufficient.
"In reaction A, a cation is formed which has a positive charge at the 3C atom [third carbon \} HO)

atom]. This is stabilized by the [positive] inductive effect of the ad(/;acen.t methlb/l group as
electron density can be ‘donated into the emp%/ p-orbital at 3C [third carbon atom].
Furthermore, the cation is resonance stabilized. The charge can shift to the 1C atom [first
carbon atom] of the molecule due to the double bond. Therefore, it [the positive charge] is
gefoca;(zed and the resulting ion is energetically much lower than it would be without
. delocalization.

Fig. 3 Research-informed reasoning types with definitions and student-written examples included

As a first research-informed category, multivariate reasoning identifies multiple
chemical properties, analyzes their interactions, and explains how these interac-
tions impact the plausibility of chemical reactions (Kraft et al., 2010; Kranz et al.,
2023; Sevian & Talanquer, 2014). Following that, multivariate reasoning unpacks the
influence of multiple properties driving a phenomenon (Kranz et al., 2023; Sevian
& Talanquer, 2014). As indicated in many studies, students often struggle to build
multivariate mechanistic reasoning (Deng & Flynn, 2021; Deng et al., 2022; Frost
et al., 2023; Kranz et al., 2023; Yik, Schreurs et al., 2023). In alignment with our
prior research (Kranz et al., 2023, under review), students’ mechanistic reasoning was
considered multivariate if a minimum of two chemical properties were outlined for
at least one of the given reactions. Instead, the response was considered univariate if
only one chemical property was included in a student response.

Another frequently studied reasoning type is comparative reasoning, which com-
prises the second category of our research-informed rubric. Comparative reasoning
involves contrasting the molecules or their resulting reactivity to focus on similarities
and differences (Bodé et al., 2019; Caspari et al., 2018; Deng & Flynn, 2021). Such
comparisons are necessary to determine differing properties of the given molecules
across two or more reactions. Furthermore, comparing is essential for scientific argu-
mentation as it helps support claims and refute counterarguments (Kuhn & Udell,
2003; Toulmin, 2003). While analyzing students’ comparative reasoning, Bodé et al.

@ Springer



International Journal of Artificial Intelligence in Education

(2019) and Deng and Flynn (2021) found that most students established partial or
complete comparisons in organic chemistry. In our analysis, students’ mechanistic
reasoning was considered comparative if they argued about a similar property in both
displayed reactions to decide which one occurs faster.

The third category of our research-informed rubric addresses electronic reason-
ing, which considers the movement and distribution of electrons in entities (Becker
et al., 2016; Bodé et al., 2019; Caspari et al., 2018; Cooper et al., 2016; Crandell
et al., 2019; Deng & Flynn, 2021). In other words, electronic reasoning describes
how electron density influences the properties of molecules, which means that this
reasoning type requires incorporating electronic effects, such as resonance, hyper-
conjugation, or inductive effects. Generally, electronic reasoning allows students to
explain the underlying causes of a mechanism, so it is highly valued across science
subjects (Krist et al., 2019). Whether students include electronic properties in their
reasoning depends on the context and prompt (Deng & Flynn, 2021). We coded a
students’ mechanistic reasoning as electronic if it addressed the movement or distri-
bution of electrons within at least one molecule.

Author DK coded all student responses in a binary way based on the three
research-informed categories. After that, author PPM independently coded a ran-
domly selected subset of 20% of the data to assess inter-rater reliability. A Cohen’s
x of 0.73 was achieved in the first coding round. After codes were discussed and
refined, Cohen’s k on the initial 20% of coded data increased to 0.84 (95% CI [0.78,
0.91]), indicating an almost perfect agreement (Landis & Koch, 1977). Finally, author
DK revisited the entire dataset and re-evaluated the codes considering the discussion.

ML-Based Rubric

To investigate whether an ML-based rubric mirrors the research-informed consid-
erations outlined above, we used unsupervised ML to design a novel rubric captur-
ing students’ mechanistic reasoning. By doing so, we initially removed stopwords,
i.e., filler words, to boost the performance of the applied unsupervised ML tech-
nique. To accomplish this, we downloaded a generic, pre-defined list of stopwords
accessed via the programming environment R and made minor adjustments, cre-
ating a final list of 586 words excluded from the analysis. After that, we applied
a large language model to convert students’ written accounts into contextualized
embeddings (Fig. 4a), which are high-dimensional numerical representations of

a) Preprocessing b) Reducing c) Extracting d) Plotting
text data dimensions clusters clusters
H=768 Dims =5 Dims = 5
| — 1 L
F'a BERT UMAP e UMAP et
student
answers in embeddin
German 768- 5- clusters space ¢
dimensional dimensional
vectors vectors

Fig.4 Analysis steps for the development of the ML-based rubric
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words. This transformation typically improves the accuracy of ML-based methods
(Zehner et al., 2016). We utilized the large language model BERT-base-German-
cased to preprocess our German-written responses. This large language model has
become a valuable resource for education researchers analyzing German-written
reasoning because of its strong language understanding capabilities (Wulff et al.,
2022; Wulff, Mientus et al., 2023; Wulff, Westphal et al., 2023). From a techni-
cal perspective, BERT-base-German-cased is a specific version of Bidirectional
Encoder Representations from Transformers (BERT)—a powerful large language
model developed to analyze the context of words in a sentence (Devlin et al., 2018).

After preprocessing students’ responses, we applied Uniform Manifold Approxi-
mation and Projection (UMAP) to reduce the dimensionality of the contextualized
embeddings (McInnes, Healy, Saul et al., 2018). UMAP reduces high-dimensional
data while preserving local structure. By reducing the 768-dimensional vectors to
only five dimensions (Fig. 4b), we could computationally ease clustering. Generally,
such a dimensionality reduction is appropriate because complex data typically stores
most information in only a few dimensions (Brunton & Kutz, 2019; Zehner et al.,
2016). The number of neighbors was set to 15 in our analysis because this config-
uration produced easily interpretable results in previous studies in science educa-
tion (Martin et al., 2024; Tschisgale et al., 2023; Wulff et al., 2022; Wulff, Westphal
et al., 2023) and other domains (Grootendorst, 2020).

Finally, we used the unsupervised ML algorithm Hierarchical Density-Based
Spatial Clustering of Applications with Noise (HDBSCAN) to group data points
into compact, mutually exclusive clusters (Fig. 4c) (Mclnnes et al., 2017). We
applied HDBSCAN because it can identify clusters of arbitrary shape, automatically
determine the number of clusters, and handle noisy language data—as common
when analyzing students’ reasoning in science subjects. HDBSCAN handles noisy
language by extracting noise points, which represent responses that encompass non-
normative or mixed ideas as well as topics that do not meet the threshold for the
minimum cluster size. Excluding noise enabled a more concise examination of stu-
dents’ mechanistic reasoning.

To ensure the robustness of our findings, we qualitatively evaluated 37 HDB-
SCAN solutions. These solutions were generated by varying three hyperparameters:
minimum cluster size, minimum sample size, and dimension number. The minimum
cluster size specifies the smallest group size considered a cluster, the minimum sam-
ple size determines the portion of data points classified as noise, and the dimension
number refers to the dimensions of the word embedding space after dimensional-
ity reduction. Different hyperparameter settings can significantly influence the clus-
ter solutions, making it crucial to compare various outcomes carefully. Rather than
selecting the optimal cluster solution based on statistical measures, we assessed the
solutions based on two qualitative criteria: extracted clusters should have avoided
merging conceptually distinct mechanistic reasoning types and additional clusters
should have introduced new mechanistic reasoning types. Based on these criteria,
we selected a solution with fifteen clusters (Table 1). The clusters encompass vari-
ous organic chemistry reasoning types, such as structural, energetic, phenomeno-
logical, and electronic reasoning (Bodé et al., 2019; Deng & Flynn, 2021; Martin
et al., 2024). While cluster solutions with more groups did not yield additional
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insights into students’ mechanistic reasoning, solutions with fewer clusters covered
important nuances. The hyperparameters of the selected cluster solution were as fol-
lows: The minimum cluster size was set to nine, meaning that HDBSCAN extracted
a cluster only if it contained at least nine student responses. The minimum sample
size was set to six to achieve a balance between minimizing the exclusion of student
responses as noise and ensuring the extraction of concise clusters. Additionally, the
dimension number was set to five as mentioned above. We performed further dimen-
sionality reduction to visualize the clusters in a two-dimensional space (Fig. 4d).
Throughout the analysis, we used the Euclidean distance metric. A step-by-step
guide for implementing our analysis is available in Grootendorst (2020).

Of note, we also applied two other clustering algorithms—=k-means clustering
(MacQueen, 1967) and k-medoids clustering (Kaufman & Rousseeuw, 1990). These
algorithms merged conceptually distinct mechanistic reasoning types into the same
clusters, so these algorithms were less effective in revealing nuanced differences in
students’ reasoning about reaction mechanisms. Accordingly, we used HDBSCAN
as discussed above to identify finer distinctions in students’ mechanistic reasoning.
This choice aligns with previous research showing that HDBSCAN generates inter-
pretable, specific, and robust clusters in science education contexts (Wulff et al.,
2022), which is why several studies have adopted this technique to develop their
rubrics (e.g., Martin et al., 2024; Tschisgale et al., 2023; Wulff et al., 2022; Wulff,
Westphal et al., 2023). Although this analysis was conducted in German, Martin
et al. (2024) performed a similar study in English, showing that HDBSCAN can
identify nuanced differences in students’ English-written responses. We hypothesize
that the clustering technique might perform even better in English than in German,
given the generally superior performance of the English-specific large language
models in science assessments (Martin & Graulich, 2024a).

The analysis was performed in Python 3.9.13 (Van Rossum & Drake, 2009) using
scikit-learn as an ML framework (Pedregosa et al., 2011), spacy for NLP (Honnibal
et al., 2020), and umap for dimensionality reduction (McInnes, Healy, Saul et al.,
2018; MclInnes, Healy, Melville et al., 2018). We also applied numpy for generating
multidimensional arrays (Harris et al., 2020), matplotlib and seaborn for data visu-
alization (Hunter, 2007; Waskom et al., 2020), and pandas for further data process-
ing (McKinney, 2010). For all other operations, we used the standard Python librar-
ies (Van Rossum & Drake, 2009).

Quantitative Comparisons between the Research-Informed and ML-Based Rubrics

We quantitatively compared each of the three research-informed categories
(Sect. 4.3: “Research-Informed Rubric) with the ML-based rubric. For human
coding, each research-informed category was applied in a binary way, indicating
the presence or absence of a specific reasoning type. Based on the binary codes and
the 15 detected clusters (Sect. 5.1: “Detecting ML-Based Clusters”), a contingency
table containing all code frequencies in every cluster was created for each of the
three categories (Fig. 5a).
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Fig.5 Steps of the quantitative analysis. Letters a) — i) represent the sequence of the applied analysis
steps

To subsequently test whether the research-informed categories and the ML-
based rubric are associated, we performed a y?Test for association (Fig. 5b)
(Agresti, 2013, 2018; McHugh, 2013). Two assumptions underlie a y?-Test: the
independence of data and expected frequencies in the contingency table exceed-
ing five (Howell, 2006; Field et al., 2012). In our study—although students were
prompted to reason about two tasks in a pre-post design—the assumption of data
independence is met because our analysis is conducted at the response level, rather
than the student level. In other words, we did not use the y>Test to identify per-
formance changes from pre- to post-assessment; instead, we investigated the asso-
ciation between the two applied rubrics based on the responses’ codes. Since each
rubric uniquely codes every response, the responses contribute solely to one cell
in the contingency table; thus, the independence assumption is satisfied. However,
some expected frequencies in the contingency table fell below five. To address this
concern, we also conducted a Fisher’s Exact Test (Armitage et al., 2008) using
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simulated data with 10° replicates to confirm our findings with a more robust sta-
tistical test (Patefield, 1981). Ultimately, we performed a post-hoc analysis on the
standardized residuals of the y2Test to identify the specific differences among the
clusters based on the codes that occurred more or less frequently than statistically
expected (Fig. 5c) (Agresti, 2018; Beasley & Schumacker, 1995) and plotted the
results (Fig. 5d). The three y?Tests performed within RQ 2a used a Bonferroni-
corrected significance level of p <.017.

However, due to the solely binary coding of the three categories, a single
research-informed category was more likely to correspond to the ML-based rubric
than their combination. Therefore, we merged the research-informed codes, result-
ing in eight combinations (Fig. 5e). For instance, an answer with the presence of
the multivariate and comparative codes but with the absence of the electronic code
received the code Multil Comp1Elec0. This approach allowed us to convert the three
research-informed analytic categories into a holistic rubric. After merging the codes,
we also generated a contingency table comprising the frequencies of the eight possi-
ble combinations in each cluster (Fig. 5f) and repeated the analysis described above
(Fig. 5g-i).

Of note, we intentionally decided to investigate the association between the two
rubric types by coding student responses from two tasks collected at two different
time points. Including two tasks in the analysis helped derive more context-inde-
pendent conclusions, ensuring that observed correlations are not only artifacts of a
single task’s requirements. Similarly, incorporating data from two time points con-
tributed to establishing conclusions independent of students’ in-the-moment under-
standing, which increases the robustness of our findings.

We performed the statistical analysis in R (version 4.3.0) (R Core Team, 2023)
with RStudio as an Integrated Development Environment (IDE) (RStudio Team,
2023). We used the libraries gmodels to perform the y?analysis (Warnes et al.,
2023), chisq.posthoc.test for the post-hoc analysis (Ebbert, 2019), and tidyverse,
reshape?2, and dplyr to transform the data (Wickham, 2007; Wickham et al., 2019,
2022). For graphical processing, we applied the libraries ggplot2, gridextra, web-
shot, and kableExtra (Auguie, 2017; Chang, 2017; Wickham, 2016; Zhu et al.,
2022). For all other operations, we used the basic R library (R Core Team, 2023).

Results and Discussion
RQ 1: Detecting ML-Based Clusters

To design an ML-based rubric, we leveraged HDBSCAN to identify 14 clusters, an
additional noise cluster, their ten most representative words, and sample statements
(Table 1). Through a qualitative analysis of the most representative words and sam-
ple responses, we described each cluster and visualized them in a two-dimensional
space (Fig. 6). Surprisingly, responses to both tasks are similarly reflected in all
clusters, so the clusters did not segregate the two tasks.
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Fig.6 Embedding space of the extracted clusters. Note: Each data point in the embedding space repre-
sents a student’s written response. Different colors visualize different clusters. The gray points scattered
throughout the embedding space show noise arguments that cannot be distinctly assigned to any cluster.
The larger points, labeled as cluster centroids, represent the centers of their respective clusters

In the two-dimensional space, clusters sharing similar content are near to one
another: Responses in clusters 0, 1, and 3 reasoned descriptively about substrate or
carbocation stability while focusing solely on explicit, structural properties. In par-
ticular, responses in these clusters primarily relied on one-reason decision-making
(Talanquer, 2014) and non-comparative, non-electronic reasoning. Responses in
clusters 2 and 4 focused on different grain sizes on leaving group quality. In clusters
5 and 6, students coherently weighed inductive and resonance effects, which show-
cases students’ strengths in establishing complete comparisons of the most relevant
properties. Responses in clusters 7 and 8 included explicit and implicit properties of
the substrate and the leaving group, revealing students’ competence in weighing mul-
tiple features. Furthermore, responses in clusters 9 and 10 combined resonance and
other electronic effects, such as hyperconjugation, implying a solid understanding of
the electronic properties that impact a reaction’s plausibility. In cluster 12, responses
weighed various electronic properties like hyperconjugation, resonance, and induc-
tive effects, showing a high complexity level. Lastly, responses in clusters 11 and 13
explained the impact of multiple properties on electron distribution, which means
these responses include multivariate comparisons. Responses in these clusters are the
highest in quality. Generally, we noticed that clusters having lower values in dimen-
sion 1 and higher values in dimension 2 (Fig. 6) demonstrated higher complexity.

The detected patterns encompass a range of chemical topics discussed at varying
grain sizes, highlighting that the clustering method captured the content and com-
plexity of students’ mechanistic reasoning. However, interpreting the data-driven
clusters required significant subject matter expertise. We hypothesize that this exper-
tise will remain necessary to interpret data-driven clusters in the future. Nevertheless,
exactly this type of human-machine collaboration can augment human analytic power
(Kubsch et al., 2023): Computational techniques offer breadth, reproducibility, and
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scalability in data analysis, while human expertise ensures that categorizations accu-
rately capture the underlying nuances specific to the context.

To investigate whether the extracted clusters also mirror theory-rich consid-
erations, we quantitatively compared the data-driven clusters with our research-
informed categorization. Associations between both rubric types would increase
their validity because the data-driven clusters would confirm the research-informed
categories—and vice versa.

RQ 2a: Comparing the Computationally Revealed Clusters and Research-Informed
Categories

To determine if the computationally revealed clusters capture varying degrees of
multivariate, comparative, and electronic reasoning (Fig. 7), we performed y?-Tests
for association for each of the three research-informed categories and verified the
results with Fisher’s Exact Tests. Subsequently, we used the standardized residu-
als of the y>Test to pinpoint specific associations. An even distribution of the three
research-informed categories across the 15 clusters would imply that the two rubrics
are not associated because the classification of a student response into a certain clus-
ter would be irrelevant for the presence of a certain reasoning type. By contrast, an
uneven distribution of the research-informed categories across the clusters would
indicate associations since some clusters would predict a specific reasoning type.
In other words, differences among the clusters regarding the degree of multivariate,
comparative, and electronic reasoning imply rubric relations as certain clusters pre-
dict specific reasoning types.

For multivariate reasoning, the y>Test revealed a significant association between
this reasoning type and the distribution of students’ responses among the 15 ML-
based clusters (y?(14)=74.55, p<.001), with a medium effect size (Cramer’s
V=0.41, 95% CI[0.37; 0.50]) (Cohen, 1988). Fisher’s Exact Test confirmed the
significant association (p<.001). Looking at the standardized residuals, clus-
ters 0 (nexpected = 828’ Robserved = 1, szlO) and 1 (nexpected = 1314’ Robserved =
4, p=.009) contained significantly fewer instances of multivariate reasoning than
statistically expected, while cluster 11 (R0 = 8.76, Nypgepea = 17, p=.002)
included significantly more instances of multivariate reasoning. Responses in cluster
0 did not include any chemical properties. For instance, the student example of clus-
ter O only referred to stability without mentioning the corresponding chemical prop-
erties (Table 1), which explains the absence of multivariate reasoning. In cluster 1,
students only counted the number of alkyl groups to estimate carbocation stability
(Table 1), leading to univariate reasoning. Conversely, responses in cluster 11 estab-
lished causal links between leaving group quality and substrate stability based on
electron distribution (Table 1), which is why these responses are multivariate.

For comparative reasoning, the y>Test indicated that this reasoning type is also
significantly reflected in the computationally revealed clusters (y?(14)=132.38,
p<.001), even with a large effect size (Cramer’s V=0.54, 95% CI[0.50; 0.61]).
Again, Fisher’s Exact Test confirmed this association (p <.001). By comparing the
standardized residuals, clusters 0 (n =10.26, nyperved = 0, p<.001), 1 (Mypecrea

expected —
= 16.30, 11,0000 = 4 p<.001), and 3 (n,,,0g = 10.86, 1 pyey = 1, p<.001)

observe expecte,
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Fig. 7 Relative frequencies of the reasoning types in each cluster

contained examples of comparative reasoning less frequently. Responses in these
clusters strictly focused on a single property in only one of the two given reactions
(Table 1), leading to a lack of comparative reasoning. By contrast, responses in clus-
ter 8 (Myypecrea = 38.63, Nypgepveq = 60, p<.001) demonstrated comparative reason-
ing more frequently. Here, students weighed in detail how the differing properties
impact the rate of the contrasted reactions (Table 1).

Finally, the results of the y*Test were also significant for electronic reason-
ing (yA(14)=79.53, p<.001), with a medium effect size (Cramer’s V=0.42, 95%
CI[0.37; 0.52]). Hence, the ability to demonstrate electronic reasoning is reflected
in the clusters. This association could be confirmed with a Fisher’s Exact Test
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(p<.001). In particular, clusters 9 (N,y,ecea = 3-48, Nyperea = 9, p=.0006), 10
(nexpected = 731’ Nobserved = 17’ p<001)’ and 13 (nexpected = 383’ Nobserved = 9’
p=.016) showed significantly more instances of electronic reasoning than statisti-
cally expected. Responses in cluster 9 described the impact of resonance, hypercon-
jugation, and inductive effects on electron distribution, while responses in cluster 10
referred to electron delocalization based on shifting pi-electrons (Table 1). In cluster
13, students weighed multiple electronic properties like hyperconjugation and reso-
nance, implying a high degree of electronic reasoning (Table 1).

In addition to these associations, the extracted clusters imply a hierarchy because
higher-number clusters roughly indicate higher complexity (Fig. 7). This hierar-
chy may arise from the increasing response length across clusters, where longer
responses often exhibit more complex mechanistic reasoning (Table 1). The oppor-
tunity to use response length as a surface-level indicator of students’ mechanistic
reasoning complexity may have facilitated the organization of the responses within
this hierarchy. The reasons for hierarchically arranging students’ mechanistic rea-
soning complexity are also connected to how HDBSCAN operates—the “H” in
HDBSCAN stands for “hierarchical” (Mclnnes et al., 2017). HDBSCAN identifies
clusters by finding groups of points with high density and separating them from less
dense regions. It then merges these clusters progressively as the density threshold
is lowered, creating a hierarchy of clusters at different density levels. Finally, the
algorithm extracts clusters based on their stability across these levels, meaning it
looks at how consistently a cluster appears as the density threshold changes. In our
analysis, lower-number clusters may be more stable because they consist of shorter
responses and have higher within-cluster similarity. As a result, these lower-number
clusters remain stable across density thresholds and form the foundation of the ML-
based reasoning hierarchy (Table 1).

While this first analysis provided useful insights into the manifold relationships
between the two rubric types, we investigated interdependencies for each of the
three categories separately. However, since each category was only coded in a binary
way, the probability of associations by chance increases. Hence, we also merged the
three research-informed categories (Sect. 4.5: “Quantitative Comparisons between
the Research-Informed and ML-Based Rubrics”) to validate our findings.

RQ 2b: Comparing the Computationally Detected Clusters and the Combination
of the Research-Informed Categories

To reveal similarities between the computationally detected clusters and the merged
research-informed rubric, we performed another y?>Test for association, demonstrat-
ing that both rubrics are significantly associated (y%(98)=333.39, p<.001). Since
the effect size necessarily decreases as the size of the contingency table increases,
the calculated effect size can be considered large (Cramer’s V=0.32, 95% CI[0.32;
0.40]). This result was confirmed by Fisher’s Exact Test (p <.001). For this rea-
son, the ML-based rubric also reflects the combination of the research-informed
categories.
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Afterward, we identified the clusters that contributed to the significant association
by analyzing which code combinations appeared more or less frequently than statis-
tically expected (Fig. 7). We found that the code combination MultiOCompOElecO
appeared significantly more frequently in clusters 0 (%,pecie0 = 3-48, Mopgerved = 15,

p< 001)’ 1 (nexpecled = 553’ N observed = 15’ p< OO])’ and 3 (nexpecled = 369’ M observed
= 12, p<.001), and significantly less frequently in cluster 8 (1,,00eq = 13.11,
Nopserved = 2> P=.025). Responses assigned to clusters 0, 1, or 3 make a claim about
which reaction occurs at a higher rate and justify their claim based on stability, the
number of alkyl substituents, or resonance (Table 1). Students incorporated neither
multiple chemical properties nor the impact of electronic effects, demonstrating a
lack of multivariate, comparative, and electronic reasoning. In contrast, responses
in cluster 8 weighed multiple electronic properties across reactions, implying the
presence of at least one of the three reasoning types. Moreover, the code Mul-
til CompOElecO appeared more frequently in cluster 4 (0000 = 2-84, Nypgerveq =
9, p=.009), where students included at least two properties in their reasoning. For
instance, the student example of cluster 4 mentions leaving group quality and charge
stabilization (Table 1), thus, being multivariate but neither comparative nor elec-
tronic. Last, the combination Multil ComplElecl was more often detected in cluster
13 (Merpecrea = 2-08, Nypgerveq = 9, p<.001). Here, students explained the impact of
multiple properties like leaving group quality, hyperconjugation, and resonance on
reaction rate and coherently weighed these properties across reactions on an elec-
tronic level (Table 1), showcasing the presence of all three reasoning types.

Together, our findings indicate an association between the research-informed
and ML-based rubrics. Accordingly, ML-based rubrics have the potential to not
only summarize students’ reasoning content-wise but also to reflect reasoning types
discussed in the literature. In other words, the ML-based rubric naturally reflects
research-informed considerations so that a classification of a student response into
a cluster already allows one to claim the presence of a certain research-informed
reasoning type. Further post-hoc tests showed that certain clusters are predictors
for specific research-informed categories, giving insights into why the two rubric
types share common features. From a broader perspective, our analysis validates the
applied clustering technique for developing rubrics in our organic chemistry con-
text, suggesting that it is appropriate to ground formative assessments exclusively on
ML-based rubrics in our case.

Conclusions and Implications

Generally, developing a rubric for categorizing students’ open-ended reasoning
requires subject matter expertise to recognize emerging ideas. Leveraging the output
of clustering techniques, such as HDBSCAN, to develop rubrics can reduce human
design effort because it replaces much of the preliminary exploratory work typically
associated with rubric development (Haudek et al., 2015). Following this, ML tech-
niques can be applied to ground rubrics on data. Herein, we analyzed the associa-
tions between three research-informed categories and various ML-based clusters to
investigate whether ML-based rubrics are valid for scoring formative assessments.
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First, we applied a clustering technique to identify various mechanistic reason-
ing patterns at different complexity levels arranged in some sort of hierarchy (Figs. 6
and 7). Subsequently, we compared this ML-based rubric with its research-informed
counterpart that coded the presence or absence of multivariate, comparative, and
electronic reasoning in students’ responses. We found that both rubrics shared signifi-
cant associations, revealing that both rubric types are appropriate for scoring forma-
tive assessments. This finding implies that the ML-based rubric reflects theory-rich
considerations, which advances the validity of the applied clustering technique and
the research-informed categories. Accordingly, researchers and instructors can gener-
ally use either a research-informed or ML-based rubric to evaluate students’ reason-
ing validly in organic chemistry. Nonetheless, our findings do not provide conclusive
evidence regarding the broader applicability of ML-based rubrics across contexts.
Further research is needed to determine if ML-based rubrics are valid foundations for
formative assessments in various settings.

Transferring our rubric to a new context, for example, running the unsupervised
ML analysis based on different student responses, can be technically challenging for
researchers and instructors. Grootendorst (2020) provides open-source code and a
tutorial to facilitate this process. Recent advances in generative Al have made imple-
menting such ML analyses also progressively easier. For instance, researchers and
instructors could use chatbots to conduct simpler clustering analyses of student data.
However, clustering only categorizes student responses, while human experts must
interpret these categories. We believe instructors can interpret the clusters using
their teaching experience, although familiarity with the research base would likely
advance their ability to identify recurring patterns.

Beyond the potential for its replication, the analysis reported herein offers addi-
tional merits. By demonstrating that research-informed and ML-based rubrics can
effectively be used in formative organic chemistry assessments, we provide a solid
rationale for applying Al technologies in this context. In other words, our research
primarily validates the integration of Al in organic chemistry teaching because it
highlights the applicability of ML-based rubrics. Our findings may also generalize
to easy-to-implement Al tools like chatbots. Future research should investigate how
this claim applies to various contexts and Al techniques, including supervised ML
and generative Al. On top of that, while we hypothesize that our findings apply to
the English language (Martin et al., 2024; Martin & Graulich, 2024a), further stud-
ies could explore their transferability beyond the German language.

Despite their associations, our research-informed and ML-based rubrics
relied on different evaluation units. The former was intentionally designed in
an analytic way, whereas we interpreted the latter holistically. As a result, the
research-informed and ML-based rubrics fulfill different functions. The research-
informed rubric incorporates theory-driven learning objectives to evaluate stu-
dents’ multivariate, comparative, and electronic reasoning. Accordingly, this
rubric can provide multifaceted information on students’ reasoning since every
category outlines a unique competence. This detailed information eases identify-
ing students’ specific strengths and challenges, allowing for targeted guidance in
either multivariate, comparative, or electronic reasoning. Besides, our research-
informed rubric enabled us to break down complex open-ended responses into
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binary categories. Thus, we believe that the three research-informed categories
are highly instructor-friendly since human raters only need to determine whether
each of the three reasoning types is present or absent. Conversely, the ML-based
rubric is grounded in data, which can be a starting point for proposing future
guidance and monitoring students’ learning progression over an extended period
(Donnelly et al., 2015; Jescovitch et al., 2021; Martin et al., 2024; Tansomboon
et al., 2017; Vitale et al., 2016). Hence, the ML-based rubric could continuously
analyze when and how students’ mechanistic reasoning patterns change, allowing
researchers to track students’ skills across multiple levels and uncover their most
prominent strengths and challenges over time.

Given the benefits of both rubric types, incorporating human qualitative interpre-
tation and ML techniques into rubric design can be highly beneficial for developing
assessments. Martin et al. (2024), Rosenberg and Krist (2021), and Tschisgale et al.
(2023) showed that a rubric that integrated theory- and data-driven considerations
could accurately evaluate students’ reasoning. By combining the strengths of human
expertise and ML capabilities, such rubrics offer a valid means of categorizing stu-
dent performance.

Collectively, the findings indicate that research-informed and ML-based rubrics
share significant associations. Both rubric types have their merits and can be used
depending on the assessment goal and context. The pedagogical purpose of the
assessment, the respective learning objectives, and the nature of the tasks should
inform rubric type selection (Kubsch et al., 2022; Martin & Graulich, 2023).

Related Research and Next Steps

We expanded upon the findings of this analysis in a related research project—
also using case comparisons to support students’ mechanistic reasoning—by
developing a more generalizable rubric for mechanistic reasoning in undergradu-
ate organic chemistry. This rubric integrates ML-driven analysis with qualita-
tive human interpretation to capture similar types of organic chemistry reason-
ing, including the level of granularity and the degree of causality in students’
mechanistic reasoning (Martin et al., 2024). Based on this rubric, we developed
a supervised ML algorithm that automatically evaluates undergraduate students’
reasoning about reaction mechanisms over time (Martin & Graulich, 2024b, c).
The ML algorithm allowed us to adaptively support students’ mechanistic reason-
ing and monitor their learning progression. Additionally, we leveraged this rubric
to create an ML model that can automatically analyze students’ reasoning across
different languages (Martin & Graulich, 2024a). Instructors can use these ML
applications to support students’ mechanistic reasoning and ease effective com-
munication across languages. The analysis presented herein guided these practi-
cal ML applications because it demonstrates the validity of integrating ML into
assessment development.

Future work could investigate the advantages of generative Al when automati-
cally evaluating students’ reasoning using ML-based rubrics. Generative Al can
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potentially ease the distribution of ML-assisted formative assessments through self-
constructed chatbots, such as custom GPTs in ChatGPT. In this way, the next step in
practically applying ML-based rubrics could be developing readily accessible tools
that automatically analyze students’ reasoning to implement continuous and adap-
tive formative assessments.

Limitations

This study investigated the interdependence of a research-informed and an ML-
based rubric in assessing student reasoning in chemistry. By doing so, we compared
three research-informed analytic categories with an ML-based holistic rubric, so
the two applied rubrics differ in their features. While consciously deciding on ana-
lytic rubrics for human coding, we did not set the rubric type for ML-based coding.
Rather, we understand the topics uncovered by the clustering technique as a holistic
rubric since these topics represent different complexity levels. In contrast, Haudek
et al. (2015) and Wulff, Westphal et al. (2023) argued that the categories they uncov-
ered with a clustering technique can be used for holistic and analytic coding. For
this reason, it might as well be possible to apply an ML-based rubric for analytic
coding. However, the results of the applied clustering algorithm did not allow for an
analytic ML-based coding of students’ responses in our analysis because the iden-
tified clusters characterize unique mechanistic reasoning patterns, rather than non-
mutually exclusive conceptual components. To address these design differences, we
combined the three research-informed analytic codes into a holistic rubric, which
assigned each student response to a mutually exclusive category (Sect. 4.5: “Quan-
titative Comparisons between the Research-Informed and ML-Based Rubrics” and
5.3: “Comparing the Computationally Detected Clusters and the Combination of the
Research-Informed Categories”). Consequently, comparing the merged research-
informed and ML-based rubrics may be more valid because both are holistic.

However, the number of research-informed categories and ML-based clusters
differ. The merged research-informed rubric includes eight categories, whereas
the ML-based rubric features fifteen. Again, while consciously including three
research-informed reasoning types, leading to eight combinations, we did not set
the cluster number for ML-based coding in advance since HDBSCAN automati-
cally determines this number.

Moreover, we concentrated on the validity of an ML-based rubric for forma-
tive assessments but did not measure the performance of supervised ML classifiers
trained on such a rubric. Consequently, the potential for scaling our approach across
formative assessments remains unexplored. Nonetheless, other analyses suggest
that combining unsupervised rubric development with supervised classification is
promising for scoring student reasoning across domains (e.g., Martin et al., 2024;
Rosenberg & Krist, 2021; Tschisgale et al., 2023). Future research should inves-
tigate the accuracy, generalizability, and interpretability of these classifiers when
applied to new data.

From a chemistry perspective, our analysis is limited by the context of this study.
We concentrated solely on undergraduate organic chemistry and used a specific
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task format—case comparisons—to elicit students’ mechanistic reasoning, focusing
exclusively on Syl mechanisms. Consequently, the administered tasks shared the
same prompt, structure, and content, leading to a conceptual overlap in students’
responses. Other task types might reveal different aspects of students’ reasoning in
organic chemistry, potentially leading to modifications in the categories of the ML-
based rubric.

Ultimately, the ML-based rubric applies only to chemical reactions including Sy1
mechanisms—Iike those it is trained on. In contrast, the research-informed rubric
demonstrates greater generalizability as it classifies explanations across reaction
types. Therefore, the research-informed rubric can be applied to a broader range of
chemistry assessments. Future research could build on our current analysis by creat-
ing a more generalizable ML-based rubric applicable to a wider range of organic
chemistry reactions. Examining how such a rubric relates to well-established
research-informed categories would be valuable.
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