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ABSTRACT
Large Language Models (LLMs) offer promising opportunities in
the context of education, for example, to automate the exams’ cre-
ation process. Although LLMs can save educators time and effort,
their integration into educational products brings some risks that
companies must mitigate.

In this paper, we discuss a set of quality criteria (e.g. correctness
and clarity), grounded in the literature and validated by our indus-
trial partner, relevant for designing educational exams. We also
present a set of validators, using an LLM-as-a-judge approach, to
automatically check the quality of educational exams. We evaluate
their robustness on quality and (artificially generated) defective
educational items, including 17 commercial and open-source LLMs.

Our experiments show that the most recent and larger models
are very precise, trigger almost no false alarms, and are effective
in detecting most quality issues. Moreover, open source Llama and
DeepSeek models perform as well as GPT models, although Mistral
seems unsuitable for this task. The promising results encourage us
to focus on more general types of questions, for which we report
relevant open challenges we aim to address in the short term.
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1 INTRODUCTION
In the field of education, tests are widely used to gather insights
about students’ knowledge, skills, and abilities in relation to defined
learning objectives. These tests can include questions (items) in
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diverse formats: multiple-choice, true or false, short answer or
essays. Regardless of their format, assessment items should provide
a relevant and accurate measure of the level of knowledge and
proficiency of the learner. As a result, item quality is essential to
ensure the validity of test.

The quality of an assessment item or test can be studied from
different points of view. Standardized educational assessment tests
consider quality criteria such as correctness (there are no errors in
the problem formulation), completeness (the problem formulation
includes the relevant data and context to answer the question), clar-
ity and lack of ambiguity. However, many other quality properties
may be considered, such as the desired level difficulty, accessibility
for students with special needs, or the absence of biases.

Creating high quality assessment tests is a time-consuming task
that requires experience and domain expertise. As a result, educa-
tional institutions and professionals are continuously looking into
ways to facilitate the creation of such tests. A promising approach
in this direction is the use of Large Language Models (LLMs) [10],
which are able to generate human-like textual content according
to the instructions received via an input prompt. However, LLMs
have several weaknesses: they are prone to hallucinations [18]
and biases [12], and may sometimes fail to follow the input in-
structions. As a result, LLM-generated tests should be reviewed for
quality purposes before being deployed in any real-world educa-
tional setting [3]. Fortunately, LLMs can also be used as a powerful
automated validation tool, for example, using the paradigm called
LLM-as-a-judge [35], where the LLM critically reviews a piece of
content using some user-defined criteria.

In this paper, we consider the automatic validation of educa-
tional tests using LLMs. To this end, we define a comprehensive set
of quality criteria for educational tests that should be reviewed in
order to ensure their suitability. We then define a set of automatic
validators,using LLM-as-a-judge strategies, for checking those qual-
ity properties and empirically evaluate their effectiveness. This is
done in collaboration with the company Open Assessment Tech-
nologies S.A. (OAT1) that provides advanced assessment solutions
for education in 194 countries and 30+ languages, which helped us
to review and validate the proposed quality criteria.

1https://www.taotesting.com/
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We empirically evaluate our validators on 17 commercial and
open-source LLMs from Open AI, Meta Llama, Mistral AI, and
DeepSeek. Our experiments are performed on the ScienceQA [22]
dataset which contains multiple-choice questions collected from
elementary and high school science curricula. Since this dataset was
manually analyzed and validated, we assume that the questions are
of good quality and thus, we expect that all the validators to pass.
However, to evaluate our validators’ robustness, we design property-
specific metamorphic transformations [30] (a.k.a. mutations [26])
to automatically generate defective questions for which we expect
the validators to fail on specific quality properties. Hence, we rely
on standard metrics, such as precision and recall, to objectively
measure the robustness of our validators. .

The empirical results show that more recent models (e.g. gpt-4o,
llama3.3:70b-instruct, and deepseek-r1:32b-qwen-distill) are very
precise, triggering almost no false alarms. This means that, in prac-
tice, when the validators using some of these models fail on a
particular question, it is almost certain that there is an issue affect-
ing some of the quality criteria. This is considered a key advantage
for our industrial partner, as it will avoid educators wasting time
and effort in analyzing good questions. We also observe that our
LLM-based validators are very effective at detecting most of the
issues (∼100% of recall), affecting more objective properties such
as the Correctness and Difficulty. However, our validators can miss
many of the issues affecting more subjective properties, such as
the Scope and Background of the questions that may depend on
contextual information not present in the prompts (e.g. a detailed
curricula), obtaining an overall recall of ∼60%.

In summary, our experiments show that open source models
from Llama and DeepSeek can perform as well as the commercial
models from Open AI. This can encourage companies to integrate
open source LLMs into their educational products, mainly in those
cases in which the exams cannot be shared. We also observe that, al-
though Mistral models also produce a low number of false positives,
they show a poor performance in identifying the injected quality
issues, making them less suitable for our purposes. Finally, the
property-specific metamorphic transformations we use to assess
the robustness of our validators, helped us a lot to refine the initial
versions of our prompts, significantly improving their performance.

Although our experiments focus on multiple-choice questions,
the proposed quality indicators and validators are applicable to
other types of assessment items that we plan to study in the short
term. In collaboration with our industrial partner, we also plan to
adapt them to multimodal contexts to analyze quality properties of
questions involving images or audio, which will demand the integra-
tion of multimodal LLMs, such as Gemini and GPT-4V. We also plan
to explore more sophisticated prompt engineering techniques, such
as Chain-of-Thought Prompting [28] and Retrieval-Augmented
Generation [21], to potentially improve their performance.

2 BACKGROUND AND RELATEDWORK
In the literature, the problem of synthesizing assessment items is de-
scribed using different terms, such as automatic question generation
or automatic item generation [5, 8, 9, 20, 32].

The generation process may focus on a given discipline, do-
main, or learning outcome, and it can be based on a set of input

knowledge sources. Different types of assessment items can be gen-
erated [9], among which multiple-choice questions (MCQ) are the
most frequently explored.

MCQs are characterized by at least three elements: the stem
(the problem statement), the correct answer, and the distractors
(incorrect answers proposed as alternatives). It is also possible to
provide additional information about the question, such as learning
outcomes, an academic level, or a potential solution, among others.

Originally, item generation relied on a combination of Natural-
Language Processing (NLP) and information retrieval techniques to
analyze an input text, followed by a wide variety of approaches (e.g.,
pattern matching, knowledge representation and machine learning)
to propose suitable question stems, answers, and distractors [5, 9,
20]. The introduction of LLMs has sparked significant interest in
their application to the item generation problem [6, 23, 29, 33].

A major challenge in automatic item generation is ensuring the
quality of the generated items [11, 14, 27]. Thus, many approaches
include an explicit evaluation stage at the end of the generation
process to filter low-quality questions. This validation can either
be performed manually by human experts [1, 19, 27], or it may rely
on automatic procedures [2, 19], e.g., filtering questions that are
too short or using ontologies to predict the difficulty of a question.

In this direction, LLM-as-a-judge is an increasingly common
strategy that leverages an LLM to evaluate the outputs of another
model. This approach enables the semi-automation of qualitative
analysis, thereby improving the scalability and cost-efficiency of
evaluation workflows [35]. An LLM-as-a-judge can be used for
either scoring or rating a single output, comparing two or more
outputs and choosing which is better, or giving structured, quali-
tative feedback [7]. Nevertheless, this strategy is reported to face
challenges such as biases, inconsistency in responses to the same
output, and overfitting to certain prompt designs or domains [16,
34]. This approach can also be applied to the evaluation of auto-
matically generated items [19, 33], but it is typically applied to
a specific quality criteria and using a particular LLM. To provide
a holistic evaluation of quality, Section 3 defines a set of quality
criteria and Section 4 details how we have relied on the reasoning
capabilities of an LLM-as-a-judge to assess them in the generated
tests, comparing the results achieved by several LLMs.

3 STANDARDIZED EDUCATIONAL EXAMS
QUALITY PROPERTIES

As introduced in Section 2, the quality of the generated questions
is a key concern of automated item generation. Quality may refer
to different dimensions [15], from the adequacy of the question
stem with respect to the input text, discipline, learning outcome or
intended academic level; the clarity and readability of the question;
the correctness of the answer (and the lack thereof for distractors);
or the suitability of distractors.

However, there is no universally accepted set of standard qual-
ity criteria for generated assessment items. For instance, [27] uses
human experts to manually evaluate five quality criteria: (1) the
relationship between the stem and the key, (2) the clarity of the
stem, (3) the lack of cues that makes the answer obvious, (4) an
homogeneous length among alternative answers and (5) the plau-
sibility of distractors. In contrast, [14] used eight criteria, which
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include the relevance of the assessed topic, and the alignment of
the question’s topic with the curricula. Other works such as [24, 31]
also consider distractors, checking that they do not overlap with
the answer but at least one of them is sufficiently close.

Research in education has also studied quality criteria for MCQs.
In this sense, [17] presents a taxonomy of 31 guidelines for writing
MCQs, which focus on five areas: the choice of content; format-
ting; style; the definition of the stem (clarity, conciseness, avoiding
negatives); and writing the alternatives (plausibility, lack of clues,
correctness, . . . ). Some measures such as the effectiveness of dis-
tractors can be measured a posteriori [13], discarding distractors
that were not selected by students taking the test. In this way, this
measure can be useful to revise and improve a test, but it is not
applicable for newly created ones.

Recent works emphasize on the relevance of analyzing item
quality, and propose taking advantage of the flexibility of LLMs to
improve quality evaluations by checking quality properties that fo-
cus higher-level issues such as learning outcomes [33]. For instance,
it is possible for LLMs to assess properties like the authenticity of
an item, i.e., whether it reflects a real-world situation instead a
theoretical or academic scenario; or its accessibility to students
with special needs such as impaired sight. As a result, based on
quality criteria in the literature and the capabilities of LLMs, we
have proposed a list of quality criteria for assessment items. This
list has also been validated by our industrial partner as suitable for
their needs in real-world scenarios.

Table 1 presents our proposed list of quality criteria for eval-
uating educational tests. Some of the proposed criteria require
additional information to be evaluated, as achieving the quality
criteria depends on the intended target. For instance, in order to
decide if students have sufficient background to answer a particular
question, it is necessary to specify the target educational level and
knowledge available to them: within the same discipline, a question
may be suitable for a master’s student but inadequate for a high
school student. Some quality criteria will be omitted from our anal-
ysis, as they either focus on questions with open answers (unlike
MCQs) or complete tests.

4 LLMS AS QUALITATIVE VALIDATORS
This section presents our LLM-as-a-judge approach to automate
the quality check of educational questions. Then, we describe the
experimental setup and the ScienceQA dataset, a well-established
resource for evaluating educational Q&A tasks, as the foundation
for our analysis. Finally, we compare the effectiveness of different
LLMs in performing this evaluative task, assessing their ability
to reliably judge the quality of educational questions. Notice that,
although our industrial partner envisions applying these validators
to analyze LLM-generated questions, they are general enough to
be applied to manually written questions as well.

4.1 Prompt
Listing 1 presents the prompt of our LLMs-as-judges validators.

It takes three primary components as input, namely: QUESTION,
CHARACTERISTICS and QUALITY_CRITERIA. Either manually or au-
tomatically generated, we provide the educational question to be
evaluated in raw text format, within the placeholder {question}.

Listing 1: Prompt used for the LLM-as-a-judge validator.

Given the CHARACTERISTICS below and the QUESTION given
by an AI assistant as a response to the CHARACTERISTICS
Does the QUESTION comply with the following
QUALITY_CRITERIA (which are provided in JSON format ,
with keys \" property \" and \" definition \")?
Notice that this QUESTION will be used for assessing
Student Grade Level: {grade}.

CHARACTERISTICS: ```{characteristics}```
QUESTION: ```{question}```
QUALITY_CRITERIA: ```{criteria}```

In {characteristics}, we include metadata such as the target
students’ grade level, demographical information, the subject and
topic, and any other information for enriching the context provided
to the LLM. Finally, in the {criteria} placeholder, we include the
definition of the quality criteria in JSON format. For each criterion,
we provide an identifier property and a definition that describes
its semantics. Table 1 summarizes the quality criteria we analyze,
previously revised and validated by our industrial partner. Listing 2
shows the structure of the different inputs for one of the examples
used in our experiments.

Finally, the response generated by the LLM-as-a-judge must
adhere to a structured, machine-readable format, for enabling an
automated post-processing integration of results with analytic tools
and human-in-the-loop reviews. In order to do so, the prompt in-
cludes further instructions on the required output format that are
automatically generated by Pydantic parser2. The system expects
a list of (property, valid, reasoning) tuples, where: property should
reference an input qualitative criterion; valid should be True if the
question satisfies the property, and False, otherwise; and reasoning
should contain an explanation of why the question does not satisfy
the property, and should be empty if the property is satisfied.

4.2 Empirical Evaluation Setup

Dataset. We start our empirical evaluation by studying the per-
formance of our validators on the ScienceQA [22] dataset, widely
used for assessing educational Q&A tasks. ScienceQA contains
21,208 multimodal questions on subjects related to natural science,
language science, and social science. We focus our evaluation on
multiple-choice questions from the testing set that only contains tex-
tual information, that is, questions including images are excluded.
After this filtering, our final dataset includes 2,071 questions.

For each data point, ScienceQA provides the following informa-
tion: the question with the options and the corresponding correct
answer; the lecture that provides context to solve the question; it
can also include some hint and a justification of the solution; the
target student grade (level); and the subject, topic, and skill targeted
by the question. Listing 2 shows a multiple-choice question (with
id 22) taken from the dataset.

Metrics. Notice that the questions in the ScienceQA dataset
were collected from elementary and high school science curricula,
annotated with grounded lectures and detailed explanations that
provide enough context for arriving at the correct answer. Since
this dataset has been manually analyzed and validated, we assume

2https://python.langchain.com/docs/how_to/output_parser_structured

https://python.langchain.com/docs/how_to/output_parser_structured
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Table 1: Proposed quality criteria to evaluate automatically generated exams.

Property Input Definition

Scope Educational level, learning outcome The activity is suitable to assess a target learning outcome at a given Student
Grade Level.

Background Educational level, prior knowledge Students at the given Grade Level have the required background to understand
and solve the activity.

Clarity The activity describes the context, task and intended outcome unambiguously.
The solution is clear and all the steps, decisions and alternatives are outlined.

Conciseness The problem statement is succinct, avoiding repetition and verbosity.
Reliability𝑎 It is possible to consistently evaluate the correctness of a candidate solution.
Discrimination Distractors are effective at drawing incorrect answers.
Correctness The problem statement does not contain errors, missing or inconsistent data.

The solution fulfills all the requirements and contains no errors or omissions.
All valid solutions have been characterized & distractors are indeed invalid.

Difficulty Intended difficulty The activity is neither obvious nor impossible for a given Student Grade Level: it
is challenging yet feasible.

Workload𝑏 Intended workload The activity takes an average student, for a given Student Grade Level, a reason-
able amount of time to be solved.

Format Intended format The description of the activity adheres to the requested format or template.
Accessibility Special needs The activity can be understood and solved by students with special needs.
Authenticity Learning outcome The activity captures a realistic scenario that is relevant to students and the field.
Inclusivity The activity does not contain inappropriate or biased content.
Validity𝑏 Learning outcome The activity tests a relevant skill considering all its relevant perspectives.

𝑎 Relevant only for assessment items with open answers (unlike MCQs). 𝑏 Relevant only for complete tests (not individual items).

Listing 2: QUESTION and CHARACTERISTICS example.

CHARACTERISTICS: ```Student Grade Level: 8
Subject: language science
Topic: reference -skills
Category: Reference skills
Skill: Use guide words ```

QUESTION: ```Question: Which word would you find on a
dictionary page with the following guide words?
shot - suit
Options: (A) service (B) stockade
Answer: The answer is B.
Lecture: Guide words appear on each page of a
dictionary. They tell you the first word and last word
on the page. The other words on the page come between
the guide words in alphabetical order. To put words in
alphabetical order , put them in order by their first
letters. If the first letters are the same , look at the
second letters. If the second letters are the same ,
look at the third letters , and so on. If one word is
shorter , and there are no more letters to compare , then
the shorter word comes first in alphabetical order. For
example , be comes before bed.
Solution: Put the words in alphabetical order. Since
stockade is between the guide words shot - suit , it
would be found on that page.```

QUALITY_CRITERIA: ```{'Scope ': 'The activity is
suitable to assess a target learning outcome at a given
Student Grade Level.', 'Background ': ...' ... }```

that the questions are of good quality, therefore, our expectation
is that all validators should pass when applied to these questions.
Hence, to assess our validators performance, we first measure the
percentage of questions for which the LLM passes each specific
quality property. This will help us understand whether some LLMs
are more suitable than others to analyze specific properties.

Table 2: LLMs studied.

OpenAI

gpt-4o, gpt-4o-mini, gpt-4-turbo, gpt-3.5-turbo-1106

Meta Llama

llama3.3:70b-instruct, llama3.1:70b-instruct, llama3.1:8b-instruct,
llama3:70b-instruct, llama3:8b-instruct

Mistral AI

mistral:7b-instruct-v0.3, mixtral:8x22b-instruct,
mistral:7b-instruct-v0.2, mixtral:8x7b-instruct

DeepSeek

deepseek-r1:32b-qwen-distill, deepseek-r1:7b-qwen-distill,
deepseek-r1:70b-llama-distill, deepseek-r1:8b-llama-distill

We also report the general false positive rate of each LLM mea-
sured as the percentage of property checks that fail on the entire
ScienceQA dataset (since we expect them to pass). For our industrial
partner, it is very important to keep this number low, since each
false positive will require a manual inspection by a human expert to
determine if there is an issue in the question, and fix it accordingly.

Selected LLMs. To ensure that our conclusions are not caused
by the selection of a particular LLM, our experiments compare the
outcome of our LLM-as-a-judge prompt using 17 LLMs, including 4
models from Open AI, 5 from Meta Llama, 4 from Mistral AI, and 4
from DeepSeek (see Table 2). In this way, we are also able to identify
which LLM performs better for this task.

Data Availability. All the scripts and results are available online:
https://github.com/rdegiovanni/LLMValidatorsTesting.

https://github.com/rdegiovanni/LLMValidatorsTesting
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4.3 LLMs’ Effectiveness
Table 3 summarizes, for each LLM, the percentage of questions
from the ScienceQA dataset that pass the specific quality property.
The last column reports the false positive rate (FPR) of each LLM,
i.e., the percentage of failed checks among all the questions.

First, we can observe that, for every quality property, there is at
least one validator (LLM) for which all the questions passed. We
also notice that, in general, larger models are more effective (lower
false positive rate) than smaller ones. Reliability, Inclusivity, Scope,
Background, and Correctness show low variance across validators,
which indicates that these criteria are consistently well-understood
by models. On the other hand, Conciseness, Authenticity, Validity
and Discrimination exhibit high variability in accuracy, suggesting
that they require more nuanced and deeper understanding, which
lower-tier versions of Llama and DeepSeek models often miss.

Results show that Open AI models have a similar good perfor-
mance overall, with gpt-3.5-turbo-1106 being the worst performing.
Notably, all GPT models are less robust with respect to the Concise-
ness property, producing the most false positives, which indicates
that they might not be good candidates to perform this specific qual-
ity check. In the case of Llama models, larger models (70B) clearly
show much better performance than smaller variants (8B). In par-
ticular, more recent releases (3.3. and 3.1) lead to a false positive
rate of 1%, making them good candidates for adoption in practice.

The best performingmodel is deepseek-r1:32b-qwen-distill, where
almost all questions pass every quality check, leading to almost 0%
FPR, although the other variants of DeepSeek performed poorly.
On the other hand, Mistral AI models have a comparable perfor-
mance with the best performing models, with the only exception
of mistral:7b-instruct-v0.3 with a FPR of 16%.

Two key observations emerged from these results. On the one
hand, the best performing models raised very few false alarms, i.e.,
very few questions failed specific properties, which is a desired
behavior in practice for our industrial partner. Having validators
that frequently fail on quality questions would cause the users
to distrust their judgment, and make them uninteresting. On the
other hand, open-source models obtained very good and promising
performance, comparable with the GPT proprietary models. This
evidence can help increase and ease their adoption in education.

5 ASSESSING VALIDATORS’ ROBUSTNESS
We just observed that the best performing LLMs are reliable on
quality questions, triggering very few false alarms. Now we study
the robustness of our validators in detecting quality issues of defec-
tive educational questions. To do so, we rely on the metamorphic
testing methodology [30] and design specific metamorphic trans-
formations that modify the ScienceQA dataset questions in such a
way that a quality issue is introduced with the aim of breaking spe-
cific properties. Then, we use these (artificially generated) defective
educational questions (a.k.a. mutations [26]) to assess the robust-
ness of our validators (LLMs), measured in terms of the standard
performance metrics precision and recall.

5.1 Property-specific defect injection
Correct Answer Transformation. This simple transformation consists
of (incorrectly) selecting one of the distractors in a multiple-choice

question as the correct answer. This defective question is expected
to break the Correctness property, and it is used as themetamorphic
oracle to determine if our validators are able to detect the injected
quality issue. Following with the multiple-choice question given in
Listing 2, this metamorphic transformation would select option (A)
service as the correct answer to the question, which is completely
incorrect since the word ‘service’ cannot be found in the dictionary
between the words ‘shot’ and ‘suit’.

Students Grade Transformation. This transformation takes ques-
tions for primary school students (between grades 1 and 6) and
transforms them into questions for students in the last year of
secondary school (grade 12). Vice versa, it takes questions for sec-
ondary school (students between grades 7 and 12) and transforms
them into questions for students in the first year of primary school
(grade 1). We expect this transformation to create defective ques-
tions that break four properties: Scope, Background, Difficulty and
Workload, which is used as the expectedmetamorphic oracle. Follow-
ing with Listing 2, the original question was proposed for students
of grade 8 of secondary school, this transformation will change it to
students of the first grade of primary school (grade 1). A student in
first grade is typically learning to read and write, so clearly he/she
does not have enough scope and background to understand how to
use the dictionary, making the transformed question too difficult
and almost impossible for them to answer.

5.2 Evaluation Metrics
As our validators will determine whether a given educational ques-
tion satisfies or not a particular quality property of interest, they
may produce four possible outputs: given a correctly formulated
question (taken from the ScienceQA dataset), if the validator identi-
fies no quality issue, then it is a true negative (TN); otherwise, it is
a false positive (FP). On the other hand, given a defective question
that violates a particular quality property of interest (e.g., generated
with our metamorphic transformations), if the validator identifies
the issue, then it is a true positive (TP); otherwise, it is a false nega-
tive (FN). From these, we can compute the traditional evaluation
metrics such as Precision, Recall, and the F-1 score to evaluate the
prediction performance of our validators.

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
Recall =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁

F1-score =
2 × Precision × Recall
Precision + Recall

Precision indicates the ratio of correctly predicted positives over
all the considered positives. Recall indicates the ratio of correctly
predicted positives over all the actual positives. F-1 score indicates
the weighted harmonic mean of Precision and Recall.

5.3 Robustness Results
Table 4 reports, for each of the quality properties affected by the
metamorphic transformations, the prediction performance of our
validators. Notice that we highlight the best performing model
(highest F1) in bold, and the second one with an underscore.

Correctness. This is highly relevant for our industrial partner.
Luckily, we observe that most of the LLMs, mainly the large ones,
have a high precision in detecting issues affecting the Correctness
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Table 3: Per-trait LLMs’ accuracy on the ScienceQA dataset.

Model

Scope

B
ackground

C
larity

C
onciseness

R
eliability

D
iscrim

ination

C
orrectness

D
iffi

culty

W
orkload

Form
at

A
ccessibility

A
uthenticity

Inclusivity

Validity

FPR

gpt-4o 1.00 1.00 0.88 0.67 1.00 0.91 0.94 1.00 1.00 0.94 0.93 0.96 1.00 0.98 0.06
gpt-4o-mini 1.00 1.00 0.91 0.52 1.00 1.00 0.96 0.98 1.00 0.99 1.00 1.00 1.00 0.98 0.05
gpt-4-turbo 1.00 1.00 0.98 0.76 1.00 0.95 0.98 0.99 0.98 0.94 0.94 0.99 1.00 0.99 0.04
gpt-3.5-turbo-1106 0.84 0.98 0.93 0.83 0.93 0.90 0.83 0.90 0.93 0.91 0.97 0.92 0.98 0.88 0.09

llama3.3:70b-instruct 1.00 1.00 0.99 0.98 1.00 0.99 1.00 1.00 1.00 1.00 0.96 1.00 1.00 1.00 0.01
llama3.1:70b-instruct 1.00 0.99 0.99 0.99 1.00 0.98 0.99 0.99 1.00 1.00 0.99 0.99 1.00 1.00 0.01
llama3:70b-instruct 0.99 1.00 1.00 0.95 1.00 0.69 1.00 0.99 1.00 0.99 0.80 0.90 1.00 0.99 0.05
llama3.1:8b-instruct 0.32 0.59 0.5 0.46 0.60 0.55 0.52 0.55 0.50 0.70 0.56 0.37 0.82 0.13 0.49
llama3:8b-instruct 0.10 0.80 0.63 0.56 0.71 0.54 0.69 0.38 0.61 0.81 0.87 0.20 0.93 0.17 0.43

deepseek-r1:32b-qwen-distill 1.00 1.00 1.00 0.99 1.00 1.00 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00
deepseek-r1:7b-qwen-distill 0.61 0.42 0.30 0.50 0.43 0.34 0.32 0.45 0.54 0.48 0.44 0.36 0.50 0.28 0.57
deepseek-r1:70b-llama-distill 1.00 0.82 0.57 0.71 0.92 0.41 0.88 0.76 0.90 0.66 0.56 0.73 1.00 0.77 0.24
deepseek-r1:8b-llama-distill 0.70 0.73 0.74 0.74 0.76 0.74 0.67 0.73 0.68 0.76 0.82 0.61 0.82 0.62 0.28

mixtral:8x22b-instruct 1.00 1.00 1.00 0.74 1.00 0.90 0.99 0.93 0.86 0.83 0.96 0.84 1.00 0.94 0.07
mixtral:8x7b-instruct 0.99 1.00 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.01
mistral:7b-instruct-v0.3 0.72 0.73 0.95 0.95 0.94 0.94 0.93 0.72 0.85 0.85 0.92 0.70 0.93 0.67 0.16
mistral:7b-instruct-v0.2 0.87 0.86 1.00 1.00 1.00 1.00 1.00 1.00 0.97 1.00 1.00 0.99 1.00 0.86 0.03

property. This is a very promising result, suggesting that these
LLMs will report few false alarms to educators, not requiring much
of their manual intervention. However, when we look at the recall,
we can observe that only a few models can detect most of the
quality issues. In particular, llama3.3:70b-instruct can detect 92% of
the incorrect transformations, while gpt-4o and deepseek-r1:32b-
qwen-distill only 85% and 80%, respectively. The rest of the LLMs
have a high false negative rate (leading to lower recall), missing
many of the issues affecting the correctness of the questions.

Scope, Background, Difficulty and Workload. We observe that
most GPT models (except for gpt-3.5-turbo-1106), 70B Llama mod-
els, and deepseek-r1:32b-qwen-distill obtain very high precision
(∼100%), producing almost no false positives, a desired behavior for
our industrial partner. However, when we look at the recall, LLMs
trigger significantly more false negatives, mainly for Workload and
Background properties. For Workload, llama3.3:70b-instruct per-
forms best with an F1-score of 52%, but a recall of 36%, meaning that
it misses the issue in 64% of the cases. For Background, gpt-4o-mini
obtains an F1-score of 59% with a recall of 41%, missing 59% of the
issues affecting this property. In the case of Scope, LLMs show a rel-
atively better performance, where gpt-4o and llama3.3:70b-instruct
models obtain a promising F1-score of 80% and 69%, respectively,
missing 32% and 41% of the quality issues.

Finally, LLMs are very effective in analysing Difficulty, where the
best performing Llama models only miss between 2-3% of the issues,
leading to an F1-score on ∼98%. gpt-4o also has a good performance
on this property, although the recall is lower (88%), missing 12% of
the issues. This may suggest that LLMs can perform better when
the task under analysis is more objective (e.g. Correctness) or there
is clear competing/contradicting information in the question (e.g.,
between the age of the students and the Difficulty of the question),
but their performance reduces when dealing with more subjective

tasks, such as Background and Scope, which may require more
contextual information.

Average. The most robust models are gpt-4o and llama3.3:70b-
instruct, obtaining a 75% of F1-score, on average. Other GPT models
(gpt-4o-mini and gpt-4-turbo) as well as llama3.1:70b-instruct also
show promising performance with a ∼60% of F1-score, on average.
deepseek-r1:32b-qwen-distill is also a promising option with a F1
of 55%. In the case of Mistral AI models, we did not observe a good
performance comparable with the other models, which may suggest
that are not adequate for this task.

6 LESSONS LEARNED AND OPEN
CHALLENGES

Open Source vs Commercial LLMs. Our results show that open
source models, in particular Llama and DeepSeek, can perform as
well as the commercial models fromOpenAI. Considering that some
companies may be reluctant to share their educational tests, because
these may contain students’ sensitive information or are expensive
to generate (typically by domain experts), locally deployed open
source models sound like a good alternative to mitigate this issue.

False Positives and False Negatives. The best performing models
produced a marginal number of false positives. This means that, in
practice, whenever a validator fails, it is almost certain that there is
an issue on the educational question. This will help educators save
time and effort, not waste time analyzing good questions, which is
a key advantage envisioned by our industrial partner.

Regarding false negatives, our validators are more effective at
detecting issues affecting more objective properties such as Correct-
ness rather than more subjective properties such as Background. In
the case of Correctness, the prompt already provides all the relevant
information (the theoretical concepts and context) to the LLM to de-
termine which of the options in the multi-choice should be selected.
Hence, our validators can detect most of the issues in the detective
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Table 4: LLMs’ Robustness on Correctness, Scope, Background, Difficulty and Workload quality properties.

Correctness Scope Background Difficulty Workload Average
Model P R F1 P R F1 P R F1 P R F1 P R F1 P R F1

gpt-4o 0.93 0.85 0.89 0.99 0.68 0.80 1.00 0.4 0.57 0.99 0.88 0.93 1.00 0.25 0.40 0.98 0.61 0.75
gpt-4o-mini 0.94 0.53 0.68 1.00 0.41 0.59 1.00 0.41 0.59 0.98 0.53 0.68 1.00 0.32 0.49 0.98 0.44 0.61
gpt-4-turbo 0.97 0.75 0.85 1.00 0.21 0.35 1.00 0.29 0.45 0.98 0.65 0.78 1.00 0.31 0.47 0.99 0.44 0.61
gpt-3.5-turbo-1106 0.69 0.37 0.48 0.00 0.00 0.00 0.00 0.00 0.00 0.66 0.20 0.30 0.50 0.05 0.09 0.37 0.12 0.19

llama3.3:70b-instruct 1.00 0.92 0.96 1.00 0.53 0.69 1.00 0.22 0.37 1.00 0.95 0.97 1.00 0.36 0.52 1.00 0.60 0.75
llama3.1:70b-instruct 1.00 0.65 0.79 1.00 0.31 0.47 1.00 0.12 0.22 1.00 0.97 0.98 1.00 0.08 0.15 1.00 0.43 0.60
llama3:70b-instruct 0.98 0.07 0.13 1.00 0.18 0.31 1.00 0.02 0.04 1.00 0.87 0.93 1.00 0.01 0.02 1.00 0.23 0.37
llama3.1:8b-instruct 0.57 0.61 0.59 0.45 0.39 0.42 0.71 0.49 0.58 0.67 0.84 0.75 0.31 0.20 0.24 0.54 0.51 0.52
llama3:8b-instruct 0.60 0.38 0.47 0.30 0.33 0.31 0.45 0.09 0.15 0.57 0.92 0.70 0.10 0.04 0.05 0.40 0.35 0.38

deepseek-r1:32b-qwen-distill 0.99 0.80 0.88 1.00 0.04 0.08 1.00 0.27 0.42 1.00 0.66 0.80 1.00 0.11 0.20 1.00 0.38 0.55
deepseek-r1:7b-qwen-distill 0.47 0.48 0.47 0.26 0.09 0.14 0.39 0.40 0.39 0.42 0.22 0.29 0.22 0.05 0.08 0.35 0.25 0.29
deepseek-r1:70b-llama-distill 0.77 0.39 0.52 1.00 0.04 0.08 0.48 0.21 0.29 0.76 0.79 0.78 0.57 0.08 0.14 0.72 0.30 0.42
deepseek-r1:8b-llama-distill 0.53 0.32 0.40 0.26 0.08 0.12 0.00 0.00 0.00 0.54 0.16 0.25 0.25 0.02 0.04 0.32 0.12 0.17

mixtral:8x22b-instruct 0.97 0.40 0.57 0.00 0.00 0.00 1.00 0.04 0.08 0.88 0.23 0.37 0.7 0.17 0.27 0.71 0.17 0.27
mixtral:8x7b-instruct-v0.1 0.92 0.17 0.28 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.02 0.03 0.00 0.00 0.00 0.38 0.04 0.07
mistral:7b-instruct-v0.3 0.83 0.13 0.23 0.33 0.04 0.07 0.00 0.00 0.00 0.40 0.05 0.08 0.33 0.02 0.04 0.38 0.05 0.09
mistral:7b-instruct-v0.2 1.00 0.01 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.20 0.00 0.00

questions in which the selected answer is one of the distractors.
Something similar occurs with Difficulty, in which the LLM is sen-
sitive enough to determine that questions for the secondary school
are not adequate for grade 1, and vice versa, questions for primary
are not adequate for grade 12. Although promising, these are edge
cases, and we plan to study our validators’ performance on more
subtle metamorphic transformations (e.g., by increasing/decreasing
the target grade by one or two years).

In the case of the Scope, Background, and Workload properties,
we observe that the recall is not that high, for which many issues
affecting these properties were not detected. As discussed with our
industrial partner, we believe that we can improve the performance
of our validators in this respect by providing better context regard-
ing the students’ metadata (e.g., country, education system, etc.) and
curriculum according to a given level. While the ScienceQA dataset
does not provide more information than the students grade, we are
planning to reproduce same experimentation on calibrated data
our industrial partner will provide us in the near future. Another
possibility we are considering is to include information regarding
the expected curriculum for particular levels, such as the standard
TIMSS [4], that can improve LLMs’ predictions.

Injected Issues Improved the Prompts. In our initial experimenta-
tion, we evaluated our validators only on the ScienceQA dataset,
where very few false positives were triggered. This encouraged us
to artificially introduce quality issues in the questions, by apply-
ing metamorphic transformations, to assess the robustness of our
validators. Surprisingly, we observed that our initial versions of
the prompts were not effective at all to detect the issues related to
Scope, Background and Workload.The main strategy that help us
to improve the performance of our prompts was to use exactly the
same keywords, in particular “Student Grade Level”, in both the
properties definition and the given students characteristics. This
helped the LLMs to better semantically link the quality properties
and the students’ level, significantly reducing the number of false
negatives. In the future, we plan to design more property-specific
metamorphic transformations to test and improve their robustness.

Advanced Prompting. Wealso seek to explore sophisticate prompt
engineering techniques to potentially improve our validators’ per-
formance.We plan to study Few-Shot andChain-of-Thought Prompt-
ing [28], and Retrieval-Augmented Generation [21], that have been
shown to be effective in improving related LLM-based tasks.

LLMs Complementarity. We have observed that LLMs detect
different issues in the same questions. Hence, we wonder whether
we can combine multiple LLMs in such a way that we can reduce
mainly the false negative rate, i.e., if we can detect most of the
quality issues injected. Of course, addingmore LLMs comes at a cost,
so we plan to study what are the most cost-effective combinations.

Generalization to Other Types of Questions. Our quality criteria
are general enough that also apply to other kinds of test assessment
items different from multiple-choice questions, such as fill-in-the-
blanks, true-false questions, etc.We plan to extend our experimental
evaluation in this regard in the short term.

Adaptation to Multimodal Contexts. Educational tests can also
include images, audio or video, to provide additional sources of
information to the students. In collaboration with our industrial
partner, we are currently defining relevant quality criteria for mul-
timodal educational questions. While some quality properties are
specifically related to the image/audio/video source, others focus
on the consistency between the image/audio/video and the textual
part. Our validators in this case will need to integrate multimodal
LLMs, such as Gemini and GPT-4V, to analyze these multimodal
quality criteria. To test and improve them, we plan to design spe-
cific metamorphic transformations to the multimodal setting, by
mutating not only the text, but also the images/audio/video.

Discrimination in K-12 Contexts. We acknowledge the limita-
tions of LLMs in K–12 contexts, including hallucinations, opaque
decision-making, and embedded social biases. These risks are par-
ticularly critical since education is a high-risk domain as per the EU
AI Act. We underscore the importance of providing means to assess
and mitigate fairness issues [25] in LLM-based tools for education.
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7 CONCLUSION
This work discussed the relevant quality properties of educational
items, grounded in the literature and validated by our industrial part-
ner, and proposed LLM-based validators to automate their checking.
We empirically evaluated their robustness and integrated 17 state-
of-the-art LLMs from four different families, including commercial
and open-source models. We observed that, most recent and larger
versions of Llama, DeepSeek and GPT models triggered almost
no false positives, and identified most of the (artificially injected)
quality issues. Overall, models that yielded best results across qual-
ity criteria are the most reliable and, notably, open-source models
demonstrated competitive performance, which indicates their suit-
ability for adoption in education. Moreover, we observed that their
performance degrades on their smaller/older variants, and Mistral
AI models showed a poor performance, not suitable for this task.
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