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Abstract
Students who learn the language of instruction as an additional language represent a heterogeneous group with varying 
linguistic and cultural backgrounds, contributing to classroom diversity. Because of the manifold challenges these students 
encounter while learning the language of instruction, additional barriers arise for them when engaging in chemistry classes. 
Adapting teaching practices to the language skills of these students, for instance, in formative assessments, is essential to 
promote equity and inclusivity in chemistry learning. For this reason, novel educational practices are needed to meet each 
student’s unique set of language capabilities, irrespective of course size. In this study, we propose and validate several 
approaches to allow undergraduate chemistry students who are not yet fluent in the language of instruction to complete a 
formative assessment in their preferred language. A technically easy-to-implement option for instructors is to use translation 
tools to translate students’ reasoning in any language into the instructor’s language. Besides, instructors could also establish 
multilingual machine learning models capable of automatically analyzing students’ reasoning regardless of the applied lan-
guage. Herein, we evaluated both opportunities by comparing the reliability of three translation tools and determining the 
degree to which multilingual machine learning models can simultaneously assess written arguments in different languages. 
The findings illustrate opportunities to apply machine learning for analyzing students’ reasoning in multiple languages, 
demonstrating the potential of such techniques in ensuring equal access for learners of the language of instruction. 
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Introduction

Linguistic diversity is increasing in science subjects like 
chemistry, so the language of instruction does not necessar-
ily correspond to a student’s first language. Students who 
learn the language of instruction as an additional language 
face unique challenges in language acquisition, science 
learning, and the intersection of both (del Rosario Basterra 
et al., 2011; Lee & Fradd, 1998). Therefore, further barriers 
arise for them to actively participate in chemistry classes 
(Deng & Flynn, 2023).

So far, much research has focused on students who learn 
English as an additional language (Eng+). These Eng+ stu-
dents represent a heterogeneous group with diverse linguis-
tic backgrounds, different prior opportunities in learning 
English, and varying experiences in communicating in 
another language (Deng & Flynn, 2023; Deng et al., 2022; 
Flores & Smith, 2013). Although these Eng+ students may 
possess strong content knowledge, they may lack the flu-
ency to fully express their knowledge in English (Deng & 
Flynn, 2023; Deng et al., 2022; Flores & Smith, 2013; Lyon 
et al., 2012; Swanson et al., 2014). This language barrier 
can hinder effective communication, impede the exchange 
of ideas, and potentially exclude valuable contributions from 
Eng+ students (Deng & Flynn, 2023; Deng et al., 2022). 
Additionally, Eng+ students may experience linguistic inse-
curity, which involves feelings of anxiety about their English 
language usage (Deng & Flynn, 2023).

In educational settings such as chemistry classes, students 
taught in a different language than their first language face 
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various challenges in understanding, applying, and commu-
nicating domain-specific scientific concepts as well as in 
constructing evidence-based arguments (Curtis & Millar, 
1988; Deng et al., 2022; Lee & Fradd, 1998). For instance, 
Eng+ students struggled to grasp the intended meaning of 
terms (Solano-Flores & Trumbull, 2003), especially when 
the scientific and everyday meanings of these terms diverge 
(Lee & Orgill, 2022). Moreover, undergraduate Eng+ stu-
dents in general chemistry encountered both extrinsic and 
intrinsic challenges in engaging in lectures, comprehend-
ing laboratory procedures, and expressing their content 
knowledge (Lee et al., 2020). Additionally, postsecond-
ary Eng+ students generated the fewest causal arguments 
in chemistry in a recent study (Deng et al., 2022). Beyond 
that, linguistic or cultural references in science assessments 
may not be accessible to Eng+ students (Luykx et al., 2007; 
Solano-Flores & Nelson-Barber, 2001; Solano-Flores & 
Trumbull, 2003).

Collectively, this indicates that students’ performance 
in science assessments is linked to their language profi-
ciency, irrespective of their capacity to comprehend and 
apply scientific principles (Afitska & Heaton, 2019; Curtis 
& Millar, 1988; Deng et al., 2022; Maerten-Rivera et al., 
2010; Noble et al., 2014; Solano-Flores & Trumbull, 2003; 
Turkan & Liu, 2012). Language learners may face addi-
tional challenges because of unique cognitive operations 
associated with learning an additional language (Valdés 
& Figueroa, 1994). For this reason, Eng+ students might 
solve some assessment items better in their first language 
and others better in English (Solano-Flores & Trumbull, 
2003). Assessment items represent, thus, a unique set of 
linguistic challenges depending on the language in which 
they are administered (Lee & Orgill, 2022; Solano-Flores 
& Trumbull, 2003). This may establish inequities when 
assessing students who learn the language of instruction as 
an additional language in chemistry and beyond.

So, educators need to ensure equitable means for these 
language learners (Lee, 2005; Wolf et al., 2008). On the one 
hand, educators could help them overcome their language 
barrier by continuously providing opportunities for language 
development (Amano et al., 2021). On the other hand, edu-
cators could design equitable instructional settings, among 
others, formative assessments, that allow for a more diverse 
educational landscape.

Proposing Approaches for Allowing Multiple 
Languages in Chemistry Classes

In their study, Deng et al. (2022) found that most but not all 
students preferred the language of their chemistry instruc-
tion for communicating on chemistry assessments, regard-
less of their first language. Some language learners might, 

therefore, benefit from communicating scientific ideas in 
the language of instruction, whereas others might enhance 
their reasoning about chemical phenomena by using their 
first language. Consequently, a time- and resource-efficient 
approach to increasing equity for the latter students could 
be providing them with the opportunity to complete exer-
cises and formative assessments in their first language (cf., 
Afitska & Heaton, 2019; Buxton et al., 2014; Lee, 2005). 
However, since an instructor is not expected to be fluent in 
the respective language, a translation tool such as Google 
Translate, DeepL Translate, or ChatGPT could be used to 
translate back and forth between languages. Due to recent 
advancements in natural language processing (NLP) and 
machine learning (ML), these tools made significant pro-
gress in translating human language. In addition, learners 
of the language of instruction already utilize such tools to a 
great extent (Almusharraf & Bailey, 2023), which is why we 
quantitatively compared their performance. By leveraging 
these translation tools, educators could enable equal access 
to educational resources for language learners, which pro-
motes inclusivity.

Nevertheless, allowing formative assessments in mul-
tiple languages is also possible by other means. Besides 
translation tools, educators could also design ML-based 
instructional settings, which have the potential to evaluate 
students’ reasoning in every language automatically. While 
developing such ML models is resource-intensive, analyz-
ing students’ responses is fully automated once the model 
has been constructed. However, there are fundamental con-
cerns that ML algorithms take a majority-driven language 
as the benchmark against which all other data is evaluated 
(Cheuk, 2021; Li et al., 2023). Consequently, a majority-
focused linguistic practice may be overvalued (Ha et al., 
2011; Liu et al., 2016), even if scientifically non-normative  
ideas are expressed (Nehm et  al., 2012). In contrast,  
responses including uncommon vocabulary are more likely to 
be misclassified (Ha et al., 2011; Liu et al., 2016; Maestrales  
et al., 2021), which may penalize learners of the language of 
instruction (Cheuk, 2021). So, ML-based science assessments 
may favor a limited range of linguistic practices deemed suit-
able for scientific discourse, prioritizing academic language  
over students’ informal everyday vocabulary (Cheuk, 2021). 
Therefore, establishing ML-based systems can unconsciously 
deepen structural forms of historically grown inequali-
ties (Cheuk, 2021; Grimm, Steegh, Çolakoğlu et al., 2023; 
Grimm, Steegh, Kubsch et al., 2023; Li et al., 2023).

Following this, it is essential to identify and reduce the 
potential biases of ML algorithms. In doing so, Wilson et al. 
(2023) compared human, machine analytic, and machine 
holistic scoring regarding their scoring severity as well as 
their scoring gap between Eng+ and non-Eng+ students. 
They found that Eng+ students received on average lower 
human, machine holistic, and machine analytic scores than 
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non-Eng+ students. Moreover, machine holistic scores were 
on average lower than human and machine analytic scores 
across both linguistic groups; however, the performance 
gap between Eng+ and non-Eng+ students was greater for 
machine analytic scoring than for human and machine holis-
tic scoring, specifically for the most difficult items. This 
finding indicates that machine analytic scoring can be biased 
when analyzing Eng+ students’ responses, while machine 
holistic scoring may increase equity in evaluating Eng+ stu-
dents’ written arguments.

A multilingual approach to developing ML models for 
science assessments may also acknowledge students’ lin-
guistic diversity since such models can automatically assess 
students’ reasoning across languages. For generating cor-
responding multilingual training datasets, instructors can 
either collect multilingual data or translate monolingual data 
into another language with a suitable translation tool so that 
students can express themselves beyond language barriers.

Utilizing deep learning techniques such as large lan-
guage models and deep neural networks seems especially 
helpful when evaluating multilingual student responses 
since these techniques can handle complex data and 
achieve high accuracy. By applying these techniques, 
instructors have several opportunities: They can apply 
either a multilingual large language model for analyzing 
student responses across languages or monolingual models 
for each language separately. For this reason, the accuracy 
of different multi- and monolingual large language models 
is key to providing reliable assessments.

Methodological Considerations

Basics to Artificial Intelligence, Machine Learning, 
and Deep Learning

Due to recent technological progress, algorithms of artificial 
intelligence (AI) have taken over activities that have been, 
up to now, exclusively associated with human abilities. In 
this way, the term AI broadly describes software that auto-
matically performs cognitive activities such as software-based 
planning, problem-solving, and decision-making (Bellmann, 
1978; Haugeland, 1989). In education, AI can transform teach-
ing and learning as evident in various articles (Kubsch et al., 
2023; Martin & Graulich, 2023; Zhai, Haudek et al., 2020). For 
example, intelligent tutoring systems can automatically evaluate 
unique student challenges, provide immediate feedback, and 
deliver tailored exercises (Deeva et al., 2021). Accordingly, 
these systems can reduce the workload for educators while 
expediting assessment procedures (Urban-Lurain et al., 2013).

ML is, in turn, a subarea of AI that deals primarily with 
developing algorithms that learn from data to make predic-
tions (Bishop, 2006; Mitchell, 1997; Mohri et al., 2012). 

Supervised ML algorithms are trained on human-labeled 
data so that the desired output, known as ground truth, is 
already included in the training data. The algorithm can then 
discern the underlying patterns and predict labels for new 
data. Over the past 15 years, supervised ML has been increas-
ingly applied in science education research (e.g., Deeva et al., 
2021; Gerard et al., 2015; Zhai, Yin et al., 2020), for example, 
to detect student reasoning in formative chemistry assess-
ments (Martin & Graulich, 2023). In this way, supervised ML 
has contributed to significant advancements in automatically 
analyzing chemistry students’ reasoning (e.g., Dood et al., 
2018, 2020; Haudek et al., 2019; Maestrales et al., 2021; 
Noyes et al., 2020; Tansomboon et al., 2017; Vitale et al., 
2016; Wilson et al., 2023; Yik et al., 2021, 2023).

Furthermore, deep learning is a specific ML technique that 
concentrates on training deep neural networks containing mul-
tiple layers of interconnected artificial neurons, inspired by the 
function of the human brain (Goodfellow et al., 2016). During 
network training, large amounts of data are fed into the network 
to adjust the parameters of the neuron connections. This tech-
nique has enabled significant advancements in various fields 
and remains an active research area (Mathew et al., 2021). Par-
ticularly, deep learning has gained prominence in educational 
studies due to its ability to accurately analyze unstructured data, 
as stored in images (e.g., Lee et al., 2023; Zhai et al., 2022) or 
written language (e.g., Dood et al., 2022; Gombert et al., 2023; 
Martin et al., 2023; Tschisgale et al., 2023; Watts et al., 2023; 
Winograd, Dood, Finkenstaedt-Quinn et al., 2021; Winograd, 
Dood, Moon et al., 2021; Wulff et al., 2023).

Basics to Natural Language Processing and Large 
Language Models

To efficiently analyze human language with ML, text data 
needs to be preprocessed by applying suitable NLP meth-
ods. NLP enables computers to analyze human language; 
so far, numerous techniques are available for facilitating 
human–computer interaction. Over the last couple of years, 
large language models emerged as a state-of-the-art technique 
in NLP. These models can perform various language-related 
tasks such as question-answering or text generation (Radford 
et al., 2019). Large language models have been trained on 
massive amounts of text data to capture complex language 
patterns and produce contextually relevant responses.

One such cutting-edge large language model is Bidirec-
tional Encoder Representations from Transformers (BERT). 
BERT is pretrained on large corpora of unlabeled text data, 
such as Wikipedia, to understand semantic relationships 
between different words in a sentence, even if they are far 
apart (Devlin et al., 2018). Compared to formerly applied 
NLP methods, which often ignore word order (Angelov, 
2020; Jurafsky & Martin, 2023), BERT can capture syntac-
tic nuances of language, implicit meanings of phrases, and 
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the context in which words are used (Mikolov et al., 2013; 
Taher Pilehvar & Camacho-Collados, 2020). Hence, BERT 
has achieved state-of-the-art performance on a wide range 
of NLP benchmarks (Devlin et al., 2018) and has become 
a template for many subsequent large language models. 
Instructors can fine-tune BERT models for domain-specific 
purposes such as text classification in science assessment, 
which is called a downstream task (Ruder, 2019).

Research Questions

In this article, we propose and validate several ML-based 
approaches designed to allow students who have not yet 
mastered the language of instruction to complete forma-
tive assessments in their preferred language. However, as 
instructors are not expected to be fluent in the respective 
language, questions of reliability arise when analyzing stu-
dents’ reasoning across multiple languages. We approach 
the following research questions (RQs) by simulating 
the language transition between English and German as 
both authors are fluent in these languages. While doing 
so, we focused on undergraduate students’ argumentation 
in organic chemistry about the plausibility of competing 
reactions. The research questions examined herein can 
inform instructors how to acknowledge multiple languages 
in the classroom.

1.	 Which translation tool produces German translations of 
English-written scientific arguments that deep learning 
architectures can analyze most accurately?

2.	 Which large language model achieves the highest level of reli-
ability when analyzing German-written scientific arguments?

3.	 To what extent does the reliability of mono- and multilin-
gual ML approaches to analyzing English- and German-
written scientific arguments differ?

4.	 To what extent does an augmentation of the model’s 
training data by combining translations of different 
translation tools impact the ML model’s reliability?

Research Context

Setting of Data Collection

The data used in this second data analysis was gathered at 
a private research-intensive, liberal arts university in the 
North-eastern United States during April and May 2021. 
Sixty-four undergraduate organic chemistry II students vol-
untarily participated in the study, receiving extra credit for 
completing the exercises. The age of the participants ranged 
from 18 to 22 years. Among the participants, 34 identified 
as female, 29 as male, and one as non-binary. The students 
majored in various subjects, including biochemistry, chem-
istry, biology, and chemical engineering.

The tasks on building arguments about competing reac-
tions in organic chemistry were implemented online using 
Qualtrics. The two task sets (Fig. 1) were presented on two 
different days, with a 3-week gap between them. The four 
alternative reaction products were sequentially displayed 
to the students. Students could build more than one argu-
ment per alternative reaction product. The original English-
written arguments contain on average 27 words (SD = 12.7, 
max = 138, min = 5); the German translations comprise,  
in turn, on average 24 words (SD = 11.6, max = 127, 
min = 4). A total of 1108 arguments were collected. For 

Fig. 1   Students judged the plausibility of four alternative reaction products for an intramolecular Williamson ether synthesis between 4-chlorob-
utan-1-ol and hydroxide (task 1) and a Claisen condensation between methyl acetate and diisopropylamide (task 2). Plausible products (1.3, 1.4, 
2.3, 2.4) are highlighted in green, implausible products (1.1, 1.2, 2.1, 2.2) are highlighted in red
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more comprehensive information about the study setting, 
see Lieber et al. (2022a).

Research Instrument

To advance students’ argumentation in organic chemistry, 
Lieber et al. (2022a, b) developed an adaptive instructional 
setting, where students were prompted to judge the plau-
sibility of competing chemical reactions for intramolecu-
lar Williamson ether synthesis and Claisen condensation 
(Fig. 1). In organic chemistry, competing reactions arise 
when reactants have the potential to undergo various reac-
tion pathways, resulting in more or less plausible reaction 
products. Engaging in discussions about these alternative 
reaction products requires integrating multiple chemical 
concepts, which must be weighed to build evidence-based 
arguments as well as counterarguments (Lieber & Graulich 
2020, 2022; Lieber et al., 2022a, b; Watts et al., 2022). In 
Lieber et al.’s (2022a, b) setting, students were prompted to 
make a claim about whether the displayed reaction product 
is plausible, provide evidence by using chemical concepts 
to support their claim, and establish a logical connection 
between claim and evidence by considering electronic, 
steric, or energetic effects (Fig.  2). Through this task 
design, Lieber et al. (2022a, b) demonstrated that adaptive 
scaffolding significantly enhanced students’ argumentation.

Scoring Rubric

We developed a two-dimensional holistic rubric (Fig. 3) 
for evaluating students’ arguments with ML drawing 
from the levels of granularity (Bodé et al., 2019; Deng & 
Flynn, 2021; Deng et al., 2023; Soo, 2019) and the modes 
of reasoning (Sevian & Talanquer, 2014). The levels of 
granularity refer to the grain size at which phenomena are 
explained. In general, diverse tasks demand varying levels 
of granularity to adequately reason about the underlying 
processes (Darden, 2002). In our study, we applied four 
levels of granularity, namely, structural, energetic, phenom-
enological, and electronic, which have been used in studies 
by Deng and Flynn (2021) and Deng et al. (2023). Besides, 
Sevian and Talanquer’s (2014) modes of reasoning, namely, 
descriptive, relational, linear causal, and multicomponent 
causal, comprise the second dimension of our rubric.  
These modes of reasoning characterize the sophistication 
level demonstrated by students in terms of their ability to 
establish connections between concepts and to provide well- 
justified explanations for why phenomena occur (Russ et al.,  
2008; Sevian & Talanquer, 2014). The modes of reasoning 
imply that evaluating students’ understanding of scientific 
principles should not be limited to assessing their content 
knowledge alone; it should also involve examining how they  
integrate new information into their existing cognitive net-
work (Sevian & Talanquer, 2014). In sum, our rubric helped 

Fig. 2   Sample solutions and their translations for the implausibility of product 1.1 (Fig. 1). For more detailed sample solutions, see Lieber et al. 
(2022a)
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us examine the concepts and relationships, the level of cau-
sality, as well as the grain size that students addressed in their 
argumentation. A more in-depth description of the rubric 
development process is published in Martin et al. (2023).

Methods

We used the PyTorch deep learning framework (Paszke  
et al., 2019) implemented in Python to examine the RQs.  
We split our data into a training, validation, and test set with 
a ratio of 65:15:20. The training set was used to train a deep 
neural network, the validation set was employed to deter-
mine the optimal hyperparameter configuration, and the test 
set was utilized to check the model accuracy based on four 
metrics (cf., Table 1). We adjusted the number of epochs, the 
learning rate, and the batch size as hyperparameters. Epochs 
indicate the number of cycles the model is trained on. Gener-
ally, training the model on more epochs enhances the model 
performance on the training data, but excessive training can 
lead to poor performance on new data. As we determined that 
the number of epochs greatly impacts model performance 
(Martin et al., 2023), we varied this number between 1 and 
100. The learning rate, in turn, refers to the rate at which 
an optimizer updates the parameters of the model during 

training. Consequently, the learning rate impacts how quickly 
the model adapts to a specific context. Here, we tested learn-
ing rates of 1e−6, 5e−6, 1e−5, 5e−5, and 1e−4. Last, the 
batch size controls how many concurrent training examples 
are processed together in one network pass. We tried a batch 
size of 2, 4, 8, 16, and 32. In sum, a total of 2500 hyperpa-
rameter configurations were tested for each model.

Translation Tools

To identify the translation tool producing translations that 
ML techniques can analyze most accurately, we tested how 
reliable our deep learning architecture can classify transla-
tions generated by Google Translate (Google LLC, 2006), 
DeepL Translate (DeepL SE, 2017), and ChatGPT (Open-AI,  
2022). In other words, human raters did not score the level of 
accuracy of translations generated by different tools; instead, 
we investigated how accurate various large language mod-
els evaluate the German translations of students’ English-
written scientific argumentation. Therefore, the German 
translations of the English-written arguments were, for 
each tool separately, used to train and test our deep learning 
architecture. When using the translation tools, we did not 
adjust the output; the translations were fed unmodified into  
the deep learning architecture. For the ChatGPT analysis, 

Fig. 3   Two-dimensional holistic rubric for classifying students’ chemistry-related arguments into one of twenty categories. Note: The asterisk 
shows that categories belong together. Phen. = phenomenological, Elec. = electronic 

Table 1   Metrics to measure machine-human score agreements

Accuracy Cohen’s κ Weighted F1-score Macro F1-score

Percentage of agreement between 
two raters

Agreement between two raters 
beyond chance agreement

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

Weighted mean of all per-class 
F1-scores

Arithmetic, i.e., unweighted mean 
of all per-class F1-scores
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the free accounts of the first author and a research assistant 
were used to access the GPT-3.5 Feb 13 version (Brown 
et al., 2020; OpenAI, 2023). In ChatGPT, arguments were 
translated in a single chat using the prompt “Please, translate 
the following sentence in German.”

We employed the monolingual large language model 
GottBert-cased as well as the multilingual model xlm-
RoBERTa-base to compare the accuracy of the different 
translation tools. We used both mono- and multilingual 
large language models for the analysis to validate the gen-
eralizability and robustness of our findings. As hyperpa-
rameters, we varied the number of epochs, the learning 
rate, and the batch size as described above.

Large Language Models for Analyzing 
German‑Written Arguments

We leveraged three German-specific, monolingual large 
language models BERT-base-German-cased (Chan et al., 
2019), dbmdz/BERT-base-German-cased (MDZ Digital 
Library team, 2020), and GottBERT-cased (Scheible et al., 
2020) as well as three multilingual models BERT-base-
multilingual-cased (Devlin et al., 2018), xlm-RoBERTa-base 
(Conneau et al., 2019), and xlm-RoBERTa-large (Conneau 
et al., 2019) to identify the best performing one for analyzing 
German-written arguments. We used cased large language 
models, which are models that retain the distinction between 
uppercase and lowercase letters, to preserve the case infor-
mation provided in the German language. Since students’ 
arguments were originally written in English, we utilized 
DeepL Translate to gather German translations. Again, 
hyperparameters were varied as described above.

Mono‑ and Multilingual ML Approaches

If mono- and multilingual large language models would 
show similar accuracy in analyzing students’ argumenta-
tion, educators could use a single multilingual model for 
analyzing students’ reasoning across languages. Hence, 
we compared the accuracy of the English-specific deep 
learning architecture reported by Martin et al. (2023) with 
the best-performing German-specific architecture created 
for answering RQ1 and RQ2, and multilingual architec-
tures that simultaneously analyzed students’ argumenta-
tion in both languages. We used three multilingual large 
language models BERT-base-multilingual-cased (Devlin 
et al., 2018), xlm-RoBERTa-base (Conneau et al., 2019), 
and xlm-RoBERTa-large (Conneau et al., 2019) with vary-
ing epochs, learning rates, and batch sizes to identify the 
best-performing one. To be noted, the monolingual mod-
els are built on 1108 student-written arguments, while the 
multilingual ones are built on twice the amount of data, 
which are 1108 English-written and 1108 German-written 

arguments. For the multilingual approach, we ensured that 
an original English-written argument and its translation 
are either both included in the test set or not included in 
the test set (see the “Text Data Augmentation” section).

Text Data Augmentation

In general, the performance of ML and NLP largely 
depends on the quantity and quality of the training data, 
so training a generalizable model becomes challenging 
with limited data. As we hypothesized that the English-
specific model can evaluate students’ argumentation more 
accurately than the German-specific one, we looked for 
time-efficient ways to increase the scoring accuracy of the 
latter. Therefore, we tripled our German-written dataset 
by combining the translations of Google Translate, DeepL 
Translate, and ChatGPT. Since the output of the three 
translation tools slightly differs, combining the transla-
tions might increase model accuracy.

This process of creating additional data for ML model 
training is called data augmentation, which is a technique 
for increasing the size and diversity of the data by apply-
ing various modifications. Techniques for text data aug-
mentation involve adding synonyms, inserting or replacing 
words, changing word order, altering sentence structures, 
or applying other linguistic transformations. Text data aug-
mentation often helps expand the sample size, increase 
data heterogeneity, and boost model performance (e.g., 
Bayer et al., 2022; Feng et al., 2021; Shorten et al., 2021; 
Wei & Zou, 2019).

However, data augmentation involves the risk of overfit-
ting the data, which means that the model becomes overly 
specialized. As a result, the model performs exceptionally 
well on the training data but fails to make accurate clas-
sifications on new data. Following that, incorporating the 
translations of the same sentence in both the training and 
test set would distort model performance as it is not meas-
ured how the model classifies new data. Accordingly, we 
paid attention that the translations of the same sentence are 
either all in the test set or not in the test set. For evaluating 
performance changes, we used the large language model 
GottBERT-cased while adjusting the hyperparameters as 
mentioned above.

Results and Discussion

RQ 1: Comparing the Performance of Translation 
Tools for English to German Translations

To determine the translation tool that produces transla-
tions most accurately analyzable by our deep learning 
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architecture, we used the validation set to identify the 
optimal hyperparameter configuration. Here, the machine-
human score agreements varied tremendously depending 
on the number of epochs, the learning rate, and the batch 
size. So, we compared the performance of the deep learn-
ing architecture across all hyperparameter configurations, 
rather than for a predetermined set of those. After that, 
we evaluated the performance of the deep learning archi-
tecture analyzing German translations of English-written 
scientific arguments based on the test set to identify the 
best translation tool in our context. We hypothesized that 
ChatGPT would translate English-written arguments best 
into German due to the recent advancements of the GPT 
models in analyzing natural language.

Our deep learning architecture performed similarly 
across the three translation tools, with only minor varia-
tions in machine-human score agreements (Table 2). As 
indicated by a Cohen’s κ value above 0.80 (Landis & Koch, 
1977), the architecture achieved almost perfect machine-
human score agreements when using Google Translate 
or DeepL Translate as a translation tool. This trend was 
further supported by accuracy, with Google Translate and 
DeepL Translate exhibiting higher values than ChatGPT. 
From a qualitative point of view, Google Translate and 
DeepL Translate handled complex sentence structures and 
idiomatic expressions best, resulting in more contextually 
appropriate translations. By contrast, ChatGPT achieved 
slightly lower levels of accuracy and Cohen’s κ because 
it occasionally added or paraphrased sentences (cf., Bang 
et al., 2023), which led to modifying some phrases rel-
evant to coding. Our initial hypothesis that ChatGPT 
would produce the most accurate translations was, thus, 
not confirmed. Nonetheless, especially macro F1-score, 
which provides a more balanced performance evaluation 
across all twenty categories, indicates that ChatGPT is 
also a good translation tool with nearly comparable per-
formance metrics.

Despite these valuable insights, it should be emphasized 
that the performance of such tools can vary depending on 
the specific context of the text and the language pair. In a 

domain-general study, Jiao et al. (2023) also compared the 
translation capabilities of Google Translate, DeepL Trans-
late, and ChatGPT showing that Google Translate performed 
best while ChatGPT performed the least effectively. Particu-
larly, ChatGPT’s translation quality was slightly dependent 
on the applied prompt, with the most accurate translations 
obtained by asking: “Please provide the [target language] 
translation for these sentences.” Furthermore, ChatGPT 
achieved almost comparable performance to other tools on 
high-resource language pairs, i.e., language pairs where mil-
lions of sentences are available as databases, such as German 
and English (Jiao et al., 2023). However, the performance 
gap between ChatGPT and other tools widened when dealing 
with low-resource language pairs like Romanian and English 
and when translating between languages of different language 
families like Chinese and English, which was confirmed by 
Bang et al. (2023) based on further language pairs. Moreover, 
the translation quality depended on the domain, where Chat-
GPT performed worst when translating data from biomedical 
abstracts or an online forum but outperformed Google Trans-
late and DeepL Translate when translating common voice 
data (Jiao et al., 2023). Interestingly, the performance gap 
between ChatGPT and other tools got smaller when using 
GPT-4 instead of GPT-3.5 (Jiao et al., 2023) or when prompt-
ing ChatGPT to postedit its translations (Bang et al., 2023).

Taken together, our analysis shows that deep learning 
architectures can reliably classify unmodified German trans-
lations of English-written scientific arguments. This high 
level of machine-human score agreements can be explained, 
among others, by the improved performance of translation 
tools (Conneau & Lample, 2019), which, in turn, can be 
attributed to different reasons. On the one hand, improved 
attention mechanisms enhanced translation quality (Conneau 
& Lample, 2019; Vaswani et al., 2017) since these mecha-
nisms allow translation tools to capture contextual informa-
tion. On the other hand, the availability of large amounts 
of multilingual training data increased translation accuracy 
since more training data helps large language models learn 
more nuances of different languages. Nonetheless, compar-
ing different translation tools is important to identify the 

Table 2   Comparison of the performance of Google Translate, DeepL Translate, and ChatGPT for English to German translations

Tool Epochs Learning rate Batch size Accuracy Cohen’s κ Weighted F1-score Macro F1-score

Monolingual model: GottBERT-cased
    Google Translate 62 5e−6 2 0.8239 0.8114 0.8229 0.7877

     DeepL Translate 16 5e−5 32 0.8194 0.8067 0.8228 0.7845
     ChatGPT 45 5e−5 32 0.8062 0.7924 0.8062 0.7880

Multilingual model: xlm-RoBERTa-base
     Google Translate 91 5e−6 32 0.8106 0.7966 0.8050 0.7740
     DeepL Translate 97 1e−5 2 0.8150 0.8015 0.8140 0.7759
     ChatGPT 72 1e−5 2 0.8062 0.7920 0.8055 0.7753
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most suitable one for domain-specific translation needs. 
Specifically, when translating students’ chemistry-related 
arguments from English to German, our deep learning archi-
tecture analyzed translations from Google Translate and 
DeepL Translate most accurately. These insights are valu-
able for optimal translation solutions in chemistry classes.

RQ 2: Evaluating the Performance of Large 
Language Models in Analyzing German Translations 
of English‑Written Scientific Arguments

Comparable to the applied translation tools, different large 
language models excel in different areas. Accordingly, we 
compared the machine-human score agreements of six mono- 
or multilingual large language models when processing Ger-
man translations of English-written scientific arguments to 
identify the most reliable one. Again, we used the valida-
tion set to identify the best configuration of hyperparameters 
for each model. Because of the tremendous variation of the 
model performance depending on the hyperparameter set-
tings, we compared the large language models based on their 
highest machine-human score agreements. Subsequently, we 
assessed their performance by using the test set.

Generally, monolingual large language models are devel-
oped to analyze text in a single language, which means that 
they have mostly a more fine-grained understanding of that 
language. In contrast, multilingual models can analyze text 
simultaneously in various languages, but often with lower 
accuracy in a single language. We are aware that we did 
not leverage the full potential of the multilingual large lan-
guage models in the context of this RQ since we solely used 
them to analyze German-written arguments, i.e., arguments 
written in a single language. Nevertheless, comparing the 
accuracy of mono- and multilingual large language models 
in analyzing a single language helps determine their per-
formance differences. We hypothesized that the German- 
specific, monolingual models would significantly outper-
form the multilingual ones.

The performance of each model can be found in Table 3. 
The monolingual large language model GottBERT-cased 
achieved the highest machine-human score agreements 
across all four metrics when analyzing the German transla-
tions of our sample. Surprisingly, the multilingual large lan-
guage models xlm-RoBERTa-base and xlm-RoBERTa-large 
performed nearly as well as GottBERT-cased, highlighting 
the potential of multilingual models in analyzing students’ 
scientific argumentation. Moreover, the large language 
model dbmdz/BERT-base-German-cased demonstrated 
slightly lower performance in accuracy, Cohen’s κ, and 
weighted F1-score than the three aforementioned models. 
Conversely, this model outperformed xlm-RoBERTa-base in 
terms of macro F1-score, highlighting its capability to evalu-
ate all categories equally. Finally, BERT-base-German-cased 
ranked as the least effective monolingual model across all 
metrics, while BERT-base-multilingual-cased performed the 
least among the multilingual models.

The observed variations in performance can be ascribed to 
the differences in model sizes, particularly influenced by the 
volume of data available in the German language (Table 4). 
Specifically, GottBERT-cased demonstrated the best per-
formance because it is trained on the largest dataset in the 
German language. Furthermore, the multilingual large lan-
guage models xlm-RoBERTa-large and xlm-RoBERTa-base, 
trained on the second highest amount of German language 
data, performed second best and showed, thus, improved per-
formance compared to the other monolingual large language 
models. In detail, xlm-RoBERTa-large slightly outperformed 
xlm-RoBERTa-base due to an increased number of layers and 
hidden states in model architecture (Table 4). Ultimately, the  
decline in performance from dbmdz/BERT-base-German-cased 
to BERT-base-German-cased to BERT-base-multilingual-
cased regarding accuracy, Cohen’s κ, and weighted F1-score 
also aligns with the amount of German language data these  
models are trained on.

In sum, a thorough model comparison allowed us to make 
informed decisions about the most suitable large language 
model for analyzing German translations of English-written 

Table 3   Comparison of the performance of different large language models in analyzing German translations of English-written scientific arguments

Large language model Epochs Learning rate Batch size Accuracy Cohen’s κ Weighted F1-score Macro F1-score

Monolingual models: German-specific
    BERT-base-German-cased 52 5e−6 4 0.7885 0.7736 0.7884 0.7428
    dbmdz/BERT-base-German-cased 40 1e−5 2 0.8018 0.7876 0.8022 0.7748
    GottBERT-cased 16 5e−5 32 0.8194 0.8067 0.8228 0.7845

Multilingual models
    BERT-base-multilingual-cased 46 1e−5 16 0.7841 0.7686 0.7844 0.7462
    xlm-RoBERTa-base 97 1e−5 2 0.8150 0.8015 0.8140 0.7689
    xlm-RoBERTa-large 97 1e−5 2 0.8194 0.8061 0.8170 0.7766
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scientific arguments. Particularly, we found in non-conformity 
with our initial hypothesis that the monolingual large language 
models did not significantly outperform the multilingual ones 
as xlm-RoBERTa-base and xlm-RoBERTa-large also achieved 
high levels of machine-human score agreements. This finding 
highlights the promising abilities of both mono- and multi-
lingual large language models in automating the analysis of 
students’ scientific argumentation.

RQ 3: Comparing the Performance of Mono‑ 
and Multilingual ML Approaches in Analyzing 
Scientific Argumentation

As evidenced from the previous findings, multilingual large 
language models have the potential to accurately analyze sci-
entific arguments in different languages. Following this, we 
compared the accuracy of the English-specific model reported 
by Martin et al. (2023), the best-performing German-specific 
model identified in the prior sections, as well as multilingual 
models that simultaneously analyzed English- and German-
written arguments. The analysis steps are similar to the previ-
ous two sections. We hypothesized that the accuracy of the 
multilingual models would correspond approximately to the 
accuracy of the German-specific counterpart.

First, the English-specific model performed much better 
than the German-specific and multilingual ones (Table 5). 

On the one hand, this result was expected as the BERT 
models were initially developed to analyze the English 
language (Devlin et al., 2018). However, the details on the 
model sizes do not make explaining this result straightfor-
ward. For example, based on the size of the training data and 
vocabulary (Table 4), one could hypothesize that GottBERT-
cased, xlm-RoBERTa-base, or xlm-RoBERTa-large perform 
best, whereas the total number of parameters might suggest 
that xlm-RoBERTa-large performs at least as well as BERT-
large-uncased. We hypothesize that the remarkable perfor-
mance of BERT-large-uncased is a consequence of different 
interrelated factors: In addition to the original intention of 
the BERT models to analyze the English language, the high 
number of layers, hidden states, and parameters (Table 4) 
likely contributes to improved performance. Furthermore, 
the limited accuracy of the translation tools may have led to 
minor modifications in certain phrases relevant to coding, 
potentially complicating the classification of the German 
translations by the deep learning architecture. Consequently, 
the accuracy of the English-specific approach to analyzing 
written argumentation is more reliable than the German-
specific and multilingual ones.

Besides, the German-specific model GottBERT-cased 
slightly outperformed its multilingual counterparts, which 
is not surprising given that GottBERT-cased is trained 
on the most extensive dataset of the German language 

Table 4   Details on model sizes: 
#lgs = number of included 
languages, size: eng = data size 
in the English language, size: 
ger = data size in the German 
language, L = number of layers, 
H = number of hidden states, 
V = vocabulary size, P = total 
number of parameters

Large language model #lgs Size: eng (in GB) Size: ger (in GB) L H V P

Monolingual model: English-specific
    BERT-large-uncased 1 16.0 0 24 1024 30k 336M

Monolingual models: German-specific
    BERT-base-German-cased 1 0 12.0 12 768 31k 110M
    dbmdz/BERT-base-German-cased 1 0 16.0 12 768 31k 111M
    GottBERT-cased 1 0 145.0 12 768 52k 127M

Multilingual models
    BERT-base-multilingual-cased 104 15.5 2.1 12 768 110k 119M
    xlm-RoBERTa-base 100 323.4 71.6 12 768 250k 279M
    xlm-RoBERTa-large 100 323.4 71.6 24 1024 250k 561M

Table 5   Comparison of the performance of mono- and multilingual ML approaches in analyzing scientific argumentation

Large language model Epochs Learning rate Batch size Accuracy Cohen’s κ Weighted F1-score Macro F1-score

Monolingual model: English-specific
    BERT-large-uncased 38 1e−5 8 0.8711 0.8610 0.8640 0.7979

Monolingual model: German-specific
    GottBERT-cased 62 5e−6 2 0.8239 0.8114 0.8229 0.7877

Multilingual models
    BERT-base-multilingual-cased 36 1e−5 8 0.8150 0.8016 0.8153 0.7772
    xlm-RoBERTa-base 53 1e−5 4 0.8018 0.7866 0.7921 0.7874
    xlm-RoBERTa-large 15 5e−6 4 0.8084 0.7942 0.8024 0.7685
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(Table 4). In essence, since the multilingual models also 
analyze German language data but are trained on a smaller 
sample of such data, a slight decrease in performance could 
be anticipated. Nonetheless, BERT-base-multilingual-cased 
also achieved high machine-human score agreements in 
terms of accuracy, Cohen’s κ, and weighted F1-score and 
performed—in alignment with our hypothesis—about as 
well as the German-specific model (Table 5). Additionally, 
the macro F1-score of xlm-RoBERTa-base is nearly equiva-
lent to that of GottBERT-cased.

Together, the high reliability of the multilingual large 
language models observed again has various reasons. On 
the one hand, multilingual large language models are pre-
trained on large text corpora of different languages, extend-
ing their accuracy and generalizability across languages. On 
the other hand, we used twice the amount of training data 
to fine-tune the multilingual models since the English- and 
German-written arguments were combined for model train-
ing. Here, our chemistry-related arguments contain many 
domain-specific terms that share common linguistic fea-
tures across English and German (Fig. 4). Because of the 
alignment of some of these terms, the multilingual models 
pretrained on both English and German text corpora ana-
lyzed students’ scientific arguments almost as well as the 
monolingual models solely pretrained on English or Ger-
man corpora. In other words, the analysis of the multilin-
gual arguments benefitted from the larger training corpora 
of the multilingual models due to a linguistic overlap in 
chemistry-related terminology between both languages.

The remarkable level of accuracy shows that multilingual 
large language models can help bridge language gaps and 
improve accessibility to formative chemistry assessments for 
learners of the language of instruction. Especially, instruc-
tors can employ multilingual models in their courses to offer 
and reliably score assessments in more than one language. 
Students can then choose the language in which they want to 
complete an assessment, which may foster a sense of inclu-
sivity and create avenues for a more equitable and enriched 
educational landscape. Additionally, the automated text anal-
ysis of the large language models potentially enables imple-
menting adaptive learning, including personalized guidance, 

feedback, and learner support (Plass & Pawar, 2020), or Just-
in-Time Teaching (Novak et al., 1999) in multiple languages. 
As these models continue to advance, they will further ease 
communicating across different languages and transform 
chemistry learning in multilingual contexts.

RQ 4: Investigating the Impact of Training Data 
Augmentation on ML Model Performance

As identified in the previous section, the accuracy of 
the German-specific model was almost 5% less than the 
accuracy of the English-specific one (Table 5). Therefore, 
we looked for easily implementable ways to increase the 
accuracy of the German-specific model. In doing so, we 
augmented our training data by combining the translations 
of the three applied tools to not only improve model per-
formance but to also ensure that the model’s accuracy is 
upheld across linguistic contexts. This technique for text 
data augmentation is inspired by Sennrich et al. (2015), 
who translated text into a different language and subse-
quently translated it back to the original language. Due 
to randomness in the translation process, their augmented 
text differed from the original text while conceptual con-
sistency was preserved. We hypothesized that text data 
augmentation would contribute to a significant increase in 
machine-human score agreements.

Combining the translations of Google Translate, DeepL 
Translate, and ChatGPT slightly improved model performance 
from accuracy = 0.8239, Cohen’s κ = 0.8114, weighted F1-
score = 0.8229, macro F1-score = 0.7877 to accuracy = 0.8267, 
Cohen’s κ = 0.8145, weighted F1-score = 0.8267, and macro 
F1-score = 0.7954. Hence, combining translations of different 
tools can be a first step in ensuring that an ML model main-
tains its accuracy across linguistic contexts, which confirmed 
our initial hypothesis to some extent. Nevertheless, the per-
formance of the English-specific model was still much better 
than that of the augmented German-specific one (Table 5). 
Future work can, for example, use ChatGPT to rephrase text, 
generating multiple conceptually similar but semantically dif-
ferent samples (Dai et al., 2023).

Fig. 4   Examples of chemistry-
related terms that share lin-
guistic similarities in English 
and German
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Conclusions and Implications

In this study, we analyzed how one can reliably evaluate 
students’ reasoning across multiple languages. We found 
that, when translating students’ reasoning from English to 
German, Google Translate and DeepL Translate were most 
applicable. Furthermore, multilingual large language models 
showed great potential in automatically analyzing students’ 
reasoning across languages. Specifically, we determined that 
both the monolingual model GottBERT-cased and the multi-
lingual models xlm-RoBERTa-base and xlm-RoBERTa-large 
achieved almost perfect machine-human score agreements 
when analyzing the German translations of the English-
written arguments. This finding was confirmed by the high 
agreement metrics of the multilingual models when simulta-
neously analyzing English- and German-written arguments. 
Therefore, instructors could use these multilingual models to 
allow learners to complete an assessment in their preferred 
language, creating chances for a more equitable and enriched 
educational setting for all learners. In the future, multilin-
gual models may play a major role in facilitating commu-
nication across various languages, empowering students to 
engage in learning opportunities in their preferred language.

However, enough sample data in a certain language is a 
prerequisite for model training. Translating back and forth 
between languages is a way to gather data for automatically 
analyzing students’ reasoning regardless of the language. We 
observed that combining translations of different tools slightly 
improved model accuracy, but a significant performance gap 
between the English-specific and German-specific models 
was still prevalent.

This analysis reflects the current level of technology; 
however, translation tools and large language models are 
continually improving with the ongoing advancements in 
ML. Following that, future research could investigate how 
the reliability of translation tools and large language models 
improves with technological progress. In addition, future 
research could also determine to what extent multilingual 
large language models can assess students’ reasoning when 
switching between languages within a sentence, which is 
called translanguaging. Translanguaging allows individuals 
to move flexibly between languages while using different 
languages for different purposes. In educational settings, 
translanguaging has gained attention as it values students’ 
multilingual abilities to support their learning, rather than 
suppressing or restricting their language use (Grapin et al., 
2023; Jakobsson et al., 2021; Ryu, 2019). By employing 
multilingual models, students can alter between languages 
within a response, which may encourage them to use their 
full linguistic repertoire when communicating their ideas. 
Appreciating students’ multilingual language proficiency 

may help account for the fluidity and interconnectedness of 
different languages in science contexts and encourage stu-
dents to reason beyond language barriers.

Limitations

We composed a German dataset by translating English-written 
scientific arguments into German. Translating back and forth 
between languages does, however, not necessarily carry the 
broader social or cultural background of students’ reasoning. 
So, we may have not fully captured the language character-
istics representative of German students, which means that 
the data used for model training may not adequately mirror a 
diverse population of German students. Additionally, the origi-
nal English-written arguments came from a rather homogene-
ous demographic group, which may constrain the capability 
of our model to generate precise classifications across diverse 
multilingual populations and institutions. To address this con-
straint, additional data from multilingual students needs to be 
collected. By using more training data, we may also mitigate 
some biases that we have not identified yet (cf., Noyes et al., 
2020), leading to increased confidence in the outcomes of our 
model. In addition, an analysis of the internal workings of our 
algorithm, as performed by Martin et al. (2023) for the origi-
nal English-written arguments, could also be applied to the 
German-specific and multilingual deep learning architectures 
reported in this article.

Moreover, only two reactions, a Williamson ether synthe-
sis and a Claisen condensation, were evaluated in this study. 
The results of the analysis could possibly differ if the students 
were prompted to judge the plausibility of alternative reaction 
products for additional mechanisms. Beyond that, the argu-
ments were constructed within a traditional organic chemistry 
curriculum. Curriculums such as "Mechanisms before Reac-
tions" (Flynn & Ogilvie, 2015) or "Organic Chemistry, Life, 
the Universe and Everything" (Cooper et al., 2019) place 
more emphasis on explanations and argumentation, which 
may affect the dataset, the model training process, and yield 
different machine-human score agreements.

Besides, we only investigated the language transition 
between English and German, i.e., between Western lan-
guages that share certain linguistic characteristics and his-
torical roots. For instance, both languages utilize the same 
alphabet and have been influenced by Latin, French, and 
other Roman languages over time; so, English and German 
show similarities in vocabulary, syntax, and grammatical 
structures. Our findings may probably not be generalizable 
across non-Western languages. Accordingly, future research 
should investigate how translating between other languages 
impacts the machine-human score agreements of different 
mono- and multilingual approaches.
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