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Think-aloud protocols are a standard method to study self-regulated learning (SRL) during learning by prob-
lem-solving. Advances in automated transcription and large language models (LLMs) have automated the
transcription and labeling of SRL in these protocols, reducing manual effort. However, while effective in
many emerging applications, previous works show LLMs struggle with reliably classifying SRL across spe-
cific instructional domains, such as chemistry or formal logic. Can LLMs reliably classify SRL within a given
domain, but also across different languages that represent distinct instructional approaches? This study inves-
tigates using classification models based on LLM embeddings to automatically detect SRL in think-aloud
transcripts of 26 students at German and American universities working with three tutoring systems for chem-
istry and formal logic. Using OpenAl's text-embedding-3-small, we predicted four categories of SRL
processes based on the four-stage SRL model by Winne and Hadwin (processing information, planning, en-
acting, and realizing errors). We compare how well embedding-based SRL models transfer between English
and German across chemistry and logic domains, including how levels of scaffolding in the tutoring systems
and culturally unfamiliar instruction impact transfer. We found that LLM embedding-based classifiers trained
on English data can reliably classify SRL categories in German think-aloud data (and vice versa) with minimal
performance degradation within but not between domains of instruction. Further, model transfer performance
declined due to linguistic differences in subject-specific terminology and unawareness of instructional con-
text, such as specific hint messages. Considering these factors in future refinement of our methodology will
move the field closer to the research goal of a reliable SRL classifier that is domain-, language-, and learning
system-general.
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1. INTRODUCTION

Successful use of self-regulated learning (SRL) is positively associated with learning and learn-
ing outcomes (Cleary & Chen, 2009; Nota et al., 2004; van der Graaf et al., 2022; Zimmerman,
1990). Students who are skilled in SRL can set goals effectively (Lim et al., 2021), search for
information (Zimmerman, 2000), and direct their attention and cognitive resources to align their
efforts with their objectives (Heirweg et al., 2020; Zimmerman, 2000). Given the importance of
SRL in the learning process, prior studies have used behavioral log data to measure and facilitate
students’ use of SRL in intelligent tutoring systems (ITSs). These adaptive and personalized
systems offer step-by-step guidance during problem-solving tasks (Aleven et al., 2016). By an-
alyzing the patterns of behaviors from students interacting with an ITS, researchers can draw
inferences, identifying which SRL strategies the students are using, how they are used, and in
what order (Araka et al., 2020; Saint et al., 2020, 2022; Winne, 2017; Winne & Baker, 2013).
With this approach, previous studies have used behavioral log data to examine a range of SRL
processes, including help-seeking (Aleven et al., 2006), gaming the system (sometimes viewed
as an SRL strategy aimed at avoiding to have to learn; Baker et al., 2004), setting goals, making
plans (Azevedo et al., 2011; Biswas et al., 2010), tracking progress (Biswas et al., 2010), and
engaging in various cognitive operations, such as assembling and monitoring, during problem-
solving (Hutt et al., 2021; Nasiar et al., 2023; Zhang et al., 2022). Automated detectors have
been developed to measure these SRL processes immediately, offering assessments that identify
both the SRL strategies students are employing and those they may be lacking.

In addition to log data, think-aloud protocols (TAPs) are another approach that has been fre-
quently used in previous studies for measuring SRL in situ (Bannert et al., 2014; Greene et al.,
2011, 2017; Lim et al., 2021). During think-aloud activities, students are asked to verbalize their
thinking and cognitive processes as they interact with an ITS while solving a problem. Utter-
ances collected from think-aloud activities are then transcribed and segmented into clips. To
assess students' use of self-regulation, researchers manually code students' verbalizations in each
clip, labeling the presence or absence of SRL strategies (Greene et al., 2017). Previous studies
have examined how the presence, frequency, and sequential and temporal order of SRL in TAPs
relates to overall learning outcomes (e.g., Bannert et al., 2014; Lim et al., 2021; Molenaar et al.,
2021) and to the moment-by-moment performance when solving a multi-step problem (Borchers
et al., 2024b).

Advances in natural language processing and foundation models enabled the automated tran-
scription and labeling of SRL in TAPs, which is otherwise time-consuming and laborious.
Specifically, large language models (LLMs) have been used to reliably classify SRL from lan-
guage in tutoring systems (Zhang et al., 2024a). More broadly, outside of SRL, transformer-
based models have automated the coding of chat messages during collaborative learning and
other language snippets co-occurring with learning (de Araujo et al., 2023). This coding enabled
novel forms of discovery of models, such as estimating learning rates based on fine-grain labels
of dialog moves, at a scale that was previously hard to attain (Borchers et al., 2024a).

Despite these successes in automatically coding SRL from text, predictive models based on
LLM embeddings are limited in generalizing to unseen domains of instruction. For example,
when applying a model trained on chemistry data to formal logic data, Zhang et al. (2024a)
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identified domain transfer limitations including not adequately dealing with subject-specific lan-
guage and instruction (e.g., hints). Similar instructional differences might exist between
languages and country-level differences in instruction (e.g., how different languages describe
concepts). These differences in instruction and domain taxonomies may challenge the ability of
LLMs to reliably classify SRL in data from unseen languages. Worse predictive performance in
unseen languages risks making educational technology more effective for one population than
another, deepening existing inequities between countries that have been identified in MOOC:s,
among others (Kizilcec et al., 2017). In domains like chemistry, students learn to develop spe-
cialized abstractions from everyday language to build subject-specific knowledge (Heeg et al.,
2020). This can lead to differences in how shared terms are understood across cultures and lan-
guages. For example, in German, the term “l6sen” would commonly be translated into “solving”
in English. However, “l6sen” in German chemistry terminology refers to the concept of forming
a mixture, which in English is referred to as dissolving. In this case, translating “l6sen” to “solv-
ing” would be correct in a common sense but not in a chemical instructional context. This
highlights how everyday terms correspond differently to domain-specific concepts across lan-
guages. However, to our knowledge, prior research has yet to systematically compare the
generalizability of prediction across cultural contexts alongside domains of instruction. The pre-
sent study is an extension of the research described in Zhang et al. (2024a), which limited the
prediction of SRL from think-aloud utterances to English data only. In contrast, in this study,
we systematically investigate the transferability of SRL prediction to a second language, which
we call language transfer, with distinct instructional cultures, as described next.

Beyond differences in terminology, which could limit LLM generalizability to new lan-
guages, students’ familiarity with different forms of instruction may further complicate
prediction. For example, stoichiometry, a chemistry subdomain focused on the quantitative re-
lationships in chemical reactions, is taught differently in the US and Germany. Schmidt (1997)
reviewed textbooks and identified two methods: the mole and proportionality method. Here, we
focus on the proportionality methods because both countries predominantly teach strategies re-
lated to the proportionality method. However, the specific approach to teaching the
proportionality method differs between the two countries. In the US, the method is typically
taught using a factor label strategy, guiding students to multiply by unit conversion factors to
calculate variables. Scientific documentation of how the proportionality method is taught in
German textbooks is presently lacking. However, related instruction in physics involving units
and quantities indicates that textbooks instruct students to transform abstract quantity relation-
ships to then substitute givens to derive a target variable (Drose & Prediger, 2018). Taken
together, the predominantly taught problem-solving strategy in the US is the factor label method
(Schmidt, 1997), while German students, at least in physics, are taught to transform quantity
relationships through abstract representations (Drose & Prediger, 2018). Recent evidence sug-
gests that such instructional differences and level of instructional support (i.e., scaffolding)
relate to SRL differences, for example, when students have less support to plan before enacting
problem-solving steps (Zhang et al., 2024b), which might make SRL prediction less tractable.
However, to the best of our knowledge, such cross-national comparisons of SRL predictions
have not been evaluated.

The present study investigates the out-of-the-box use of LLM embeddings as input features
of machine learning models to automatically detect SRL in machine-transcribed student think-
aloud transcripts between multiple instructional domains and languages. We collected students’
think-aloud data from three ITSs covering stoichiometry chemistry and formal logic across 26
students from the United States and Germany. The English audio was transcribed using Whis-
per, a state-of-the-art speech-to-text software, while the German audio was hand-transcribed,
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due to low audio quality. After analyzing the transcripts, we developed operationalizations for
four SRL categories—processing information, planning, enacting, and realizing errors—
grounded in Winne and Hadwin’s four-stage model (Winne & Hadwin, 1998), representing key
behaviors in each step. We then conducted a coding round, labeling the presence or absence of
the four SRL categories using a coding scheme. A sentence embedding model (Open Al’s text-
embedding-3-small; Neelakantan et al., 2022) was applied to vectorize the text. Using the out-
puts from the embedding model as features, we trained machine learning models separately on
English and German transcriptions to predict the presence or absence of the four SRL categories.
We assessed the transfer and generalizability of these models and estimated performance losses
due to instructional differences between domains and languages when these models are applied
out of the box. Our study has important implications for what data researchers may need to
collect when considering transferring SRL classification models based on think-aloud data to
new contexts. Specifically, we answer the following research questions (RQs):

RQ1: How accurately do embedding-based machine learning models predict SRL process
categories in the context of tutored problem solving when transferring to another lan-
guage on matched platforms and domains?

RQ2: Does language transfer depend on the degree of scaffolding provided and whether the
scaffolded problem-solving strategy is unfamiliar to the target population?

RQ3: How much language transfer occurs when the SRL model is applied to a different
learning platform design and domain?

The present study’s contributions are threefold. First, we contribute empirical evidence that
SRL categories (processing information, planning, enacting, and realizing errors) in students'
verbalizations can be reliably predicted in languages other than English. Second, we contribute
to the understanding of the conditions under which automated SRL classification models can be
transferred across languages with minimal accuracy loss. Our findings indicate that for success-
ful transfer, the model must be trained on data within the same instructional domain.
Additionally, performance declines may be more pronounced in tutoring systems that feature
extensive scaffolding and employ instructional strategies unfamiliar to the target population.
Third, we define conditions under which automated prediction of SRL, especially between lan-
guages, could be made more accurate, most notably by considering culturally distinct forms of
defining and describing domain-specific phenomena using terms in ways that are different from
their everyday use.

2. BACKGROUND

2.1. SELF-REGULATED LEARNING

Self-regulation, a critical component in learning, is where learners take active control of their
learning by monitoring and regulating their attention and effort in pursuit of goals (Schunk &
Zimmerman, 2011). During this process, learners may set goals, monitor progress, and adjust
strategies when goals are not met. A range of cognitive, metacognitive, affective, behavioral,
and motivational processes are involved in SRL. Engaging in these processes effectively enables
learners to become more independent and effective in their learning (Zimmerman, 2000). In
general, students who effectively self-regulate their learning tend to perform better than those
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who do not (Zimmerman, 1990) and are more likely to have a deep conceptual understanding
of the topic (Azevedo et al., 2017; Greene & Azevedo, 2010; Labuhn et al., 2010).

In the last three decades, several theoretical models have been proposed from different per-
spectives to depict the process of SRL (Panadero, 2017). For example, based on socio-cognitive
theories, Zimmerman (2000) describes the process of SRL as three cyclical phases: forethought,
in which learners analyze a task; performance, in which learners execute the task; and self-
reflection, in which learners assess and evaluate their performance. Grounded in information
processing theory, Winne and Hadwin (1998) characterize the process of SRL as four interde-
pendent and recursive stages, in which learners: 1) define the task, 2) set goals and form plans,
3) enact the plans, and 4) reflect and adapt strategies when goals are not met. A range of SRL
processes may be involved in each stage of the cycle.

Despite the differences in theoretical groundings and focuses, most of the models describe
SRL as a cyclical process consisting of phases where learners understand tasks, make plans,
enact the plans, and reflect and adapt (Lim et al., 2021; Winne, 2010, 2017). These theoretical
models are frequently adopted in recent SRL research as foundations that guide the conceptual-
ization and operationalization of SRL in SRL measurement (Winne, 2010; Zheng, 2016). Recent
work in educational data mining (EDM) and learning analytics has provided empirical support
for cyclical models of SRL by relating cyclical SRL stages to learner performance data (Bannert
et al., 2014; Borchers et al., 2024b; Hatala et al., 2023; Heirweg et al., 2020).

2.2. USING THINK-ALOUD PROTOCOLS TO MEASURE AND UNDERSTAND SRL

Previous studies have used TAPs to measure and understand SRL processes. In think-aloud ac-
tivities, students are asked to verbalize their thinking and cognitive processes while they solve
a problem (Greene et al., 2017). Utterances collected from think-alouds allow researchers to
measure and examine SRL processes that are contextualized in the problem-solving process as
the utterances are approximately concurrent with their occurrences.

To engage students in think-aloud activities, instructions are often given prior to a task, ask-
ing students to verbalize their thinking while working on a task, as if they are speaking to
themselves (Ericsson & Simon, 1998). Once the task begins, researchers or the learning software
may use simple prompts such as “please keep talking” to remind participants to continue to talk
when learners stop verbalizing (Greene et al., 2011). These instructions and prompts are de-
signed with the goal of inflicting a minimum amount of distraction which might alter a student’s
thinking process.

To accurately capture students’ thinking process, Ericsson and Simon (1998) provide guide-
lines on the TAP instructions and prompts. In this, they contend that prompts should primarily
focus on asking students to express conscious thoughts using language that directly represents
those thoughts (e.g., “my plan is to complete the assignment™) or express thoughts in which
sensory information is converted into words (e.g., “I see three hyperlinks here”). In contrast,
prompts should refrain from asking students to metacognitively monitor and reflect on their
thinking process, as this can potentially influence how students think and perform tasks, altering
the order and nature of their cognitive processes (Ericsson & Simon, 1998; Schooler et al.,
1993). When prompts are carefully designed to avoid engaging students in metacognitive activ-
ities, studies have found that thinking aloud alters neither accuracy nor the sequence of
operations in most cognitive tasks (excluding insight problems; Fox et al., 2011).

Once students complete the learning task, their verbalizations collected using audio or video
recordings are then transcribed to text. The recordings, which were once predominantly tran-
scribed by humans, are now increasingly transcribed by automated transcription tools such as
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Whisper (Radford et al., 2023), with transcription accuracy described in their technical reports
being satisfactory without human supervision. With the transcriptions, researchers code the SRL
processes using a coding scheme (e.g., Bannert et al., 2014; Heirweg et al., 2020; Lim et al.,
2021). As a critical part in TAP, the coding scheme outlines the target SRL processes captured
in a transcript and provides an operationalization for each process. These schemes are typically
derived from SRL theories and then refined and modified based on the existing task, platform,
and dataset (Greene et al., 2011). For example, to examine students’ use of SRL in think-aloud
transcripts, Bannert et al. (2014) developed a coding scheme that outlines SRL categories cor-
responding to the three phases (i.e., forethought, performance, and reflection) in Zimmerman’s
model (Zimmerman, 1990). By comparing the SRL activities between high and low-achieving
students, Bannert et al. (2014) found that high achievers tended to demonstrate more frequent
use of SRL processes such as planning and monitoring, and they are also more effective and
strategic at implementing SRL strategies. Using the same coding scheme, Heirweg et al. (2020)
and Lim et al. (2021) found that successful learners were more likely to engage in preparatory
activities (e.g., orientation and planning) before completing a task. In contrast, preparation and
evaluation activities were less frequently used by less successful students.

In addition to studying the effective use of SRL in relation to students’ overall achievement,
a recent study examined how the use of SRL inferred from TAPs is correlated to moment-by-
moment performance when students are solving a multi-step problem with an ITS (Borchers et
al., 2024b). Specifically, they coded four SRL categories based on Winne and Hadwin’s four-
stage model (1998). By coding SRL categories in students’ utterances in between steps, they
examined how the use of SRL in terms of presence, frequency, cyclical characteristics, and re-
cency relate to student performance on subsequent steps in multi-step problems. They show that
students’ actions during early stages of SRL cycles (e.g., processing information and planning)
exhibited lower moment-by-moment correctness than later SRL cycle stages (i.e., enacting) dur-
ing problem-solving. This granular coding allowed for studying the effectiveness of SRL
processes for problem-solving performance in a fine-grained way. Understanding how SRL pro-
cesses influence the subsequent performance provides further evidence of when interventions
could be provided during problem solving—in this case, early SRL cycle stages.

2.3. USING NATURAL LANGUAGE PROCESSING TO SCALE UP SRL MEASURE-
MENT

Less than ten years ago, a position paper published by McNamara et al. (2017) discussed the
significant impact of natural language processing (NLP) on understanding and facilitating learn-
ing. Recent advancements in NLP continue to reveal new opportunities for supporting learning
through analytics.

One emerging application using natural language in the domain of education is predicting
students’ cognitive processes from learner text artifacts, with the goal to provide real-time feed-
back and to measure these constructs at scale. For example, to understand how students engage
in SRL and to provide timely scaffolds in math problem-solving, Zhang et al. (2022) developed
robust detectors using NLP and machine learning that measure SRL in students’ open-ended
responses. Specifically, they extracted features that resemble the linguistic characteristics found
in students’ text-based responses and trained machine learning models that detect SRL con-
structs, reflecting how students assemble information, form mental representations of a problem,
and monitor progress. Similarly, Kovanovi¢ et al. (2018) developed machine learning models
that automatically identify the types of reflection in students’ reflective writing. In their work,
NLP methods including n-grams, LIWC (Tausczik & Pennebaker, 2010), and Coh-Metrix
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(Crossley et al., 2007) were used to extract features from students' reflective writing which were
then used to train models and make predictions. These NLP-based models demonstrate the pos-
sibility of processing students’ written responses and evaluating their cognitive processes in real
time and at scale.

Since then, large language models (LLMs) and sentence embeddings have substantially ad-
vanced the state of the art in language models. These models, based on deep learning
architectures, are trained on massive amounts of text data to understand and generate human
language in a contextually coherent and meaningful manner (Wei et al., 2022). Building on these
advancements in LLM text comprehension, recent studies have investigated using LLMs as de-
tectors to enhance the prediction of cognitive constructs within text. This includes detecting
attributes and relatedness of peer feedback (Darvishi et al., 2022; Zhang et al., 2023b), as well
as detecting gaming the system (a strategy aimed at avoiding having to learn) in open-ended
responses, with findings demonstrating reliable detection accuracies using LLMs with AUCs
above 0.8 (Zhang et al., 2023a).

However, many detectors in EDM and related fields have been unsuccessful at transferring
across learning contexts (Baker, 2019). The models developed in past work are mainly designed
and evaluated within one platform, though Paquette and Baker (2019) represents one of the few
exceptions. Being able to evaluate the performance of a detector across systems will allow us to
better understand the limitations of these models, and how language may differ when students
are working in different subjects and systems, albeit capturing the same cognitive attributes.

24. MULTILINGUAL LANGUAGE MODELS

Multilingual language models are artificial intelligence systems that are designed to understand,
generate, and process text in multiple languages. Unlike monolingual models, which are trained
on data in a single language, multilingual models are trained on a diverse set of languages, al-
lowing them to perform various tasks across different linguistic contexts (Doddapaneni et al.,
2021). To do so, a shared representation of text across languages is needed for multilingual
language models to process multiple languages.

Almost a decade ago, dictionaries were used to establish shared representations, mapping
words with similar meanings across two languages (Ammar et al., 2016). Since then, with the
increasing use of transformer models, multilingual sentence embeddings have been developed.
Pre-trained multilingual models, such as mBERT (Gonen et al., 2020) and XLM-RoBERTa (Li
et al., 2021), utilize corpora from around 100 languages and are trained to perform masked lan-
guage modeling (predicting a word in a sentence using the surrounding words). Through this
training, the models learn the semantic meaning of words across languages by using the context
provided by the surrounding words. Generative pre-trained transformer, or GPT, on the other
hand, uses a different training objective, focusing instead on predicting the next word in a se-
quence (Yenduri et al., 2024). These models utilize a shared vocabulary and embedding space
across languages, creating a universal representation of sentences that capture the similar se-
mantic information across different linguistic contexts (Artetxe & Schwenk, 2019; Pires et al.,
2019). These representations can then be fine-tuned for various downstream tasks enabling the
possibility of processing different languages and transferring knowledge across languages.

For example, using the shared representations, classification models trained using one lan-
guage can be transferred to a different language (Artetxe & Schwenk, 2019), which is also
known as zero-shot transfer. In a multilingual zero-shot transfer task, a pre-trained model is fine-
tuned on a specific task in one or more source languages, and then applied directly to a target
language without any additional adaptation. This approach is effective when the task is

30 Journal of Educational Data Mining, Volume 17, No 2, 2025



language-agnostic or when the source and target languages are closely related (Huang et al.,
2021). For instance, a model fine-tuned on sentiment analysis in one language can often subse-
quently be successfully used to analyze sentiment in other dialects (Omran et al., 2023).
However, the success of the transfer of such models can be influenced by the languages (e.g.,
similarities in typology between the two languages; Conneau et al., 2017) and the nature of the
tasks (Hu et al., 2020).

In the field of EDM, pre-trained multilingual models have been used for a range of tasks,
including grading written assignments in different languages (Firoozi et al., 2024; He & Li,
2024) and analyzing discourse in collaborative learning environments that support multiple lan-
guages (Araujo, et al., 2023). For example, in Firoozi et al. (2024), two multilingual sentence
embedding models (mBERT and language-agnostic BERT, LaBSE) were used to train models
that rate students’ essays in three languages (German, Italian, and Czech) based on a six-score
scale. Essays from all three languages were used to train models. By comparing the predictions
to human ratings, they found that both sentence embedding models demonstrate comparable
performance across all three languages. However, LaBSE is significantly better at producing
accurate predictions for the majority of the score levels within each language. When clustering
the embeddings, they show that mBERT is better at clustering essays based on languages, while
LaBSE produces clusters that better represent the score levels. This result can be attributed to
LaBSE's advantage in translation language modeling, which enhances its cross-linguistic com-
prehension and enables LaBSE to more effectively use the multilingual context (Firoozi et al.,
2024). Additionally, de Araujo et al. (2023) used the Wiki40b-lm-multilingual and USE-multi-
lingual sentence encoders to investigate the transferability of these models across domains and
languages for detecting types of chats in a collaborative learning environment. They observed
significantly reduced, yet still moderate, performance when models were trained on student
chats in one subject area in Dutch and tested on chats from another subject area in Portuguese,
and vice versa.

Despite notable successes in the use of multilingual models within educational applications,
cross-national transfer studies remain rare. This scarcity is especially important as transferring
models across instructional contexts and platforms continues to be a fundamental challenge in
the field of learning analytics (Baker, 2019). Past work suggests that affect detectors, another
common prediction model in EDM, can be limited in their capacity to generalize to new popu-
lations, even when these populations are part of the same national or regional culture
(Ocumpaugh et al., 2014). Similarly, recent work that increasingly studied differences in model
performance across different populations has primarily done so within US-American samples
(e.g., Zambrano et al., 2024), neglecting opportunities to study differences between national
samples. The present study addresses this gap by comparing the performance of multilingual
prediction models of SRL in a second language embedded in distinct instructional and cultural
contexts.

3. METHODS

To answer our three research questions listed above, we collected students’ log data as well as
think-aloud transcripts from students enrolled at German and American universities as they
worked with one of three ITSs (section 3.1 and 3.2). The three ITSs (i.e., StoichTutor, ORCCA,
and LogicTutor) each cover the topic of either stoichiometry or formal logic and differ in their
level of scaffolding (section 3.3). We analyzed students’ think-aloud data, developed a code-
book, and coded the utterances for four SRL categories (section 3.4). To train models that detect
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the SRL categories, we vectorized the utterances using a multilingual sentence embedding
model to create a feature space. Using the embeddings and labels, machine learning models
were trained to classify the presence or absence of the four SRL categories (section 3.5). Per-
formance of these models within a single language was then compared to models’ transfer
performance across languages, platforms, and subject domains. To evaluate the transferability,
a series of models were constructed using a subset of data and tested on data collected from the
language, platform, or domain that was not included in the training set (section 3.6). Lastly,
error analysis was conducted to identify common errors and construct theories of failure regard-
ing why models fall short or fail to transfer (section 3.7). All data analysis code is publicly
available through a GitHub repository, which also describes how access to the original American
dataset can be obtained: https://github.com/pcla-code/EDM24 SRIL.-detectors-for-think-aloud.

3.1. SAMPLE AND RECRUITMENT

Twenty-six participants took part in this study, including fifteen university students in the
United States and eleven students in Germany. Of the fifteen students in the United States, the
average age was 20.60 years (SD = 3.27). The participants were 40.0% White, 46.6% Asian,
and 13.3% multi- or biracial. The United States sample included undergraduate first-year stu-
dents (21.4%), sophomores (14.3%), juniors (35.7%), seniors (21.4%), and one graduate student
(7.1%). Of the eleven students in Germany, the average age was 21.57 years (SD = 3.21). Of
these students, 9% have an immigration background, meaning either one of their parents or
themselves were not born with German nationality (which is the established way of measuring
sample diversity in Germany). The German sample included undergraduate first-year students
(9.1%), sophomores (63.6%), juniors (18.2%), and one graduate student (9.1%).

Data collection took place between February and June of 2023. The present study sampled a
total of 955 English annotated utterances from 15 students working on 3 problems across the
three platforms, and sampled a total of 584 German annotated utterances from 11 students work-
ing on 2 problems across the two chemistry platforms. Ten US students were recruited at a
private research university (and participated in person). The other five US students were re-
cruited from a large public university (and participated via Zoom). All German students
participated in-person and were enrolled in a large public university. All students were recruited
through course-related information channels by instructors in courses known to include students
still learning stoichiometry. Further, students were asked to circulate recruitment materials to
peers and encourage them to do the same. Participants received $15 Amazon gift cards (US
sample) or 15 Euros in cash (German sample) as compensation. All students completed a session
between 45-60 minutes.

3.2. STUDY PROCEDURE

Students were distributed to conditions such that at least five students worked with each of the
three ITSs. Given that LogicTutor had not been translated to German at the time of data collec-
tion, German students were only assigned to use StoichTutor or ORCCA (or both). All students
participating in the study started with a self-paced questionnaire assessing demographic infor-
mation, prior academic achievement, and self-rated proficiency in the subject domain (i.e.,
stoichiometry chemistry or formal logic). Then, students viewed a pre-recorded introductory
video about the ITS they would work with and could ask questions about the video. In the case
of LogicTutor, students also had the opportunity to read two articles on formal logic symboli-
zation and rules. They also were allowed to ask the experimenter, who was familiar with formal
logic, any questions about symbolization and the content. Students had up to five minutes to
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skim both articles to develop relevant questions to ask the experiment conductor. Both articles
were taken from a remedial first-year undergraduate summer course on formal logic in which
the LogicTutor was previously deployed. The articles ensure that all participants had the neces-
sary prerequisite knowledge and knew the required symbolization for expressing logical
formulae to work with the tutoring software. After becoming acquainted with the tutoring soft-
ware, students received a brief demonstration and introduction to the think-aloud method and
began working on tutor problems at their own pace for up to 20 minutes while thinking aloud.
Chemistry problems were taken from past research on StoichTutor (McLaren et al., 2011a,
2011b), and either presented in StoichTutor or implemented in ORCCA. Problems in LogicTu-
tor focused on transforming equations into normal forms and self-explaining these
transformations via menus.

The experimenter occasionally reminded the research participants to keep talking when they
fell silent for more than 5 seconds. Think-aloud utterances were recorded with a 2022 MacBook
Pro built-in microphone of the computer serving the tutoring software or Zoom microphones of
the participating student's laptop. Problems were content-matched across the StoichTutor and
ORCCA ITSs and included two content units taken from prior studies featuring StoichTutor: (a)
moles and gram conversion and (b) stoichiometric conversion. Both content units included a
total of four problems. For LogicTutor, two problem sets were taken from prior remedial sum-
mer courses for first-year undergraduates. The problem sets covered simplifying logical
expressions (seven problems) and transforming logical expressions to the negation normal form
(four problems), respectively. Students worked on both problem sets while thinking aloud in a
fixed sequence until the time ran out. This decision was based on both problem types having
increasing difficulty levels, with the first problems set including additional problem-solving
scaffolds via reason boxes.

3.3. INTELLIGENT TUTORING SYSTEMS

Our first ITS, StoichTutor, is an example-tracing tutor (Aleven et al., 2016). StoichTutor has
significantly improved high school and college students’ stoichiometry skills (McLaren et al.,
2006, 2011a, 2011b). The most recent version of StoichTutor incorporates insights from previ-
ous design experiments, including the use of polite language in hints (McLaren et al., 2011).
The StoichTutor utilizes a structured, fraction-based problem-solving method (i.e., the factor-
label method) to guide students toward target values (see Figure 1.top).

Our second ITS, the Open-Response Chemistry Cognitive Assistant (ORCCA), is a rule-
based model-tracing ITS for chemistry (King et al., 2022). ORCCA matches problem-solving
rules with students' strategies, accommodating flexible problem-solving sequences with a for-
mula interface (see Figure 1.middle). Rule-based ITSs allow for more flexibility in problem-
solving strategies (Aleven, 2010).

Our third ITS, LogicTutor, is a rule-based tutoring system for learning propositional logic
(see Figure 1.bottom). Students are guided through constructing truth tables, correlating the
structure of a formula with its meaning by assigning truth values. Students are tasked with ma-
nipulating propositional formulae and transforming them into equivalent expressions using a
limited set of logical connectives. Additionally, students learn to apply transformation rules to
rewrite or simplify formulas. Students receive hints and error feedback with dynamically gen-
erated counterexamples to students' formulae. A “cheat sheet” on the left side of the screen
reminds them about relevant logical transformations. The interface also includes reason boxes
for self-explanation, which offer further scaffolding during problem-solving.
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Figure 1: Interface examples of all three ITSs employed in the present study. StoichTutor (top)
and ORCCA (center) cover the domain of chemistry. LogicTutor (bottom) and ORCCA are ITS
supporting formula-based problem solving compared to StoichTutor, which is a highly struc-
tured, ITS supporting fraction-based problem solving based on the factor-label method.

CODING SRL CONSTRUCTS

The dataset analyzed comprised individual student transactions encoded in log data (e.g., at-
tempts, hint requests) from all three tutoring systems, along with think-aloud transcripts. Student
actions within each ITS were logged into PSLC DataShop (Koedinger et al., 2010). Whisper, an
open-source transcription model for voice, generated think-aloud transcripts, which segmented
utterances with start and end timestamps. Error and accuracy reports are discussed in (Radford
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et al., 2023). Whisper is capable of transcribing German, but we found it unsuitable for this
study due to its lower voice recognition accuracy and the poor audio quality of the German
recordings. As a result, we manually segmented and transcribed the German recordings using
the FOLKER program, adhering to the transcription guidelines of the “Gespréichsanalytisches
Transkriptionssystem 2” (GAT2) (Selting et al., 2011). Segmentation criteria included (a)
changes in speaker between the user and experiment conductor, (b) pauses between words and
phrases, and (c) shifts in content, such as transitions between problems. These segmentations
are comparable to those generated by Whisper during transcription.

To be able to relate the correctness of student actions in the tutor to their prior utterances'
SRL codes, as done in Zhang et al. (2024a), we concatenated multiple utterances falling between
each pair of consecutive timestamped student-tutor transactions. Synchronization of log data
and think-aloud transcriptions was ensured by coding a reference tutor transaction by a coder
familiar with the software, which allows for synchronization with no more than a 1-second error
margin. Access to the American log data and anonymized synchronized think-aloud transcripts
is available upon request through DataShop (Koedinger et al., 2010) as datasets #5371 and
#5820 The German dataset is not available due to data protection terms in the initial data col-
lection, in line with relevant regulations.

Concatenated utterances were annotated following a coding scheme (see Table 1) aligning
with the four-stage SRL model by Winne and Hadwin (1998): processing information, planning,
enacting, and realizing errors. These categories, focusing on relevant behaviors within problem-
solving learning environments, represent a subset of SRL processes within each model stage.
The coding categories reflect critical behaviors at different stages of problem-solving learning,
allowing us to examine learners' cognitive activities during information processing, planning,
enacting conceptual actions, and realizing errors. Coding at this level enables observation of
cognitive operations that are usually inferred from multiple actions and verbalizations. Table 1
outlines the coding categories and related behaviors.

Table 1: SRL categories, behaviors, and example utterances. Utterances were coded on the cat-
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egory level.

SRL Category Behavior Example Utterance

Processing In- - Assemble information “Let’s figure out how

formation The utterance demonstrates behaviors many hydrogen items are
where students read or re-read a question,  in a millimole of water
hints, or feedback provided by the system molecule H20 molecules.

Comprehend information Our result should have

The utterance demonstrates behaviors three significant features.”
where students repeat information provided
by the system with a level of synthesis

Planning Identify goals and form plans “Okay, now I think I have
The utterance reflects behaviors where stu-  to use commutative first.
dents verbalize a conceptual plan of how I'll just see what the prob-
they will solve the problem lem wants.”

Enacting Verbalize previous action

The utterance reflects students’ behaviors

where they verbalize an action that has just

been carried out explaining what they did
Announce the next action

“Two molecules of this.
How many atoms in a
minimum molecule of M
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SRL Category Behavior Example Utterance
The utterance reflects student behaviors mole? 61023 divided by
where they verbalize a concrete and specific 2.3.0115.”
action that they will do next
Realizing - Realize something is wrong “It’s incorrect. What’s
Errors The utterance demonstrates instances where happened? It is the thou-
students realize there is a mistake in the an- sand in the wrong
swer or the process with or without external spot...No, the thousand is
prompting (i.e., tutor feedback) correct, so what am I do-
ing wrong?”

For the English sample, two researchers (first and second author) coded 162 concatenated
utterances separately to establish reliability while reviewing log data of associated segments.
Once a reliable inter-rater reliability had been reached (Kprocessing = 0.78, Kplanning = 0.90,
Kenacting = 0.77, Kerrors = 1.00), they then individually coded the remaining English utter-
ances, double-coding any lacking agreement within the inter-rater iteration. Given this
established reliability and the standardization of platforms and study procedures between the
English and German sample, the first author, fluent in both English and German, then proceeded
to code all German utterances.

3.5. MODEL TRAINING

To train models that detect the four categories of SRL processes, we first vectorized both the
English and German utterances using text-embedding-3-short (Neelakantan et al., 2022), a pre-
trained sentence embedding model that converts textual input into a high-dimensional vector
with a length of 1,536. This sentence embedding model, using deep learning techniques and
based on a transformer architecture, captures the semantic meaning of the text by analyzing the
text and its surrounding words and phrases and then creates a contextualized numerical repre-
sentation of the text. The model is trained on a diverse and extensive corpus, including multiple
languages such as German, and it has demonstrated a reliable and comparable performance in
processing different languages (OpenAl, n.d.).

Using the embeddings and the manually coded labels, we trained machine learning models
to classify the presence or absence of each SRL category in each utterance in each language. A
single-hidden-layer ReLU neural network (28 intermediate units) with sigmoid output was
trained using the Adam optimizer (learning rate = 0.01) for 30 epochs (batch size = 10) to per-
form binary classification using binary cross-entropy loss. During model training, we performed
student-level cross validation. Specifically, students’ utterances were split into 5 folds with each
student’s utterances nested within one fold. Four folds were used to train a model, which was
then applied and evaluated on the fifth (test) fold using the Area Under the ROC Curve (AUC).
This step was repeated five times. We averaged the AUC across the five test folds and computed
the standard deviation.

3.6. TRANSFER TASKS

To examine the transferability of the models across languages, we conducted three sets of anal-
yses to examine 1) if these models transfer across languages, 2) if there is a difference in
transferability in language when students are more or less familiar with the instructional strategy
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scaffolded by the platform, and 3) if these models transfer across both languages and subject
domains simultaneously.

To answer RQ1 on model transferability across languages, we trained models using one lan-
guage and then tested them on the other language. Since no utterances were collected from
LogicTutor from German students, this comparison used only data from the chemistry tutors
(StoichTutor and ORCCA). Specifically, for each SRL category, we first trained models using
English utterances collected from StoichTutor and ORCCA and then tested them on the German
data. Counterpart models were also evaluated where German data was used to train models
which were then tested on the English utterances.

To investigate if the transferability varies between platforms with familiar and unfamiliar
forms and degrees of scaffolding (RQ2), we compared the performance of the models between
the two platforms used in the German data. One platform (StoichTutor) only supports the factor-
label method, a fraction-based problem-solving strategy unfamiliar to German students but com-
mon in the United States (Borchers et al., 2025), while the other platform (ORCCA)
accommodates multiple strategies. Therefore, separating and comparing the classification in the
transfer task in RQ1 according to which platform the student used allows us to assess this trans-
ferability.

To answer RQ3 regarding language transfer when applied to a different learning platform
design and domain, we take models trained on English language and interactions with LogicTu-
tor and apply it to the German chemistry sample (using StoichTutor and ORCCA) used in RQ1.
We also evaluate the reverse transfer, that is, a model trained on German chemistry data applied
to English data from LogicTutor. In all cases, to express the reliability of transfer model perfor-
mance based on AUC, we used an implementation of the closed-form estimation for AUC 95%
confidence intervals proposed by DeLong (Sun & Xu, 2014).

3.7. THEMATIC ERROR ANALYSIS BY PREDICTION TASK

To better understand the limitations and types of errors related to language, domain, and tutoring
system transfer of SRL prediction, we conducted a thematic analysis (Clarke & Braun, 2017) of
error types. To do so, we first converted the predictions from continuous values representing
probabilities to binary values, where each probability was rounded to the nearest integer. Spe-
cifically, if a predicted value was of 0.5 or above, it was rounded up and assigned the value 1
(present). Otherwise, it was rounded down and assigned the value 0 (not present). Misclassified
errors were identified by comparing the binary predictions with the labels (ground truth).

Misclassified utterances were then exported into spreadsheets for each of the four SRL codes,
including the confidence of the classifier (in probability), human and predicted label, and tutor-
ing system context (preceding hint message, attempt, problem statement, and other tutor
feedback). This context supported sensemaking and coding of errors.

Two research team members fluent in English and German independently coded all misclas-
sifications grouped by prediction task (language transfer vs. language+domain transfer). After
repeated reading of utterances and grouping, emergent themes were summarized in tables with
examples. The coders met twice in total to iteratively discuss and refine each theme and their
related theories of model failure, including the curation of representative utterances for each
theme. During coding and discussions of themes, there were no constraints or expectations on
whether themes would be shared across or distinct to the different prediction tasks or SRL codes.
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4. RESULTS

Before reporting results related to our three research questions, we report on the distribution and
frequency of the ground truth of the four SRL categories, that is, the coding done by the research
team members. Overall, enacting was elicited more frequently than all other SRL categories,
followed by processing information, planning, and realizing errors. Notably, the overall count
of SRL categories was higher in ORCCA and LogicTutor, which could be due to slightly longer
utterance lengths (M = 19.97 words for StoichTutor, M = 23.68 words for ORCCA, and M =
26.18 words for LogicTutor). This difference in utterance length could be related to more infre-
quent actions in these tutors, as students generally worked with each tutor for comparable
amounts of time based on the study design. We report on language-specific breakdowns in Table
2. German utterances tended to be longer on average for StoichTutor (German M = 22.37 and
English M = 17.72) and for ORCCA (German M = 34.99 and English M = 13.56).

Table 2: Distribution and frequency of utterances and human-assigned SRL labels across plat-
forms and samples, with each utterance being assigned anywhere between 0 and 4 SRL stages.

Lan- ITS N utter- M % pro- % plan- | % enact- | % real-

guage ances words | cessing ning ing izing
info errors

English Stoich 469 17.72 13.22% 10.66% 22.6% 6.4%
English | ORCCA 162 13.56 | 20.99% 12.35% 19.14% | 4.32%
English Logic 324 26.18 | 25.62% 16.98% 30.86% | 18.83%
German | Stoich 439 22.37 | 28.93% 13.67% 16.86% | 7.74%
German | ORCCA 145 3499 | 27.59% 7.59% 37.24% | 2.07%

To establish a baseline in model performance for subsequent comparisons in model transfer,
we evaluate the models with 5-fold student-level cross validation for each language. The average
AUC and the standard deviation for each language and SRL category is reported in Table 3.
Cross-validation results replicated the prior finding on English data that the OpenAl embedding
model achieved satisfactory cross-validation performance (Zhang et al., 2024a) when trained on
German data. These cross-validation results only included chemistry data to ensure comparabil-
ity of cross-validation results between the German and English sample and because satisfactory
cross-validation results for the English LogicTutor sample had been established in Zhang et al.
(2024a).

Table 3: Average cross-validation performance measured in AUC between English and German
utterances recorded during problem-solving with the chemistry tutors ORCCA and Stoich.

SRL Category AUC English (SD) AUC German (SD)
Process 0.893 (0.063) 0.863 (0.021)
Plan 0.878 (0.062) 0.826 (0.090)
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SRL Category AUC English (SD) AUC German (SD)
Enact 0.821 (0.103) 0.792 (0.066)
Realizing Errors 0.885 (0.118) 0.894 (0.072)

As indicated by Table 3, cross-validation results were generally satisfactory and comparable
between the English and German sample. Specifically, no SRL category exhibited differences
larger than about one standard deviation in AUC performance across folds based on cross-vali-
dation split performance variation.

4.1. TASK MODEL TRANSFER ACROSS LANGUAGES (RQ1)

In answering RQ1, we investigate the generalizability of embedding-based machine learning
models of SRL to another language on matched platforms and domains. Given the same set of
platforms (StoichTutor and ORCCA) and a single domain (chemistry), we assessed the model
performance by training a model on all training data of one sample (English vs. German) and
evaluating performance on the other. The results are summarized in Table 4.

Table 4: Language transfer performance on matched platforms and domains measured in AUC,
including 95% confidence intervals.

SRL Category | English to German German to English
Process 0.807 [0.769, 0.845] 0.858 [0.822, 0.894]
Plan 0.781 [0.727, 0.835] 0.768 [0.718, 0.819]
Enact 0.660 [0.610, 0.711] 0.709 [0.653, 0.764]
Realizing Errors | 0.849 [0.786, 0.912] 0.854 [0.790, 0.917]

Based on Table 4, three observations regarding model transfer performance between lan-
guages can be made. First, transfer performance was generally good, meaning that the AUCs
were around 0.8 or higher, addressing RQ1. This was with the exception of the enact category,
which was close to AUCs of 0.7, which is still satisfactory. However, compared to cross-vali-
dation results in Table 3 which represents the models’ performance when trained and applied
on the same language, there was some level of model degradation (about 0.1 AUC except for
the realizing errors category) when models were transferred to a second language. Second, reli-
able differences in the transferability of models between the two languages were found only for
the process and enact categories, which generalized slightly better from German to English than
English to German (based on point estimates not overlapping with the other language’s confi-
dence interval).

Error analysis and theories of failure: Our thematic analysis yielded a single error theme
that was common across multiple instances per prediction and transfer task. In this case, the
primary type of misclassification observed when analyzing errors in language transfer was re-
lated to linguistic differences in phrasing chemistry concepts between samples. The
underlying theory of failure relates to the discrepancies between expert-based translations (of
the tutoring systems) and commonplace translation (implicit in large language models). One key
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example of this issue is the term “cancel” in English which usually is translated to “stornieren”
or “kiindigen” in German, as in the context of canceling a subscription. However, in the context
of algebraic expressions and chemistry, canceling must be translated to “kiirzen” or “streichen”
in German, signifying acts that would relate to the “enact” code. As a result, enact utterances
with “kiirzen” or “streichen” were incorrectly classified. As these issues were particularly prev-
alent in the enact category, it may help explain the relatively poor transfer performance of this
code. An example German utterance exemplifying this type of misclassification included:
Yes./Moglicherweise Zihler und Nenner kiirzen, der den selben Stoff enthdilt. [Yes / possibly
cancel numerator and denominator that contains the same substance]. Here, the action word
“canceling” (or “kiirzen” in the original utterance) would be most commonly translated as
“shortening,” which an English embedding model might not have learned correctly as a conse-
quence. Similar patterns were observed for German-to-English transfer.

4.2. LANGUAGE TRANSFER GENERALIZABILITY TO LOWER VS. HIGHER SCAFFOLD-
ING PLATFORMS (RQ2)

In answering RQ2, we study how well language transfer on a matched domain generalizes to
tutoring systems with higher compared to lower levels of instructional scaffolding when the
highly scaffolded instruction is unfamiliar to one population. Specifically, German students are
less accustomed to the factor-label method directed and expected in the StoichTutor, which is
an instructional approach in stoichiometry commonly found in US-American education but not
in German education (Schmidt, 1997). The contrast between familiar vs. unfamiliar strategies
in transfer is hence represented by the German to English vs. the English to German language
transfer in StoichTutor. In contrast, ORCCA is built to recognize a greater variety of problem-
solving strategies for chemistry problems (e.g., by allowing students to compound steps and
transform equations flexibly). This flexibility could interfere less with model transfer perfor-
mance. Hence, the scaffolding contrast (high vs. low) in language transfer is thus represented
by comparing transfer from StoichTutor to ORCCA and vice versa. The results for English to
German language transfer by platform are summarized in Table 5.

Table 5: Language transfer performance from English to German (E — G) and vice versa (G —
E) on matched domains between platforms with high and low degrees of scaffolding measured
in AUC, including 95% confidence intervals.

Tutor ORCCA Stoich
Scaffolding | Lower Higher Higher
Familiarity | Both Unfamiliar Familiar
Language E->G G->E E->G G->E
Process 0.836 0.867 0.800 0.853

[0.766, 0.906] | [0.804,0.931] | [0.755, 0.845] [0.808, 0.897]
Plan 0.884 0.764 0.764 0.775
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Tutor ORCCA Stoich
Scaffolding | Lower Higher Higher
Familiarity | Both Unfamiliar Familiar
Language E->G G->E E->G G->E
[0.826, 0.941] | [0.663, 0.865] | [0.702, 0.827] [0.718, 0.833]
Enact 0.706 0.701 0.624 0.714
[0.620, 0.792] |[0.578,0.823] |[0.559, 0.690] [0.652, 0.776]
Realizing 0.977 0.932 0.831 0.840
Errors [0.928, 1.000] | [0.875,0.988] |[0.762, 0.899] [0.765, 0.915]

In line with Table 5, four key observations can be made regarding the model’s transfer per-
formance between languages, separately for tutoring systems with different levels of
scaffolding. First, similar to RQI, cross-language transfer performances generally remained
high when considered separately for each platform, except for the enact category, where AUCs
ranged from around 0.7 (ORCCA; lower scaffolding) to around 0.6 (StoichTutor; higher scaf-
folding with unfamiliar instruction). Second, performance was generally comparable between
English to German and German to English in ORCCA, the less-scaffolded tutor (except for
planning which was more accurate for English to German transfer). Third, performance was
lower for processing information and enacting in the highly-scaffolded StoichTutor for students
at the German university, who were unfamiliar with StoichTutor’s instructional strategy, but not
for students at the American university, who were familiar with its strategy. Planning and real-
izing errors, in contrast, had stable performance when transferred to either language in
StoichTutor. Fourth, the realizing errors category exhibited generally higher AUCs in the less-
scaffolded learning environment ORCCA than the highly-scaffolded StoichTutor. Taken to-
gether and answering RQ2, language transfer was overall higher for the lowly scaffolded
tutoring system and also when the scaffolded strategy was familiar in the target population.

Error analysis and theories of failure: The primary type of misclassification observed
when analyzing errors in language transfer by platform type was related to anthropomorphiza-
tion during processing of instruction which was only present in the German sample and
particularly common in StoichTutor. Specifically, we observed a high rate of classification er-
rors in utterances when anthropomorphization was present. German students, unlike English
students, often addressed the tutoring system as if it was a human tutor or collaborator in prob-
lem-solving. This issue was especially common in the process category, which exhibited a
systematically lower generalizability in StoichTutor from English to German. We especially
observed this issue when German students would restate hints and other forms of instruction
(which were more extensive in StoichTutor due to its higher level of scaffolding) in their own
words rather than reading them aloud verbatim. Translated quotes of a German student working
with StoichTutor reads: Der will, dass ich Kiloliter eintrage. [He wants me to enter Kiloliter.]
and Der sagt zwar 283,889 einsetzen, aber dann sagt er mir: “Das ist falsch.” [Why? He does

141 Journal of Educational Data Mining, Volume 17, No 2, 2025



say to substitute 283,889, but then he tells me “this is wrong.”] In contrast, American university
students would not anthropomorphize the tutoring system at similar crossroads, for example,
when realizing they made an incorrect problem-solving step attempt: OK, so this is wrong. Fi-
nally, it is worth noting that German students also referred to the tutor’s color-coded feedback
differently due to their anthropomorphizing of the tutoring system StoichTutor, whereby the
tutoring systems would “tell the student a color:” Aber er sagt griin. [But he says that it’s green. ]
We suspect that these language differences may have limited model transfer due to related dis-
tributional differences in the test set. We return to this discussion in Section 5.2.

4.3. MODEL TRANSFER ACROSS LANGUAGES AND DOMAINS (RQ3)

In answering RQ3, we study how well language transfer works when additional domain and
platform transfer is included. Past work with US students has shown degraded performance be-
tween platforms with AUCs of about 0.6 (except realizing errors, which was around 0.9) from
chemistry to formal logic (Zhang et al., 2024a). How does this performance compare when ad-
ditionally including language transfer? Performances by SRL code are summarized in Table 6.

Table 6: Language transfer performance from English to German and vice versa including do-
main transfer measured in AUC, including 95% confidence intervals.

SRL Category | English Logic to German Chem | German Chem to English Logic
Process 0.674 [0.626, 0.721] 0.635 [0.568, 0.702]
Plan 0.679 [0.619, 0.740] 0.711 [0.642, 0.779]
Enact 0.545 [0.490, 0.599] 0.506 [0.439, 0.573]
Realizing Errors | 0.898 [0.849, 0.948] 0.869 [0.822, 0.916]

In line with Table 6, two observations can be made regarding model transfer performance
between languages and domains. First, the realizing errors category exhibited no notable degra-
dation in performance, maintaining AUCs well above 0.8. Second, in general, AUCs in other
categories were around 0.6, aligning with domain transfer results from prior work (Zhang et al.,
2024a) and indicating no notable further performance degradation based on language. One ex-
ception, however, was the enact category, where AUC was at chance (i.e., around 0.5).

Error analysis and theories of failure: The primary type of misclassification observed
when analyzing errors in combined language and domain transfer was related to differences in
instructional context between domains, which were not obvious from transcriptions alone.
This issue was most commonly observed for hints, which were often incorrectly predicted to be
planning when verbalized verbatim, given that reading (verbatim verbalization) is coded as pro-
cessing according to our codebook. An example hint read by a German student and mistaken
for planning by the model included: Look for the substance that is in the numerator of the result.
Similarly, there were cases where planning is expressed, but is incorrectly predicted as pro-
cessing information. While human coders could disambiguate if a plan is in direct relationship
to a preceding hint based on log data (reading), a language model (as used in the fashion dis-
cussed here) does not have access to such context (but see Liu et al., 2024 for an example of
how to incorporate this type of context). Further, the LLM cannot learn what a hint might be
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during domain transfer, as hints take on different forms between subject domains. As a conse-
quence, our model was often unable to distinguish between the student reading a hint that
suggests a plan (coded as processing) as opposed to the student genuinely coming up with a plan
(coded as planning). We especially observed this pattern where verbalized plans included task-
specific information, which differed between subject domains, such as given values: Wir haben
diese 100 Gramm Wasser, es sind 6 Gramm Alkohol darin und wenn ich jetzt wissen will, wie
viele Mole in 1 Kilogramm sind. [We have these 100 grams of water, there are 6 grams of
alcohol in it and if I now want to know how many moles are in 1 kilogram.], or in the following
case where the plan to convert from mole to grams is only tangentially mentioned: Mol in gramm
umwandeln.../Na, wahrscheinlich wieder hier ein Mol von dem P4010. [Converting moles to
grams.../Well, probably here again a mole of the P4010.] In LogicTutor, such given values
typically take on the form of variables to which operators are applied, where planning was sim-
ilarly often mistaken for processing: not g and p okay further solve p or parenthesis not g and p
with absorption which is then. Taken together, subject domain differences, related to differences
in tutor scaffolding (i.e., hints) as well as the verbalization of plans, limited domain transfer. As
mentioned, incorporating log data into prediction might alleviate some of these issues.

5. DiscussiON

The present study investigated the transferability of LLM embedding-based prediction models
of SRL from think-aloud data, a common form of assessing SRL during learning by problem
solving. While past work has established that reliable classification of SRL from learner utter-
ances using automated transcription is feasible, it is an open question to what degree LLM
embeddings, which are generally multilingual, can be applied to the prediction of SRL in dif-
ferent languages where instructional and semantic differences may exist that domain-general
foundation models may be unable to capture. To this end, we coded and evaluated matched
think-aloud data of 26 students from German and American universities working with two in-
telligent tutoring systems for chemistry and coded their think-aloud utterances using the same
coding scheme and through bilingual research team members. We systematically evaluated the
transfer of machine learning models between languages to English think-aloud data from a third
tutoring system from a different domain: formal logic. Our contributions are as follows.

5.1. EMBEDDING-BASED SRL PREDICTION TRANSFERS WELL TO A SECOND LAN-
GUAGE

As our first contribution, we replicated prior work showing that models built on top of LLM
embeddings from student utterances in English (Zhang et al., 2024a) can reliably classify SRL
in a second language (German) and vice versa. We did not find systematic differences in classi-
fication accuracy, with AUC estimates around a good 0.8 AUC in both languages and across all
SRL categories. This finding adds confidence to the notion that LLM embeddings are funda-
mentally multilingual and do not require fine-tuning to apply to language contexts other than
English. However, it is worth noting that German, similar to English, is one of the dominant
languages well-represented in the open web, representing LLMs’ training corpus and among the
languages LLMs like GPT-4 perform best on (Achiam et al., 2023). It is worth investigating in
future work if our findings would replicate for languages that are less representative of the open
web and more distal to English and German. Methods for improving LLM applications to so-
called “low-resource” languages are being actively developed (Andersland, 2024).
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As our second contribution, we demonstrated that LLM embedding-based models can trans-
fer to a second language (RQ1) with satisfactory classification accuracy without fine-tuning or
domain adaptation. We found little performance degradation compared to cross-validation on
the source language. However, an exception to this was seen for the enact category, which ex-
hibited poorer transfer performance. It is possible that further refinements to multilingual
embeddings, such as learning a linear mapping from the German to English space and related
embedding adaptations, would further improve transfer performance (Merullo et al., 2022).
However, such improvements are beyond the scope of the present study; they should be the
subject of future research.

5.2. LINGUISTIC AND NATIONAL DIFFERENCES IN INSTRUCTION CONSTRAINT LAN-
GUAGE TRANSFER

As our third contribution, we advance the theoretical understanding of how concept resolution
(i.e., the process by which a model identifies, disambiguates, and aligns the meaning of a con-
cept expressed in different languages) in different languages can reduce the transfer of LLM
embedding-based models to other languages. Systematic and qualitative analysis of model clas-
sification errors also explained why the enact category stood out: misclassified utterances tended
to be related to differences in chemical expressions distinct from everyday terms. Specifically,
as students learn chemistry, they learn concepts to distinguish everyday expressions from their
different meanings in chemistry (e.g., solution and solving), which relate to distinct instructional
goals (Heeg et al., 2020). These correspondences often differ between languages; for example,
the act of removing redundant units from fractions is called “canceling” in English, which relates
to “ending” something or “calling it even,” while the German equivalent "kiirzen" is equivalent
to “shortening” in everyday expression. Given their training on the broad open web, foundation
models map words to their general purpose meaning rather than subject-specific meaning
(Achiam et al., 2023). As a consequence, they are more likely to incorrectly classify utterances
whose SRL category hinges on a language-specific understanding of chemistry concepts and
their relation to these everyday terms. Similar issues in resolving concepts have been identified
in emotional representations between cultures (Dudy et al., 2024) and fine-tuning has been sug-
gested as a method to handle such cultural differences in concept resolution (Li et al., 2024).
Therefore, future work could improve the generalizability of SRL predictions between cultures
by incorporating knowledge about distinct mappings of everyday terms to concepts into the
LLM through fine-tuning. Another approach would be machine-translating utterances using an
expert-defined dictionary, which avoids translating terms to their (incorrect) general-use equiv-
alent in the target language, but this approach would be much more time-consuming, due to the
need to define a dictionary. Future work could compare both approaches to adapt to cultural
distinctions in domain-specific concepts.

As our fourth contribution, we identified national familiarity with highly-scaffolded instruc-
tion as another potential hindrance to the successful cross-language transfer of LLM embedding-
based SRL predictions (RQ2). A highly scaffolded tutoring system that instructs learners to
perform a problem-solving strategy unknown to German learners (factor-labeling method;
Schmidt, 1997) led to low generalization for a model trained on American university students
familiar with that strategy. German university students tended to anthropomorphize the tutoring
system with comparatively high levels of scaffolding, meaning that they often pointed out how
“he,” the tutoring system, would point out their errors or want them to do something. American
university students, whose utterances were similarly well predicted based on German data com-
pared to German utterances, did not anthropomorphize their tutoring system. We suspect that
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this difference is due to language conventions, where German students would address and react
to scaffolding in the tutoring systems differently from American students, as anthropomorphiza-
tion was especially present in StoichTutor. There are different interpretations for this difference
in transfer performance. As one explanation, the anthropomorphization by German students
might have degraded performance because these types of utterances were not found in the train-
ing sample and out of distribution, leading to unpredictable model outputs similar to adversarial
examples (Goodfellow et al., 2014). As an alternative explanation, because German students
were unfamiliar with the strategy provided by the highly scaffolded chemistry tutor, they might
have generally exhibited less coherent problem-solving actions, which degraded the quality of
labels and hence transfer. However, this theory can be partially ruled out because a model based
on German utterances, combined with data from the other chemistry tutoring system, general-
ized reasonably well to English data. Larger data samples enabling a systematic comparison of
training models only on one type of tutoring system rather than both could further test the second
hypothesis. However, such a comparison was not the objective of the present study, as it is
confounded with platform transfer differences. In all cases, our findings add nuance to prior
research indicating that SRL processes systematically differ by the degree of scaffolding (i.e.,
problem-solving support) in tutoring systems (Zhang et al., 2024b) by noting that differences in
cultural instructional norms (e.g., due to unfamiliarity with the tutoring system’s domain-spe-
cific instruction) can help explain differences in SRL.

5.3.  CONSIDERING INSTRUCTIONAL CONTEXT AT PREDICTION COULD FURTHER
BOOST PERFORMANCE

As our fifth contribution, we found that language transfer with a joint domain transfer from
chemistry to formal logic and vice versa was possible at above-chance model performance
(RQ3). This was with the exception of the enact category, where classification performance was
not distinguishable from random guessing, potentially due to reasons similar to the concept res-
olution issue from everyday terms suggested in the discussion of RQ1. However, realizing errors
was always predicted across contexts and language without notable loss in model performance.
One potential reason for why this category was classified well across contexts is because real-
izing that something is wrong is not dependent or related to the instructional context of each
tutoring system, as described next.

Our systematic error analysis revealed that model performance deficiencies could often be
attributed to the neglect of instructional context during prediction. Specifically, the models
struggled to differentiate between student processing of instruction and the formulation of inde-
pendent plans during domain transfer. This difficulty arises because much of the instruction
provided through hints in tutoring systems is metacognitive, offering specific plans and next
steps. Hence, it is difficult for a model to differentiate a plan generated by the learner from a
plan the learner reads out from on-screen instruction without knowing what hints are likely to
be given by the tutoring systems. While predictive models trained on chemistry data may rec-
ognize common instructions, such as hints and their translation, these models fail when applied
to new domains and platforms, where an entirely different set of hints is used. As a result, the
models cannot effectively distinguish between processing and planning without the inclusion of
instructional content. A hypothesis for future research is to incorporate language from instruc-
tional materials (e.g., hint texts) as concatenated embedding vectors during model training,
alongside domain adaptation techniques (Wang et al., 2019). Similar concatenation techniques

have been successfully employed to classify dialog acts in human tutoring contexts (Lin et al.,
2023).
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54. LIMITATIONS AND FUTURE WORK

This study has multiple limitations that should be acknowledged. First, the selection of three
tutoring systems and two domains of instruction (i.e., chemistry and logic) constrained the scope
of our analysis. This limitation applies to much educational data mining research, where creating
models that generalize to different learning environments remains a central challenge of the field
(Baker, 2019). Consequently, it could be that the lower predictive generalizability of our models
to German students working with the StoichTutor and their anthropomorphization of the tutoring
system (which was also present in ORCCA, but to a lesser extent) could be due to factors other
than German students being unfamiliar with the instructional strategy of the StoichTutor and its
comparatively high degree of scaffolding. Future work should consolidate our interpretation that
unfamiliar instruction and their related differences in SRL are linked and apply to domains out-
side of chemistry. One lens to study these differences could be by classifying learning
environments with respect to their degree of scaffolding (Zhang et al., 2024b). Future research
could also explore different instructional contexts, input types, and other modalities to better
understand their impact on SRL prediction and transfer. Our findings motivate the hypothesis
that instructional context (i.e., integrating tutoring system instruction into prediction through
text or otherwise) may be more critical for SRL prediction in highly scaffolded environments,
warranting further investigation.

A significant strength of our study lies in the matched platforms used for analysis: all were
tutoring systems with instructional support through hints and immediate feedback. While this
approach grants a certain amount of standardization in data processing and comparison between
the tutoring systems, it also limits the generalizability of our findings to educational technologies
with less instructional support, which may require a greater need for SRL. Specifically, tutoring
systems generally provide a high level of instructional support through immediate correctness
feedback and hints, but this differs from many other types of learning environments. Future
research is encouraged to apply our methodology to other learning environments, including col-
laborative learning systems (Borchers et al., 2024a) and game-based learning environments
(Richey et al., 2024), where language data can represent dialog acts between learners or self-
explanations that are expected to relate to learning. Similarly, given that our think-aloud context
may be characterized by early stages of using a tutoring system, future research is also encour-
aged to study contexts with longer-term use.

Another limitation is that this study did not systematically compare different methods of us-
ing LLMs for classification, as it aimed to establish the extent of general predictive capabilities
of such models for cross-national language transfer in SRL prediction. Next to fine-tuning and
expert-based translation ahead of embedding, which we identified as potential remedies to the
issue of concept resolution we identified in RQ1, this could include a comparison of embedding-
based prediction to prediction through generation and LLM prompt engineering. Although gen-
eration could offer richer, context-driven predictions, we opted for simpler, non-generative
models to avoid issues like hallucination and to maintain cost-effectiveness. In addition, the
literature suggests that for language prediction tasks, simple bag-of-words (BOW) models can
outperform more complex generative approaches, as highlighted by Hutt et al. (2024), which
could further be benchmarked against our current approach to prediction.

Our method for automated SRL classification from text has several promising applications
to enhance and better understand learning. First, for formal learning environments such as class-
rooms, where live transcription is challenging or student verbalizations during learning with
technology are uncommon (with few exceptions; Grawemeyer et al., 2015), our approach could
efficiently annotate training data for log-based SRL detectors obtained in think-aloud settings.
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These detectors could then enable adaptive instruction by providing scaffolds tailored to learn-
ers’ current SRL phase (e.g., when learners omit planning stages; Borchers et al., 2024b).
Similarly, such detectors could enable the study of how scaffolding interacts with SRL at a larger
scale. For instance, one hypothesis from large-scale evidence in tutoring systems is that their
comparatively high degree of scaffolding compared to other educational technologies may make
the impact of student-level SRL difference on learning less pronounced (Koedinger et al., 2023).
Second, our method could help procure learning analytics by tracking longitudinal improve-
ments in learners’ self-regulation and identifying instructional elements that enhance SRL
(Azevedo, 2014). Third, our methodology could be extended to additional domains and lan-
guages, advancing SRL theory by revealing how verbalized self-regulation manifests across
different contexts.

6. CONCLUSION

The present study contributed a novel platform-matched comparison of automated SRL classi-
fication with foundation model embeddings based on think-aloud data across languages,
instructional contexts, nations, and domains. Our findings show that embedding-based SRL pre-
diction based on automated processing of think-aloud data is feasible at a reliable accuracy of
around 0.8 AUCs and in multiple languages. Our empirical analysis further adds theoretical
contributions to understanding the limitations of large language models for the classification of
SRL. First, we identified the resolution of domain-specific concepts in everyday language as a
critical challenge in language transfer, where we noted slight performance degradation between
English and German. Expert-based translations of language or fine-tuning offer promising ave-
nues for alleviating this issue. Second, including instructional context, especially in highly
scaffolded learning environments, and applying models to instructional domains not represented
in the training data may further boost classification performance and generalizability. Our find-
ings highlight a generally lower transfer performance for a tutoring system with higher degrees
of scaffolding to a population unfamiliar with the instructional strategy that is scaffolded for.
This transfer performance underscores the importance of adapting predictive SRL models to a
population's characteristics and instructional context. However, our empirical findings add con-
fidence and move the field closer to predictive capabilities for SRL that generalize to domains,
languages, platforms, and national contexts, which may speed improvements to instructional
effectiveness of future advanced learning systems delivering SRL support.
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