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Abstract

Reading comprehension is often assessed with
multiple-choice questions (MCQs). This paper
leverages Large Language Models (LLMs) for
automatic generation of distractors for MCQs,
and for automatic evaluation of distractor plau-
sibility. We show that fine-tuning an LLM on a
modest-sized dataset can lead to automatically
generated distractors that rival human-crafted
ones in plausibility. Further, we analyze how
LLMs differ from humans in making judgments
on distractor plausibility.

1 Introduction

Multiple-choice questions (MCQs) are commonly
used in assessing reading comprehension (Alhazmi
et al., 2024). The quality of an MCQ depends criti-
cally on its distractors, i.e., the wrong answers that
are provided alongside the correct answer. Since it
is difficult and time-consuming to craft distractors
that seem plausible but are wrong, automating dis-
tractor generation (DG) can help alleviate teacher
workload and scale up assessment.

This paper leverages Large Language Models
(LLMs) for automatic DG and for automatic evalu-
ation of distractor plausibility in MCQs for reading
comprehension. While various neural models for
DG have been studied (Maurya and Desarkar, 2020;
Taslimipoor et al., 2024; Qiu et al., 2020), Large
Language Models (LLMs) have so far been evalu-
ated only in zero-shot and few-shot settings on this
task. We show that fine-tuning an LLM, even on a
dataset of modest size, can produce distractors that
can achieve human-level plausibility.

Evaluation is a major challenge in DG research.
For traditional automatic metrics such as BLEU,
it is difficult to provide references that anticipate
all plausible misunderstandings of the passage. As
reference-free evaluators, LLMs can offer an ef-
ficient alternative, but there has not yet been any

*Equal contribution.

reported evaluation on their ability to identify plau-
sible distractors. Specifically, we address the fol-
lowing two research questions:1

RQ1: How do distractors generated by a fine-
tuned LLM compare to human-crafted ones
in terms of plausibility?

RQ2: Can LLMs make accurate judgment on the
plausibility of a distractor?

2 Previous Work

Distractor generation (DG). Distractors in MCQs
for reading comprehension, unlike those in com-
puter science (Lee et al., 2025) and mathemat-
ics (Feng et al., 2024), are derived from possible
misunderstandings of the passage provided. Re-
searchers have utilized text-to-text transfer trans-
formers (Taslimipoor et al., 2024), multi-decoder
networks (Maurya and Desarkar, 2020), and few-
shot approaches with ChatGPT (Bitew et al., 2025).
In the only work that attempted fine-tuning LLMs
for DG, Offerijns et al. (2020) fine-tuned GPT-2,
but did not directly evaluate the plausibility of the
generated distractors.

Distractor evaluation. Many DG studies per-
formed automatic evaluation based on lexical and
semantic similarity to the gold distractor (Maurya
and Desarkar, 2020; Offerijns et al., 2020). How-
ever, there are typically not enough references for
the variety of distractors that can reflect plausible
misunderstandings of the passage. To address this
bottleneck in evaluation, the present study assesses
the ability of LLMs in making judgments on dis-
tractor plausibility.

1Data for this paper can be accessed at https://github.
com/jikhei/mcq-rc-distractors-inlg2026
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Passage The findings seem to show that children born in the early months of the
school year enjoy a double “autumn advantage” – they are already known
to have an academic advantage and, now, they also appear to be better
equipped for sports, too. The authors believe that autumn-born children’s
greater exposure over the summer months, towards the end of pregnancy,
to vitamin D is the most likely explanation. John Steele, chief executive of
the Youth Sport Trust, said the quality of a young person’s introduction to
sports at school can be “a major factor” in their sporting development.

“Children that get a high-quality first experience, which develops their
physical literacy, are those that will have greater agility, balance and
coordination, and are more likely to develop an enjoyment of physical
activity and excel in sports as they grow up”, he said.

Question What is one effect of a high-quality first sports experience, according to
Steele?

Answer Enjoyment of physical activity
In-span Gold High expectations from the social environment to be good at sports
distractor Zero-shot Greater success in other school subjects.

SFT Greater participation in team sports.

Table 1: Example MCQ from the dataset, showing the passage (with the critical span italicized), question, answer
and the (gold) in-span distractor (Section 3.1); followed by in-span distractors generated by the zero-shot baseline
and SFT (Section 3.2)

3 Approach

3.1 Dataset

The OneStopQA dataset (Berzak et al., 2020) con-
tains 486 human-crafted MCQs for 162 short pas-
sages. Besides the correct answer, three distractors,
reflecting increasing degrees of miscomprehension,
are provided for each MCQ:2

Category B (In-span) is a distractor based on a
misinterpretation of the critical span, i.e., the
text span in the passage that is relevant to the
question.

Category C (Out-of-span) is a distractor derived
from a distractor span, i.e., a text span that
is outside the critical span and is irrelevant to
the question.

Category D (Out-of-text) is a distractor based on
external knowledge or common sense, without
textual support in the passage.

Our study will focus on automatic generation and
evaluation of in-span and out-of-span distractors.
An example in-span distractor, along with the pas-
sage, question and answer from the dataset, is
shown in Table 1.

2The original scheme used only the letters (B, C, D). The
descriptive names are given to facilitate discussion.

3.2 Distractor Generation

Zero-shot (baseline). The LLM is given the pas-
sage, question, correct answer, and its critical span.
It is instructed to:

1. Generate an in-span distractor based on the
critical span;

2. Select a distractor span and then generate an
out-of-span distractor based on this span.

The prompt is shown in Table 6. Another LLM
then verifies whether each generated distractor is
an incorrect answer, using the prompt shown in
Table 5. If not, the distractor is re-generated.

Supervised Fine-tuning (SFT). The same
prompt is used to attempt the same task as the
baseline, but the LLM is fine-tuned on the gold
distractors from the OneStopQA dataset. Table 1
shows examples of in-span distractors generated by
the baseline and by SFT.

3.3 Manual evaluation

Given a passage and a question, human annotators
were presented with three distractor candidates —
the human-crafted one from the dataset, and two
others generated by the zero-shot and SFT methods,
respectively. They were then asked to rank them in
terms of plausibility based on the following factors:
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Textual overlap is the degree of match between
the words and phrases in the distractor and in
the passage. Similarity in lexical surface forms
can make the distractor plausible to the superficial
reader (Gao et al., 2019).

Semantic similarity between the distractor and
the relevant text in the passage. A plausible dis-
tractor can be expected to exhibit only nuanced
differences with the original meaning in the pas-
sage (Moon et al., 2022).

Logical inference measures the degree to which
the distractor is grounded on the passage. A distrac-
tor that clearly contradicts the passage would likely
appear implausible (Ghanem and Fyshe, 2024;
Wang et al., 2023).

3.4 Automatic evaluation

An LLM is instructed to perform the same plau-
sibility ranking task as the humans (Section 3.3),
using the prompt shown in Table 7. In an alterna-
tive version of the prompt, we presented the three
distractor candidates as possible answers and asked
the LLM to choose the “best” one. As this version
led to lower correlation with the human ranking,
the prompt in Table 7 is adopted in the remainder
of the paper.

4 Experimental set-up

We randomly sampled 40% (N = 194) of the MCQs
in the OneStopQA dataset for the experiment.

Distractor Generation (DG). To facilitate de-
ployment in typical educational settings, we chose
a smaller model, LLama-3.1-8B-Instruct, to per-
form DG. We used LoRA (Low-Rank Adaptation)
with a rank of 64, trainable projection matrices
and 16-bit quantization.3 Evaluation was based on
9-fold cross-validation.

We chose GPT-4o, a leading LLM outside the
Llama family, to check the validity of the generated
distractors, i.e., that they were incorrect answers.4

Manual Ranking. Two human annotators, both
enrolled in a Masters program in Linguistics, par-
ticipated in the evaluation. Based on the rubric in
Section 3.3, they independently ranked the three
distractor candidates from #1 (most plausible) to
#3 (least plausible), with no ties allowed unless
two candidates were identical. Distractors were

3Training was performed over 3 epochs with gradient ac-
cumulation steps of 8 and mixed precision (bfloat16), at an
initial learning rate of 5e-5. All experiments were conducted
on a single NVIDIA A100 GPU.

4Accessed via Azure OpenAI API, version 2024-05-13.

Type Method % ranked as most plausible
Human 1 Human 2 LLM

In- Gold 36.08 30.93 30.03
span SFT 36.60 37.63 32.73

Zero-shot 31.96 34.54 37.24
Out- Gold 32.47 30.93 24.61
of- SFT 49.48 44.85 35.95
span Zero-shot 18.04 24.22 39.43

Table 2: Percentages of gold distractors, distractors pro-
duced by the baseline and fine-tuned (SFT) model that
were ranked as most plausible by the human annotators;
and by the LLM.

not ranked if they were judged to be acceptable
answers.

Automatic Ranking. GPT-4o was also chosen
to perform the ranking task.5

5 RQ1: Distractor Plausibility

5.1 Inter-annotator agreement
The annotators achieved a Kendall’s τ of 0.4612,
which constitutes moderate association (Cohen,
1988), in ranking the plausibility of the in-span
distractors (Table 3). In 64.43% of the questions,
the same distractor was chosen as the most plausi-
ble. While the in-span distractors were based on
the same critical span, the out-of-span distractors
may be derived from different distractor spans and
exhibit more variety in content. For these distrac-
tors, the Kendall’s τ was 0.3866, which is also
considered moderate association (Cohen, 1988).
Agreement on the most plausible candidate was
60.82%.

5.2 Results
Table 2 shows how often each of the DG methods
produced a distractor that was ranked first in plau-
sibility. The percentages do not necessarily add up
to 100% since, for some questions, two methods
generated the same distractor.

The “Human” columns report the result of the
manual evaluation. For both in-span and out-of-
span distractors, the annotators preferred those gen-
erated by the SFT model than the zero-shot base-
line. This shows that even a small amount of fine-
tuning data can yield substantial impact on the DG
task.

For out-of-span distractors, the SFT distractors
outperformed the gold (human-crafted) ones by 14

5Accessed via Azure OpenAI API, version 2024-05-13.
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Type Ranking 1 Ranking 2 Kendall’s τ
In- Human 1 Human 2 0.4612
span Human 1 GPT-4o 0.3229

Human 2 GPT-4o 0.3030
Out- Human 1 Human 2 0.3866
of- Human 1 GPT-4o 0.1614
span Human 2 GPT-4o 0.2313

Table 3: Kendall’s τ between human annotators and
GPT-4o in distractor plausibility ranking

to 17 percentage points.6 This suggests that LLMs
can be on par with humans in choosing an appro-
priate text span, i.e. the distractor span, to craft
a convincing answer. The distractors generated
by the zero-shot baseline were found to be least
plausible.

For in-span distractors, the SFT distractors were
as plausible as their human-crafted counterparts for
one annotator7, and slightly more plausible for the
other.8 Unlike the out-of-span distractors, the LLM
was provided with the same critical span on which
the gold distractor is based (Section 3.2). However,
it must conjure a misunderstanding of this span to
generate the in-span distractor. The degraded per-
formance thus reflects the challenges in automatic
generation of convincing misinterpretations by lan-
guage learners. This corroborates the difficulties
for LLMs in deliberately making flawed inference,
as observed in past studies (Peng et al., 2022; Wang
et al., 2023).

6 RQ2: Automatic Evaluation on
Distractor Plausibility

6.1 Results

As shown in Table 3, GPT-4o yielded weak to mod-
est correlation with human ranking in plausibility,
ranging from 0.1614 to 0.3229 in Kendall’s τ .

Table 2 compares the differences between GPT-
4o and the humans in selecting the most plausible
distractor. They agreed that the SFT distractors
were more plausible than the gold ones, though
the gap was narrower among in-span distractors
(32.73% vs. 30.03%) than among out-of-span ones
(35.95% vs. 24.61%). However, in contradiction to
the humans, GPT-4o found the baseline distractors
to be most plausible overall among the three DG

649.48% vs. 32.47% for Human 1, and 44.85% vs. 30.93%
for Human 2.

736.60% vs. 36.08% for Human 1
837.63% vs. 30.93% for Human 2.

methods. This may reflect LLM self-bias, that is,
LLM-based systems tend to prefer LLM-presented
options (Laurito et al., 2025; Xu et al., 2024; Zheng
et al., 2023).

6.2 Correlation analysis

To analyze the discrepancies between human and
LLM judgments, we compare the importance they
attached to the individual factors in the plausibility
rubric (Section 3.3). For each MCQ, we ranked
the three distractor candidates in terms of textual
overlap, semantic similarity, and logical inference .

Textual overlap was measured by BLEU (Pap-
ineni et al., 2002) and ROUGE (uni-gram) (Lin,
2004). The critical span was used as the reference
in the case of in-span distractors, and the distractor
span in the case of out-of-span distractors.

For both types of distractors, BLEU and ROUGE
yielded higher correlation with the human ranking
than with the LLM ranking (Table 4). This suggests
that the human annotators placed more emphasis
on textual overlap than the LLM. They appear to
have assessed plausibility from the point of view of
weaker readers, who tend to rely on string matching
to guess the answer and favor distractors that share
similar surface forms as the passage.

Semantic similarity was measured by the token-
based metrics BERTScore (Zhang et al., 2020)
and BARTScore (Yuan et al., 2021)9, as well as
BLEURT (Sellam et al., 2020), which leverages
diverse features to mimic human judgment on se-
mantic equivalence.

In terms of BARTScore and BERTScore, the hu-
man annotators placed more emphasis on semantic
similarity than the LLM. Consistent with the ob-
servation above, they seem to have put themselves
in the shoes of more elementary readers, who tend
to be attracted by distractors that express similar
meaning as the passage at a fine-grained, token
level. However, the opposite trend was observed
for BLEURT, which was more correlated with the
LLM ranking. This suggests that the LLM assumed
a more advanced reader and emphasized semantic
equivalence that may not be expressed by similar
surface forms.

Logical Inference was measured with the pas-
sage as the premise and the distractor as the hy-
pothesis.10 A distractor that clearly contradicts the

9Based on the BART-Large-CNN model
10Using DeBERTa-Large-NLI (He et al., 2021) from https:

//huggingface.co/microsoft/deberta-large-mnli
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Type Ranking Textual overlap Semantic similarity Logical inference
BLEU ROUGE BART- BERT- BLEURT Entail- Neu- Contra-

Score Score ment tral diction
In- Human 1 0.159 0.233 0.237 0.206 0.157 0.119 0.103 -0.143
span Human 2 0.142 0.223 0.221 0.212 0.180 0.156 0.103 -0.133

LLM 0.124 0.150 0.198 0.150 0.295 0.023 0.187 -0.243
Out- Human 1 0.213 0.256 0.153 0.250 0.197 0.127 -0.037 -0.002
of- Human 2 0.215 0.205 0.132 0.247 0.105 0.120 -0.081 0.032
span LLM 0.163 0.142 0.092 0.205 0.194 0.097 0.080 -0.129

Table 4: Kendall’s τ correlation of the metrics in the plausibility rubric (Section 3.3) with human ranking, and with
LLM ranking

passage would appear implausible. Hence, the con-
tradiction score is negatively correlated to human
and LLM ranking in most settings. For both types
of distractors, compared to humans, the LLM more
strongly disfavored distractors with high contradic-
tion scores. To improve the correlation with human
ranking, the results above suggest that the LLM
evaluator can be instructed to place more emphasis
on textual overlap than on inference validity.

7 Conclusion

Plausible distractors in MCQs are critical for effec-
tive assessment of the test taker’s comprehension
skills. This paper has leveraged LLMs for auto-
matic DG and automatic evaluation of distractor
plausibility. We showed that fine-tuning an LLM
on a dataset of modest size can lead to distrac-
tors with human-level plausibility, but also revealed
that LLMs may be weaker in conjuring misunder-
standings of a text. Further, a correlation analysis
showed that when making judgments on plausi-
bility, humans tend to place more importance on
textual overlap between the passage and the distrac-
tor than LLMs.

Our results suggest that future DG research
should emphasize the training of LLMs in formulat-
ing typical misinterpretations, through in-context
learning or fine-tuning. To further improve eval-
uation accuracy of distractor plausibility, LLMs
should be trained or instructed to consider textual
overlap as well as the reading level of the intended
test taker.

Limitations and Ethical Considerations

The results presented in this paper should be inter-
preted with the following limitations in mind. First,
our evaluation, both manual and automatic, has
focused on the plausibility of the distractors. Dis-

tractor quality also depends on other factors such as
fluency and discriminative power, which should be
considered in future research. Second, the training
data for fine-tuning the LLM was taken from the
same corpus as the test data. To assess whether the
improved result can generalize to other domains,
the LLM should also be evaluated on passages and
questions from other sources.
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A LLM Prompts

In all prompts, {passage} refers to the passage pro-
vided in the MCQ; {question} refers to the ques-
tion; {answer} refers to the correct answer; and
{critical span} refers to the critical span, all taken
from the OneStopQA dataset (Berzak et al., 2020).

Text: {passage}

Question: {question}

Answer: {answer}

Based on the text above, is this answer correct
(T) or incorrect (F)? Indicate only the letter T
or F.

Table 5: Prompt for checking the validity of the distrac-
tor, i.e., that it is an incorrect answer (Section 3.2)

The following passage, question, and answer
are from a multiple-choice reading compre-
hension task:

Passage: {passage}
Question: {question}
Answer: {answer}

The following is the critical span from the
passage on which the correct answer is based:
Critical Span: {critical span}

The distractor span is another span from the
passage that is different from the above critical
span.

Now, please select such a distractor span from
the passage.

Please create one distractor based on the given
passage, question, answer, and the distractor
span you just select.

Requirements:
1. The distractor is based on the information
in the distractor span, and does not include
new information not given in the span.
2. The distractor is similar in length to the
given answer.
3. The distractor should be a plausible option
to the given multiple-choice question.
4. The distractor must be incorrect; it does not
constitute an acceptable correct answer.

First, repeat the critical span.

(Ending for in-span distractor generation)
Then, respond with the distractor created
based on the critical span and nothing else.

(Ending for out-of-span distractor generation)
Then, respond with the selected distractor
span which is different from the critical span.
Lastly, respond with the distractor created
based on this distractor span and nothing else.

Table 6: Prompt for generating in-span and out-of-span
distractors (Section 3.2)
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The following is a reading comprehension pas-
sage:
Passage: {passage}

The following is a question from a multiple-
choice reading comprehension task:
Question: {question}

The following are three distractors (wrong an-
swers) to the question:
A. {distractor}
B. {distractor}
C. {distractor}

Although the distractors are incorrect, please
rank these distractors according to the follow-
ing criteria:
1. Textual overlap: how many overlaps a dis-
tractor shares with the given passage;
2. Semantic similarity: how much similarity
a distractor shares with the given passage in
terms of semantics;
3. Logical inference: to what degree a distrac-
tor is grounded on the given passage;
4. Content concreteness: how many in-text
details a distractor includes;

First, evaluate the options one by one accord-
ing to the above criteria. Give your explana-
tion with no more than 100 words.

Then, according to your rationale, rank the
distractors and output the rank using only the
letter indices separated by a comma and noth-
ing else.

Table 7: Prompt for ranking distractors in terms of plau-
sibility (Section 3.4). The three distractor candidates,
placed in random order, include the gold distractor and
the distractors generated by the baseline and SFT mod-
els (Section 3.2).
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