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Abstract
Automated Short Answer Grading (ASAG) has been an active area of machine-learning research for over a decade. It 
promises to let educators grade and give feedback on free-form responses in large-enrollment courses in spite of lim-
ited availability of human graders. Over the years, carefully trained models have achieved increasingly higher levels of 
performance. More recently, pre-trained Large Language Models (LLMs) emerged as a commodity, and an intriguing 
question is how a general-purpose tool without additional training compares to specialized models. We studied the 
performance of GPT-4 on the standard benchmark 2-way and 3-way datasets SciEntsBank and Beetle, where in addition 
to the standard task of grading the alignment of the student answer with a reference answer, we also investigated with-
holding the reference answer. We found that overall, the performance of the pre-trained general-purpose GPT-4 LLM is 
comparable to hand-engineered models, but worse than pre-trained LLMs that had specialized training.

Keywords  Automated short answer grading · Large language model · SciEntsBank · Beetle · GPT

1  Introduction

Providing meaningful feedback to learners is one of the most important tasks of instructors [1], yet it can also become 
one of the most work-intensive or even tedious tasks. Particularly for large-enrollment courses, lack of grading personnel 
can limit this feedback to automatically gradable closed-answer formats such as multiple-choice or numerical inputs. 
This limitation might be overcome by using Artificial Intelligence (AI) solutions [2]; it is therefore not surprising that 
when it comes to the use of AI in higher education, assessment and evaluation are the most prominent topics [3], and 
acceptance of this technology for education is increasing based on its perceived usefulness [4]. In particular, studies on 
Automated Short Answer Grading (ASAG) [5, 6] are highly relevant for educators to extend the limits of what can be 
assessed at large scales.

It is impossible to do justice to the spectrum of sophisticated ASAG methods in this short study; Burrows, Gurevych, 
and Stein provide an excellent overview up to 2015 [5]; Haller, Aldea, Seifert, and Strisciuglio look at later developments 
up to 2022 [6]. The latter survey notes a particular shift in recent years as models are moving from hand-engineered 
features to representation-learning approaches, which draw their initial training data from large text corpora [6] (“pre-
trained”). However, most models used for ASAG still have in common that they are explicitly trained or fine-tuned for 
particular grading tasks, and datasets used in competitions such as SemEval [7] thus include training and testing items. 
By contrast, recently publicly released Large Language Models (LLMs) such as GPT-4 [8] and Bard [9] have not only been 
pre-trained from large text corpora, but subsequently extensively fine-tuned following general instead of task-specific 
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strategies. Their users are neither expected nor actually able to further train or fine-tune the model, and an intriguing 
question is how these out-of-the-box general-purpose tools perform compared to specially trained or fine-tuned models.

In this study, GPT-4 is prompted to grade the items from two standard datasets, SciEntsBank and Beetle [7], which allows 
comparison of precision, recall, and F1-score (or weighted F1-score in case of 3-way items) to legacy and state-of-the-art 
ASAG models. SciEntsBank covers general science questions for 3rd to 6th grade, while Beetle covers questions and student 
answers from a tutorial system for basic electricity and electronics.

The standard judgment method is to compare the student answer to a reference answer, but in addition, it was also 
investigated if GPT-4 can adequately grade the student answers based on the question alone. For the latter task, the 
model would need to draw on its own pre-training from its text corpus to independently judge the correctness of the 
student answer.

In summary, this study

•	 compares the performance of an out-of-the-box Large Language Model in ASAG of standardized problem sets to that 
of hand-engineered AI systems and previous-generation Large Language Models that have been specifically trained 
or fine-tuned for the task, and it does so

•	 with and without providing the reference answer to the out-of-the-box model, in the latter case completely relying 
on the knowledge of the pre-trained model.

The motivation of this study is not to prove that general-purpose, out-of-the box models perform better than state-of-
the-art specialized systems (and as it will turn out, they do not), but to

•	 provide a benchmark data point of how these systems compare to previous and current research systems, and
•	 explore the possibility of deploying these systems as low-threshold tools for instructors to provide meaningful ASAG 

for learners.

2 � Related work

The idea of using machines for grading was arguably first introduced by Sidney Pressey in the late 1920 s with the “Auto-
matic Teacher” [10], which was able to pose automatically graded multiple-choice questions. In the 1960th, computers 
took the place of such mechanical devices, connecting to mainframes using Teletypes [11], which allowed for numerical 
answers; these integer answers were checked for equality to the programmed correct solution. With the advent of the 
web also came more sophisticated systems that could grade ranking or mix-and-match problems, as well as numerical 
solutions with tolerances and physical units, algebraic answers based on symbolic mathematical equivalence, and string 
responses based on exact matching or regular expressions [12, 13]. The latter responses are usually limited to individual 
words or short phrases in the context of cloze (“fill-in-the-blank”) questions [14, 15]. What is common to these approaches 
is that they are based on deterministic algorithms; answers that are basically closed-ended, so there is a limited set of 
correct answers or hard criteria to judge a responses as correct or incorrect [16]. The system then grades with perfect 
accuracy, making it fit for use in high-stakes summative assessment; the assessment of the desired learning outcomes 
might still not be reliable in terms of psychometrics [17–19], but the responses themselves will be judged reliably accord-
ing to the provided criteria.

At the opposite end of the spectrum are completely open-ended questions, which allow for free expression of ideas, 
concepts, and solutions approaches without necessarily imposing a particular structure [16]. Typical responses are essays 
or extended solution derivations. Experimentally, these are increasingly graded by artificial intelligence [20, 21], however, 
here the accuracy is much lower, resulting in limited reliability and thus limited trust [22, 23]. Current results indicate 
that artificial intelligence is capable of providing meaningful formative feedback to completely open-ended assessment 
responses, but might not be ready yet for high-stakes summative assessment [20].

ASAG offers a middle road between closed-ended and completely open-ended responses, which is why they are 
sometimes referred to as “semi-open-ended” questions [24]. These questions generally expect one to three free-form 
sentences that directly answer a specific question; as opposed to cluze, scoring systems need to recognize paraphrasing 
and equivalent meaning [25] (which generally requires machine learning approaches), but as opposed to essays or math-
ematical derivations, they do not need to deal with a wide-open answer space and the complications of following multi-
step arguments or judging matters of style. As machine-learning based systems, to achieve high accuracy, ASAG engines 
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generally need a phase of subject-matter specific training or fine-tuning before being used to judge student work [26]; 
for transformer or transformer-ensemble approaches, a phase of generating various reference answers improves their 
performance [27]. Here, we explore the performance of a single general-purpose engine being used out-of-the-box 
without additional preparation, and we do so with and without providing a reference answer.

3 � Methodology

The SciEntsBank and Beetle datasets [7] were downloaded from kaggle [28]. They included both training and test data. 
The training data were discarded, while the test data included the 504 items and 14, 186 student answers and their ref-
erence grading that were used for this study. As no training took place, the distinction between unseen answers (UA), 
unseen questions (UQ), and unseen domains (UD) that the dataset provided was dropped for this study, since all items 
were “unseen.”

Each item in the datasets contains a question, a reference answer, and student answers including their reference 
grade. The items came in two versions:

•	 a 2-way version, where each student answer is either correct if it is complete and correct paraphrase of the reference 
answer or incorrect otherwise, and

•	 a 3-way version, where an additional judgment of contradictory replaces some of the incorrect labels if the student 
answer explicitly contradicts the reference answer.

Using a Python script, the XML-coded items were translated into prompts for the GPT-4 API, see Fig. 1 for an overview of 
the whole process and Fig. 2 for an example. Each item was graded with and without providing a reference answer. The 
definitions of the judgment criteria for grading were taken from SemEval-2013 [7].

The API was provided by Azure AI Services [29]. For each item, the role and prompt (Fig. 2) were sent via a Python 
script to be processed by GPT-4 as shown in Fig. 3. Also shown in Fig. 3 is an example of the output, which the Python 
script wrote to disk as a CSV-file for further analysis.

For 6 of the 504 items, errors occurred during evaluation, which led to 58 of the 28, 372 student statements receiving 
no or invalid grades (that is, missing or invalid entries in the output table shown in Fig. 3). The invalid grades were unclear, 
creative, epoch, accurate, and correc [sic]. These missing or invalid student grades were counted as neither positives nor 
negatives.

Subsequently, the precision, recall, and (weighted) F1-score were calculated: 

Precision  Out of all the correct grades given by a model, how many were actually correct?
Recall  (or Sensitivity) Out of all the actual correct student answers, how many were graded as correct?

Fig. 1   Overview of the grading process
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Fig. 2   Original XML-code of a 3-way item and the generated prompts for its evaluation with and without providing a reference answer

Fig. 3   Format of sending 
the role and prompt in Fig. 2 
to be processed by GPT-4 
(“myGPT4” is the name of the 
deployment of the model 
used), as well as example 
output from GPT-4
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F1-score  Harmonic mean of precision and recall; a way to balance the trade-off between precision and recall.

 In the 3-way scenario, the above characteristics are correspondingly calculated for the classes contradictory and 
incorrect, and a weighted average is calculated for these class F1-scores to form the weighted F1-score (w-F1).

4 � Results

4.1 � Precision, recall, and F1‑scores

Table 1 shows the precision, recall, and F1-scores for SciEntsBank and Beetle for the 2-way and 3-way items, as well as 
for the scenario where the reference answer was withheld. For the 3-way scenario, the individual-class results and 
the weighted F1-score (w-F1) are provided.

Looking at the precision and recall, an outlier is the recall on contradictory in the 3-way Beetle dataset: a large 
number of student answers that were labelled as contradictory were not recognized as such, but simply as incorrect 
(as evidenced by the low precision on incorrect).

GPT-4 generally performs better on SciEntsBank than on Beetle. For SciEntsBank, the model showed its highest per-
formance on the 2-way task (F1=0.744), followed closely by the no-reference scenario (F1=0.731), with the 3-way 
scenario in last place (w-F1=0.729). For Beetle, the no-reference scenario showed the highest performance (F1=0.651), 
followed by the 2-way (F1=0.611) and 3-way (w-F1=0.516) scenarios. In other words, for Beetle, providing a reference 
answer lowered its performance on correctly judging the student answers.

4.2 � Comparison to specialized ASAG models

Table 2 shows a comparison of specifically trained models versus the out-of-the-box GPT-4 model. At the time of the 
SemEval-2013 competition [7], had GPT-4 been around, it would have won the competition for 3-way SciEntsBank, and 
it would have outperformed all but one competing models in the unseen questions (UQ) category. In these specifi-
cally trained models, performance strongly depends on what was “seen” and what was “unseen.”

Newer systems perform better, in particular those of the BERT [30] LLM family. These models are pre-trained and 
then specifically trained for SciEntsBank and Beetle using for example PyTorch [31]. Unfortunately, for the highly suc-
cessful roberta-large model [32], the performance was not separately reported for the different ‘unseen” categories, 
and no 3-way grading was performed.

Overall, the performance of the pre-trained general-purpose GPT-4 LLM is comparable to hand-engineered models, 
but worse than pre-trained LLMs that had specialized training.

Table 1   Results for precision, recall, and F1-scores for SciEntsBank and Beetle in the 2-way, 3-way, and no-reference-answer scenarios

For the 3-way scenario, the individual-class results and the weighted F1-score (w-F1; also referred to as micro-averaged F1-score) are pro-
vided

2-way 3-way No reference answer

correct contradictory incorrect

Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 w-F1 Prec. Rec. F1

SciEnts-
 Bank 0.788 0.705 0.744 0.717 0.825 0.767 0.696 0.581 0.633 0.754 0.679 0.715 0.729 0.697 0.768 0.731
 Beetle 0.657 0.572 0.611 0.635 0.672 0.653 0.680 0.199 0.308 0.426 0.672 0.522 0.516 0.581 0.739 0.651
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5 � Limitations

Since GPT is a probabilistic model, running it again, possibly at a different temperature, is likely going to yield dif-
ferent results. However, due to the already large amount of computing required for one run, and in light of the high 
statistics gained from over 500 items, only one run was considered here. Also, different prompts from the ones shown 
in Fig. 2 may result in higher or lower performance.

OpenAI, the company behind GPT, does not release information about what constituted the text corpus used for 
training. Though unlikely, since the datasets are only available as ZIP-files and in XML-format, there is still a possibility 
that SciEntsBank and Beetle had been used for training. When asked about SciEntsBank, though, the model stated that 
it was not familiar with a dataset or source by that name; GPT-4 performed better on SciEntsBank than on Beetle, for 
which it stated that it is a known dataset in the domain of natural language processing and educational research. 
The model, however, demonstrated ignorance when asked about any specific details regarding Johnny, his father, 
and the windows in the scenario quoted in Fig. 2, making it unlikely that it had seen the text before.

6 � Discussion

The last five years saw the strong emergence of Deep-Learning-based models for ASAG. These models generally 
exhibit higher performance than hand-engineered models, but still strongly depend on training, which may be 
pre-training or task-specific. LLMs usually come pre-trained, but the extend of that pre-training greatly varies: while 
details on GPT-4’s text corpus are proprietary, it can be assumed that it was trained and fine-tuned with orders of 
magnitude more data than for example BERT [30]. However, as this study shows, the difference in pre-training can 
be more than made up by the BERT-family’s openness to additional task-specific training by the user.

At least for the grade-school educational content covered by the datasets in this study, GPT-4 performs ASAG at 
a performance level comparable to hand-engineered systems from five years ago. It does so even without the need 
for providing reference answers. There are strong indications that this ability would extend to higher education, for 
example university-level physics content [38], and that automated grading of open-ended assessment content is 
possible beyond short answers [20]. In addition, a general-purpose LLM can give more tailored feedback than simple 
correct/incorrect judgments, which has high potential for learning from short answer grading [39].

The low-overhead nature of this out-of-the-box approach opens up the possibility of integrating ASAG into com-
modity learning management systems (LMSs) as a component of their quizzing engines, particularly for formative 
assessment. Instructors could write these assessment items with little to no technical support and immediately deploy 
them. A problem with general-purpose tools like GPT-4 [8] and Bard [9] is that they are running in the cloud. When it 

Table 2   Comparison of (weighted) F1-scores for different ASAG systems and GPT-4

anot stated if macro-averaged F1 or weighted (micro-averaged) F1 was reported
bthe model was specifically trained, but no separate information on UA, UQ, and UD was provided

SciEntsBank Beetle

2-way 3-way No Ref 2-way 3-way No Ref

Model Year UA UQ UD UA UQ UD UA UQ UA UQ
CoMeT [7] 2013 0.77 0.58 0.67 0.71 0.52 0.55 0.83 0.70 0.73 0.49
SoftCardinality [7] 2013 0.72 0.74 0.71 0.65 0.63 0.62 0.77 0.64 0.62 0.45
Sultan et al. [33, 34] 2016 0.69 0.70 0.71 0.57 0.62 0.60
Saha et al. [34] 2018 0.79 0.70 0.72 0.71 0.64 0.61
GCN-DA [35] 2020 0.73 063
SFRN+ [36] 2021 0.78 0.64 0.67 0.65a 0.49a 0.47a 0.89 0.70 0.67a 0.55a

BERT [37] 2022 0.73 0.60 0.62 0.71 0.57
roberta-large [32] 2021 0.81b 0.91b

GPT-4 2023 0.74 0.73 0.73 0.61 0.52 0.65
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comes to grade-relevant student data, the question of data security and privacy cannot be ignored, which may limit 
the applicability of this approach to ASAG unless additional contractual agreements are in place. An alternative for 
a model that might also not need additional training, but which could be locally installed, is Llama 2 [40], However, 
preliminary studies by the author indicate that Llama 2 does generally not perform as well as GPT-4.

7 � Conclusion

The performance of the general-purpose Large Language Model GPT-4 on Automated Short Answer Grading does not 
reach that of specifically trained Deep-Learning models, but it is comparable to that of earlier hand-engineered ASAG 
models. A clear advantage of GPT-4 is that it does not need to be specifically trained for the task and can be used out-
of-the-box, which has the potential to turn it into a commodity for educators as part of learning management systems. 
In addition to not needing additional training, GPT-4 can also perform ASAG without the need for providing reference 
answers, at least at the grade-school level covered by the datasets used in this study and likely at the introductory 
higher-education level.
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