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Abstract The course project report (CPR) is a crucial
component for assessing students’ learning outcomes
from courses they are studying. It assesses practical skills,
academic writing, and logical thinking. In recent times,
researchers have increasingly leveraged large language
models (LLMs) to promote automated essay scoring
(AES) in the education intelligence field due to its strong
generalization and reasoning abilities. However, the
existing LLM-based AES method design is based solely
on writing proficiency and inevitably ignores the impor-
tance of assessment of cognitive engagement and practi-
cal competencies in CPRs. Additionally, CPR writing is a
reflective process that includes knowledge-inquiry and
cognition through critical thinking (CT), which have
rarely been explored in the design of prompts for specific
LLMs. To tackle this issue, we propose a novel, guided
generative Al (GenAl) prompting framework for auto-
mated CPR assessment. It is created by integrating the
Paul-Elder critical thinking concept into prompt design
to enhance domain-specific knowledge transfer and the
analytical capabilities of GenAI LLMs. Rather than
focusing solely on language structure or writing skills,
our approach emphasizes critical thinking evaluation
using the Paul-Elder CT framework. Specifically, our
framework—PEG-Prompt—evaluates CPR across six
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dimensions—structure, logic, coherence, originality,
citation, and knowledge proficiency—to evaluate CPRs
comprehensively from the aspects of practical competen-
cies, analytical reasoning, and writing skills. To further
enhance the CPR assessment performance of PEG-
Prompt, we combine PEG-Prompt with extracted key
content from reports and representative examples of
few-shot scoring. Experimental results demonstrate that
PEG-Prompt significantly improves the correlation
between LLM-generated scores and human scores. The
enhanced framework may enable students to receive
helpful feedback and summaries of their CPR results
through GenAlI once it has been calibrated with human
evaluators.

Keywords course project report assessment, Paul-Elder
critical thinking concept, large language models, educa-
tion intelligence

1 Introduction

The use of AI has become increasingly prevalent in
various fields, including education intelligence (EI)
(Chen et al., 2024; Dong et al., 2025; Wen et al., 2024).
An emerging research topic, EI aims to employ Al tech-
niques to understand the inherent characteristics of
education to better assess and improve students’ learn-
ing and teachers’ efficacy (Liu et al., 2025). The field
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addresses multiple dimensions of education: home-
work, course project reports (CPRs), course learning,
classroom instruction, and academic discussions. CPR
stands out as a particularly vital intermediate compo-
nent in higher education; it bridges the gap between
learning and teaching through continuous feedback and
interactions. In the Chinese higher education context, a
CPR generally refers to a written report that documents
the process, outcomes, and reflections related to a
course-related project. It integrates practical implemen-
tation with academic writing, serving as both an evalua-
tion of students’ mastery of course knowledge and as a
training exercise for research and communication sKkills.
These written course reports encompass various
competencies—from course content comprehension
and academic writing standards to practical skills, inno-
vation, and logical reasoning (Friesen & Scott, 2013;
Lee, 2014; Pedaste et al., 2015; Zhang et al., 2021). It is
well-acknowledged that CPR plays an essential role in
evaluating students’ learning outcomes, which not only
reflect students’ proficiency in learning the course
content but also reveal their academic writing skills and
logical thinking abilities. Teachers often provide corre-
sponding scores and comments on the CPRs, which is
time-consuming, labor-intensive, and subjective.
Students then reflect on and address their weaknesses
according to the teacher’s feedback, thereby improving
their mastery of course-related knowledge as well as
enhancing their academic writing and logical thinking
skills. Current CPR-related studies have predominantly
examined implementation practices and their quantifi-
able results through conventional evaluation
approaches—questionnaires, feedback analysis, and
performance metrics (Justice et al., 2007; Mieg, 2019;
Nabhan, 2017; Waked et al., 2024). However, these
investigations have failed to address something funda-
mental: the intrinsic quality of CPRs assessment. This
becomes particularly significant given that no prior
research has explored assessment of CPRs from the EI
perspective.

Recently, there has been promising progress
with using large language models (LLMs) in automated
essay scoring (AES) due to their robust reasoning and
content generation capabilities. For example,
researchers have used ChatGPT to analyze students’
essays, demonstrating the potential of using LLMs in
AES (Liu et al., 2024b; Mizumoto & Eguchi, 2023; Sun
et al., 2025). Han et al. (2023) developed the RECIPE
platform, which integrates ChatGPT to assess foreign
language learners’” writing; it received positive feedback
from most students. Yancey et al. (2023) used various
prompt engineering strategies to score short L2 essays
on the common European framework of reference
scale, showing the potential of this approach in enhanc-
ing LLM performance on downstream tasks. Stahl
et al. (2024) also investigated the effects of different

prompting strategies on automated essay scoring and
feedback generation. Although these LLM-based AES
methods have achieved good results, employing them in
CPR assessment has not been explored previously.

It is worth noting that writing a CPR is a reflec-
tive process that includes knowledge inquiry and cogni-
tion stages, which can be viewed as another form of
critical thinking (CT). This is mainly because CT
involves reasoned analysis of information, systematic
evaluation of arguments, and formulation of well-
substantiated judgments (Ennis, 1993; Facione, 1990;
Halpern, 2013). Moreover, the Paul-Elder CT frame-
work deconstructs the classical CT into tripartite inter-
active components: intellectual standards, elements of
reasoning, and intellectual traits. They work together as
follows: intellectual standards are applied to elements of
reasoning, thereby fostering the development of intel-
lectual traits, which collectively contribute to the
growth of higher-order thinking (Paul & Elder, 2019).
Drawing on this framework, we propose integrating
Paul-Elder CT into prompt design to better evaluate
students’ cognitive engagement in automated CPR
assessment. This integration enables LLMs to extract
specific domain knowledge and reasoning abilities,
facilitating more automated—yet precise—CPR assess-
ment.

Motivated by the above systematic analysis, we
propose a novel Paul-Elder CT-guided prompting
framework—PEG-Prompt—based on Paul-Elder CT
and writing proficiency, which aims to efficiently lever-
age the domain-specific knowledge and reasoning abil-
ity of LLMs for automated CPR assessment. Specifically,
this paper presents the design of the PEG-Prompt based
on six different dimensions that draw on the Paul-Elder
CT concept—these dimensions are structure, logic,
coherence, originality, citation, and knowledge profi-
ciency. Furthermore, we extract key content from
reports and select representative example of few-shot
scoring, which are combined with PEG-Prompt to
boost LLMs’ CPR assessment performance. Figure 1
compares how inputting a base prompt into an LLM
compares with putting a PEG-Prompt into an LLM to
assess CPRs. It can be observed that with the guidance
of the base prompt, LLMs only output the general score
of a CPR. With the guidance of our PEG-Prompt, LLMs
not only output the overall score of a CPR but also
generate a detailed assessment of a CPR from six
dimensions. This comprehensive evaluation can assist
teachers in conducting effective and efficient CPR
assessments while enabling students to identify their
shortcomings and pathways for improvement.

The main contributions of this paper are
summarized as follows:

1) Inspired by the close link between the
process of writing CPRs and CT, this paper is the first
to propose the novel PEG-Prompt to guide LLMs to
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Please evaluate the following CPR: {text}

8/10, nice work! @

w4

Please evaluate the following CPR based on the

criteria: {six-dimensional criteria}, {text}

& Final score: 6.7, could improve.

Structure: 8/10, nice work!
Logic: 7/10, could improve.
Coherence: 7/10, could improve.
Originality: 6/10, could improve.
Citation: 3/10, below standard.
Proficiency: 8/10, nice work!

A
(Y ) Base prompt
" Paul-Elder
(Y ) critical thinking-
guided prompt

000000 ©

Figure 1 Comparison between assessment of a CPR using a base prompt and using PEG-Prompt. Upper: Using base prompts
in an LLM exhibits a limitation—they assess CPR solely from the perspective of writing proficiency, thereby constraining evalu-
ation accuracy; lower: In contrast, our proposed PEG-Prompt framework incorporates critical thinking, guiding the LLM in
generating comprehensive assessments across six distinct dimensions. CPR: course project report, LLM: large language model.

produce a comprehensive CPR assessment by incorpo-
rating the Paul-Elder CT concept into prompt design.

2) We further integrate key report content and
representative few-shot scoring examples into PEG-
Prompt to enhance the performance of LLMs in assess-
ing CPRs.

3) We construct a CPR data set—PEG-
CPR—to advance the development of the CPR assess-
ment field. Experimental results demonstrate that our
method enhances the performance of state-of-the-art
(SOTA) LLMs, aligning with our expectations.

2

Related Work

2.1| Automated Essay Scoring

Automated essay scoring has been extensively studied
as a natural language processing (NLP) task that aims to
assign holistic scores to student essays based on prede-
fined scoring criteria (Li & Ng, 2024; Ramesh &
Sanampudi, 2022). Traditional AES, e.g., project essay
grade (PEG) and electronic essay rater (E-rater) relied
heavily on heuristic but rule-based methods (Attali &
Burstein, 2006; Page, 1967) with extensive manual
feature engineering. However, these methods are time-
consuming and only allow subjective grading. With the
advent of Al, researchers have heavily promoted the
development of automated AES. For instance, while Ke
et al. (2019) still employed manual feature extraction,
they advanced the field by applying a support vector

machine (SVM) to systematically calculate essay scores
based on higher-level semantic features such as argu-
ment strength, specificity, and clarity. Cader (2020)
combined data augmentation techniques with deep
neural networks to improve AES performance. More
recently, researchers have used LLMs to perform AES.
Mizumoto and Eguchi (2023) demonstrated that LLMs
are capable of performing holistic essay scoring by
leveraging their extensive linguistic knowledge and
commonsense reasoning abilities guided by complex
prompt instructions. Subsequently, Mansour et al.
(2024) investigated how prompt engineering impacts
AES performance, revealing that while LLMs underper-
form in comparison to SOTA methods in scoring accu-
racy, they show promise in generating constructive
feedback to support improvement of students’ writing
improvement. Xiao et al. (2024) systematically explored
prompt engineering strategies for AES, revealing that
carefully tailored prompts significantly boost the scor-
ing performance and feedback quality of GPT models,
further supporting human evaluators in educational
contexts. Unfortunately, these methods primarily focus
on writing skill evaluation, which has limitations in that
it does not investigate the underlying thinking and
insights of students in writing their CPRs.

2.2| Course Project Report
Assessment

Course project report refers to a report that integrates
practical processes with written expression to present
research findings and reflections (Justice et al., 2007).
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Mieg (2019) conducted a comprehensive investigation
into the integration of research activities into under-
graduate curricula in German higher education; it
encompassed pedagogical approaches, disciplinary case
studies, and assessment methods. Nabhan (2017)
explored the integration of a student-centered inquiry
approach and blogging as part of writing instruction,
finding through questionnaires and interviews that
students held a positive attitude toward this learning
method. Waked et al. (2024) have shown that CPRs can
improve academic performance and student engage-
ment. Current studies have explored the implementa-
tion of CPRs in classroom instruction and have
analyzed effectiveness through student feedback or
academic performance improvement. However, these
studies predominantly focus on pedagogical design and
learning outcomes assessment. Our extensive survey
found that existing studies have not employed LLMs to
assess the quality of CPRs from the EI perspective.

2.3| Critical Thinking

Critical thinking, as defined by Facione (1990), encom-
passes the abilities of interpretation, analysis, evalua-
tion, inference, explanation, and self-regulation. Ennis
(1993) describes CT as reasonable reflective thinking
that focuses on deciding what to believe or do and high-
lights dispositional elements along with cognitive skills.
Halpern (2013) conceptualizes CT as thinking that is
purposeful, reasoned, and goal-directed. Notably, Paul
and Elder’s (2019) theoretical framework presents a
comprehensive model comprising three fundamental
components—intellectual ~ standards, elements of
reasoning, and intellectual traits—which, collectively,
serve to cultivate and enhance higher-order thinking
competencies. More closely related to our
work—considering that CPR assessment necessitates
the evaluation of reasoning processes—the Paul-Elder
CT framework provides an essential methodological
framework for CPR evaluation. Therefore, this paper
integrates the Paul-Elder CT concept into LLM prompt
design to enhance the domain-specific knowledge
transfer and analytical capabilities of LLMs in CPR
assessment.

3 Methodology

This section begins with a definition of automated CPR
assessment, followed by a detailed introduction to our
PEG-Prompt. Additionally, we introduce prompt engi-
neering optimization through extracting key content
from reports and providing examples of few-shot scor-
ing.

3.1 Task Definition

As introduced previously, the main goal of this research
is to develop an efficient prompt to allow LLMs to
produce an objective yet comprehensive CPR assess-
ment from various viewpoints. Formally, we construct a
function F that maps a CPR R, to a multidimensional
assessment E ;:

F(chr) =Ew =S R, 0, ¢, (1)

where S=1,1i,...,i¢ denotes the scores across six
dimensions, R=r1,1,,...,1s represents corresponding
rationales, o represents the weighted overall score, and
¢ provides comprehensive improvement suggestions.

3.2| Paul-Elder Critical Thinking
Guided Prompting

As previously noted, CPR writing involves both engag-
ing in academic writing and showing that one can think
logically. However, existing studies have not suffi-
ciently integrated CT traits into the design of evalua-
tion criterion. Drawing on the Paul-Elder CT concept,
we have developed the Paul-Elder critical thinking
guided prompting (PEG-Prompt) framework, which
enables LLMs to assess CPRs by jointly considering
writing proficiency and CT abilities. As illustrated in
Figure 2, the Paul-Elder CT concept breaks down CT as
a cognitive process comprising intellectual standards,
elements of thought, and intellectual traits. Specifically,
intellectual standards serve as a criterion for assessing
quality of thinking, such as clarity, accuracy, and logic.
Elements of thought represent the fundamental build-
ing blocks of reasoning, encompassing purpose, infer-
ence, questions, and so on. The core mechanism of the
Paul-Elder CT concept is employing intellectual stan-
dards to evaluate elements of thought for developing
intellectual traits—the dispositions and attitudes mani-
fested as a person’s thinking processes, such as intellec-
tual integrity, intellectual perseverance, and confidence
in reason. Similarly, the CPR writing process involves
the expression and presentation of elements of thought.
Therefore, drawing on the evaluative principles of intel-
lectual standards, we summarize three core dimensions
for assessing CT levels in CPR writing: originality, logic,
and knowledge proficiency. Additionally, in considera-
tion of the academic standards of CPRs, students’ writ-
ing competence and academic writing conventions are
also integrated into the evaluation framework. Conse-
quently, coherence of language, report structure, and
citation compliance are also adopted in our assessment
criteria.

In light of the above analysis, we propose six
novel evaluation criteria to embed into the design of
PEG-Prompt, as shown in Figure 3. Specifically, origi-
nality examines students’ unique insights or novel
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solutions based on existing technologies; logic evalu-
ates whether the CPR demonstrates coherent reasoning
in terms of problem analysis and solution selection; and
knowledge proficiency measures the depth of students’
theoretical understanding and practical applications of
the knowledge. These three dimensions are designed to
assess CT abilities; that is, students’ higher-order cogni-
tive skills as demonstrated in the CPR. Meanwhile,
coherence examines the accuracy of terminology used

and fluency of expression; structure evaluates whether
the CPR is organized clearly; and citation assesses
whether the students have correctly cited relevant theo-
ries and technical literature to ensure academic rigor.
These three dimensions constitute the core of tradi-
tional writing assessment. By integrating CT dimen-
sions with traditional writing assessment metrics, the
evaluation comprehensively analyzes both logical think-
ing and academic expression in CPRs.

Paul-Elder critical thinking concept

Intellectual standards

£ . . Be applied to
OE Clarity, accuracy, logicalness,

% breadth, completeness, depth, ...

Elements of thought

points of view, assumptions, ...

g}.Purposes, inferences, questions,
) 1

———— Intellectual traits

Intellectual integrity, intellectual perseverance,
confidence in reason, fairmindedness, ...

Guide

& designing

Foster

LLM-based CPRs assessment

PEG-Prompt

As a teacher of an Al course, you are required to evaluate
students’ course project reports. Please assess based on
the following criteria: {criteria}.

Finally, present the scoring and feedback using the

following template: {template}.

Here is the summary of the report to help your
understanding before evaluation: {summary}. For
reference, these are scoring examples: {essay, scoring}.

- 5

LLM methods

Persona task template
Prompt engineering optimization (optional)

Originality

+(7/10) Offers some novel insights, but
heavily relies on existing frameworks

+(8/10) Language is fluent and precise,
‘with minor inconsistencies in tone

m o 7
To guide @ To generate +(7.5/10) Arguments are mostly clear, 3.0
&

*(8.5/10) Well-organized with clear
sections, but transition could be
smoother

though some claims lack sufficient
evidence
Knowledge
proficiency
« (9/10) Displays a firm grasp of the
course material

+(9/10) Citations are comprehensive and

adhere to academic standards
Revision suggestions

« Strengthen claims with data/cases/scholarly sources

+ Enhance originality through deeper independent analysiy

Figure 2 General framework of PEG-Prompt—which is inspired by the Paul-Elder critical thinking framework—incorporates
six dimensions. This framework guides LLMs in evaluating CPR with respect to practical competencies, analytical reasoning,
and writing skills while generating targeted feedback. This feedback facilitates students’ ability to reflect on their results and
improve in their weaker areas, thereby contributing to the cultivation of higher-order intellectual traits.

« Unique insights and innovation
« Novel viewpoints or methods
« Independent perspectives

« Clear argumentation process
« Progressive development of ideas
 Appropriate supporting evidence

Logic
20%

« Mastery of course knowledge oy
« Effective analysis of practical problems

Assessment
criteria

« Fluent language expression
« Reasonable sentence structure
* Accurate word choice

¥

« Appropriate selection of references
« Correct citation format

» Complete and rigorous organization

« Clear sections (introduction, methods, results,
discussion, conclusion)

Figure 3 Six-dimensional evaluation criteria are introduced in the PEG-Prompt, which is informed by the Paul-Elder critical
thinking concept and writing proficiency. The aim is to assess the quality of CPRs comprehensively and objectively.
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As shown in Figure 2, building upon Paul-Elder
CT concept-inspired assessment criteria, we have
designed our PEG-Prompt following established
prompt design paradigms (Amatriain, 2024; Cao et al.,
2025). The prompt design incorporates persona-setting
(White et al., 2023), which positions the LLM as a
university teacher in an AI course; the aim is to implic-
itly guide the LLM to focus on domain-specific knowl-
edge while employing professional and pedagogical
language. Then, the prompt presents task instructions
that require the LLM to evaluate the CPR across six
dimensions, assigning a score from 0 to 10 for each and
providing corresponding rationales. Finally, predefined
templates guide the model in generating structured
outputs. Our PEG-Prompt guides the LLM to generate
accurate and formatted feedback, including the overall
score, the scores and justifications for each of the six
dimensions, and general suggestions for revision.
Through comprehensive assessment feedback, students
can reflect on their deficiencies and implement targeted
improvements, thereby enhancing their writing profi-
ciency while fostering the growth of intellectual traits
essential for CT. Though the feedback can support
formative learning by guiding revisions and self-
reflection, it may also be adapted for summative assess-
ment when integrated into a formal course evaluation.

3.3| Prompt Engineering
Optimization

To enhance the CPR assessment performance of our
PEG-Prompt, we introduced two prompt engineering
optimization strategies: 1) extraction of key content
from reports for providing informative report content
to PEG-Prompt with the help of text-summarization
techniques; 2) curation of few-shot scoring examples
for establishing standard CPR assessment patterns in
the PEG-Prompt by carefully curating representative
few-shot scoring examples.

3.3.1 Extraction of Key Content From Reports

Extracting key content from reports is helpful in
improving the CPR assessment performance of PEG-
Prompt with LLMs. Therefore, to extract key content

from a CPR, we constructed a multi-stage process with
text summarization techniques, as illustrated in
Figure 4.

First, we perform text chunking to split the CPR
into overlapping segments, ensuring semantic continu-
ity across adjacent chunks.

Second, each chunk is encoded into a high-
dimensional vector with a pre-trained embedding

model fonpea. Taking a set of chunked texts
{c1, ¢z ..., cn}, we compute their corresponding embed-
dings as:

V; :fembed(cl‘), Vie [1, T’l], (2)
These vectors are stored in a vector database v to
support similarity-based retrieval.

Third, when an extraction query is initiated,
maximum marginal relevance (MMR) is applied to
retrieve top-k relevant yet diverse text segments. MMR
balances relevance and diversity by iteratively selecting
the next chunk ¢* that maximizes MMR objective func-
tion, defined as:

¢ = arg max |1-sim (q,v;) — (1=1) - maxsim (v, v;) |,
(3)

where C is the candidate set, S is the current set of
selected chunks, q is the query vector, and A € [0, 1]
controls the trade-off between relevance and diversity.

Finally, the retrieved segments are synthesized
into concise, extracted key report content that captures
the core information about the CPR. Then, the
extracted content is subsequently integrated, as a struc-
tured component, into the PEG-Prompt, facilitating
more context-aware and criteria-aligned assessment
with LLMs.

3.3.2 Curation of Few-Shot Scoring Examples

Few-shot prompting is a widely used technique to
improve the general performance of LLMs working on
specific tasks. It involves inserting a few representative
examples into the prompt. Motivated by the success of
curated example selection in few-shot prompting
design, we carefully selected representative CPR scor-
ing examples. These examples were integrated into

Text chunking |

Text ~m

Reports are first segmented
\_  into smaller text chunks
- 4

Course project
report

Database generation

Chunks are encoded into vectors
\a\nd stored in a vector databasy“

Vector retrieval

s

Extracted key

Top-k relevant vectors are report content

‘Qetrieved to extract key conterp’

Figure4 Multi-stage process to extract key content from a CPR.
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PEG-Prompt to enhance assessment performance by
providing LLMs with specific scoring and reasoning
processes. Note that these representative scoring exam-
ples encompassed multidimensional ratings with
detailed justifications, comprehensive overall scores,
and revision suggestions in an instructional format. The
structured design allowed us to fine-tune inputs for our
PEG-Prompt; this enables LLMs to produce accurate
and high-quality CPR assessment outputs that better
align with assessment by human teachers.

4

Experiments

4.1| Dataset

This study introduces the PEG-CPR dataset, compris-
ing CPRs collected from the Introduction to Artificial
Intelligence course at the Southern University of
Science and Technology during the 2022-2023
academic year. Dataset collection was conducted in
accordance with institutional ethical guidelines for
educational research. Due to the retrospective design
and fully anonymized processing—where all personally
identifiable information, including names, student IDs,
and email addresses was removed—the university’s
academic ethics committee granted an exemption from
individual consent requirements. The course attracted
students from diverse academic backgrounds, includ-
ing computer science, medicine, finance, and other
disciplines, reflecting the interdisciplinary nature of Al
applications. The PEG-CPR dataset comprises 110
high-quality CPRs filtered from an initial 117 submis-
sions. Reports exhibiting severe formatting issues or
that had insufficient content were excluded from the
data set to ensure reliability of evaluation. Project topics
were derived from real-world AI application scenarios,
such as the development of intelligent cataract screen-
ing systems and Al-powered Go games, allowing
students to explore practical implementations of Al
technologies across various domains. Students were
allowed to write their project reports in either Chinese
or English, based on their preference and expertise.
Each report was assessed by experienced course
instructors using the six-dimensional assessment
framework—they assessed for structure, logic, coher-
ence, originality, citation, and knowledge proficiency.
To ensure methodological rigor, all reports were inde-
pendently scored by two instructors. Each instructor
was responsible for approximately half of the total
reports, and a subset of 20 reports was double-scored to
check consistency. Inter-rater reliability was measured
using Cohen’s kappa, which yielded a coefficient of
0.82, indicating strong agreement. Any discrepancies in
the double-scored subset were resolved through discus-
sion. This procedure ensured both the reliability and

validity of the human evaluation process. The evalua-
tions were conducted in Chinese to maintain consis-
tency and standardization across all assessments. A
final, holistic score was computed for each report as a
weighted aggregate across the dimension-level scores.
As shown in Figure 5, the overall CPR score distribu-
tion approximates a normal distribution, with most
scores falling within the range of 7.6-9.0. This concen-
tration around the middle range aligns well with typical
student performance patterns, where the majority
demonstrate intermediate-level competencies. More-
over, the distribution demonstrates clear differentia-
tion across the scoring spectrum, showing a smooth
gradient from lower to higher performance levels with-
out clustering at extreme values, which further confirms
the discriminative power of our assessment framework.
This balanced distribution pattern indicates that the
evaluation criteria effectively capture performance vari-
ations while maintaining scoring rationality. Detailed
statistics related to the PEG-CPR are presented in
Table 1.

05 N

e ot <
() w IS

Probability density

o

e
o

6 7 8 9 10
Overall score

Figure 5 Histogram of overall CPR assessment scores.
The distribution follows an approximately normal curve.

Table 1 Mean scores across six dimensions and overall score in
the PEG-CPR dataset

Dimension Mean score
Structure 8.44
Logic 8.25
Coherence 8.23
Originality 8.20
Citation 7.49
Knowledge proficiency 891
Overall 8.26

4.2| Evaluation Metrics

The performance of the proposed method was evalu-
ated using three commonly used metrics: arithmetic
mean (Mean), mean absolute error (MAE), and mean
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squared error (MSE). Specifically, mean captures the
central tendency of the scores. MAE measures the aver-
age absolute deviation between predicted scores and
human-assigned scores. MSE further emphasizes larger
discrepancies by squaring the errors, providing a more
sensitive evaluation of scoring consistency. These
metrics are defined as follows.

1
M - i 4
ean N;X ( )
1 N
MAE = — ) |x; —%il, (5)
NS
MSE = i(x %)’ (6)
= i—Xi) >
N

where N is the total number of evaluated reports and x;
and X; denote the predicted and human-assigned scores
for the i-th report, respectively. All metrics—mean,
MAE, and MSE—were computed for the overall score
to comprehensively evaluate model performance. For
the six individual assessment dimensions, we reported
the mean scores and examined their closeness to human
teacher scores. In this study, better performance is
defined as closer alignment between LLM-predicted
and human teacher scores, which is quantitatively
reflected in lower MAE and MSE for the overall score
and qualitatively supported by dimension-level consis-
tency and report-level improvements. This definition
provides the basis for the subsequent performance
comparisons reported in Section 5.

4.3| Baselines
To evaluate the effectiveness of the proposed PEG-
Prompt, we conducted comparative experiments using
four representative LLMs, all of which are proprietary,
closed-source systems accessed via official APIs. The
selected LLMs were:

1) ERNIE Speed (Sun et al., 2021): Developed
by Baidu, this is a multilingual LLM with strong capa-
bilities in Chinese-language understanding and long-
context processing. It is designed for efficient perfor-
mance in general-purpose, open-domain applications
rather than specialized or domain-specific tasks. For
simplicity, we refer to it as ERNIE Bot throughout this
paper.

2) DeepSeek-V3 (Liu et al., 2024a): A Chinese
high-performance mixture of experts model. Although
it is optimized for general-domain tasks, its advanced
capabilities in reasoning, content organization, and
factual consistency enable it to generate more reliable
and coherent responses in complex scenarios such as
automated CPR assessment. We refer to this model as
DeepSeek through the rest of this paper.

3) Gemini 1.5 Flash (Gemini Team, Google,
2024): Google’s multi-modal foundation model; it
excels at understanding text, image, and code. It
exhibits robust linguistic comprehension and logical
inference capabilities, making it particularly suitable for
structured evaluation scenarios. Throughout this paper,
we call this model Gemini.

4) Llama Guard 3 8B (Grattafiori et al., 2024):
An LLM developed by Meta, designed with an empha-
sis on parameter efficiency and computational opti-
mization. While originally trained primarily on English
corpora, Llama exhibits strong transfer learning ability
and can adapt effectively to multilingual contexts
through fine-tuning. We use Llama as the abbreviated
reference for this model going forward.

4.4| Implementation Details

All experiments were conducted using proprietary
LLMs accessed via APIs. Specifically, the prompts and
reports were provided as text input to the API in the
same way as ordinary user queries, and the models
returned the corresponding outputs in JSON or text
format, which do not require any fine-tuning or
system-level modification. To ensure experimental
stability and reproducibility, the temperature parame-
ter was fixed at 0 across all experimental settings. For
the extraction of key content from reports, input texts
were segmented into 1000-character chunks with a 200-
character overlap to maintain contextual coherence.
Embeddings were generated using the all-mpnet-base-
v2 model and stored in a ChromaDB vector database.
Chunk retrieval was configured to return the top 8 rele-
vant segments from a candidate pool of 20, with the
trade-oft parameter A set to 0.6. The retrieved chunks
were subsequently passed to the generation model, with
temperature set to 0.3 and top-p sampling set to 0.9 to
balance generation diversity and output coherence.
These hyperparameters were adjusted via the API call,
thereby reducing output randomness and enhancing
reproducibility of the generation results. For the cura-
tion of few-shot scoring examples, the number of
report-score pairs used to construct the prompt was set
to 5. These examples were excluded from the evalua-
tion phase to eliminate any potential evaluation bias
resulting from example reuse.

For comparative analysis, we implemented a
base prompt that served as our baseline. The base
prompt followed a similar structure to PEG-Prompt in
that it set up the LLM as a university teacher in an Al
course, but it differed significantly in its task instruc-
tions. Specifically, the base prompt requested that the
LLM directly evaluate the input report and provide only
an overall holistic score without multidimensional
assessment or detailed rationales. Unlike PEG-Prompt’s
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six-dimensional framework previously defined in this
paper, the base prompt did not incorporate the Paul-
Elder critical thinking concept or require dimension-
specific evaluations. This design choice allowed us to
isolate the contribution of our proposed multidimen-
sional assessment framework and demonstrate how
PEG-Prompt enhances the capability of LLMs in
providing comprehensive CPR evaluation. For repro-
ducibility, the scoring rubrics adopted in this study
were clearly defined by the six assessment dimensions
and their criteria, as illustrated in Figure 3 and
described in detail in Subsection 3.2. They provided
explicit guidance on how both human instructors and
the LLMs evaluate the course project reports.

5

Results and Analysis

5.1| Effectiveness Validation
5.1.1 Effectiveness Analysis of PEG-Prompt

Table 2 presents a comprehensive comparison of vari-
ous LLM-based methods using both the base prompt
and the proposed PEG-Prompt approach. Results show
that PEG-Prompt consistently boosts LLM perfor-
mance compared to the base prompt across multiple
evaluation metrics. All models improved with PEG-
Prompt, with DeepSeek achieving an average overall
score of 8.13, closely aligning with the human teacher
evaluation of 8.26. Performance gains include reduced
error rates, with MAE decreasing from 0.73 to 0.57 and
MSE reducing from 1.31 to 0.73. Gemini delivered the
most significant improvement, narrowing the expert
score gap by 0.61 points and reducing MAE from 1.94
to 1.20 and MSE from 5.85 to 2.70. Low standard devia-
tions across PEG-Prompt results indicate high consis-
tency and reliability in scoring accuracy. These findings

collectively demonstrate that PEG-Prompt enhances
both scoring accuracy and prediction stability across
diverse model architectures.

Beyond overall score improvements, PEG-
Prompt’s most significant contribution is enabling
structured multidimensional assessments, as opposed to
the base prompt, which yield only holistic scores. As
shown in Table 2, PEG-Prompt provides assessments
across the six critical dimensions previously outlined in
this paper. These dimension-level evaluations highlight
the varying strengths of each model across our multidi-
mensional assessment criteria. For example, while
DeepSeek leads in most dimensions, Gemini performs
marginally better in citation.

5.1.2 Analysis of the Effectiveness of Prompt Engineering
Optimization

To evaluate the effectiveness of the prompt engineering
optimization, we designed three experimental configu-
rations: 1) “Key content”, incorporating algorithmically
extracted report summaries, as described in Subsection
3.3.1, to provide focused contextual guidance; 2) “Scor-
ing examples”, where we implement few-shot learn-
ing—here, the LLM learns from a small set of teacher-
annotated reports to assess remaining submissions, as
described in Subsection 3.3.2; and 3) “Both”, combin-
ing both strategies. Notably, few-shot examples are
excluded from the test set to ensure genuine generaliza-
tion rather than memorization. Table 3 evaluates the
impact of different prompt engineering optimization
strategies applied to LLM-based methods using PEG-
Prompt, focusing on ERNIE Bot and DeepSeek due to
their superior baseline performance, shown in Table 2.
All optimization strategies consistently improved
performance across both models. Integrating extracted
key content from reports (“Key content”) delivered
enhancements in evaluation accuracy for both ERNIE
Bot and DeepSeek, with notably reduced MAE and

Table 2 Performance comparison of LLM-based methods using the base prompt and the proposed PEG-Prompt

Overall score Mean score
Method
Mean MAE|] MSE| Structure Logic Coherence Originality Citation Knowledge proficiency

Human teacher 8.26 +0.72 - - 8.44 8.25 8.23 8.20 7.49 8.91
ERNIE Botggse 7.76 £ 0.87 0.85 1.05 - - - - - -
ERNIE Botpgg 7.70£0.93 0.68 1.01 8.15 7.76 7.64 7.37 8.03 8.03
DeepSeekpase 8.09+1.18 0.73 1.31 - - - - - -
DeepSeekpgg 8.13+0.90 0.57 0.73 8.52 8.07 7.82 8.03 7.89 8.65
Geminipgse 6.46 + 1.45 1.94 5.85 - - - - - -
Geminipgg 7.07 £ 1.06 1.20 2.70 7.69 6.65 6.92 5.55 7.81 7.18
Llamagyge 7.66 £ 1.11 0.91 1.72 - - - - - -
Llamapgg 7.84+0.93 0.70 0.90 8.02 7.80 7.75 7.24 831 7.86

Notes. Subscript denotes prompt types: “Base” for base prompt, “PEG” for PEG-Prompt. Human teacher evaluations are included for reference. The best results are in bold.
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Table 3 Performance comparison of LLM-based methods with PEG-Prompt using three different prompt engineering optimization

strategies
Method Optimization Overall score Mean score
strategy Mean MAE| MSE|  Structure Logic Coherence Originality Citation Knowledge proficiency
Human teacher - 8.26 £0.72 - - 8.44 8.25 8.23 8.20 7.49 8.91
ERNIE Botpgg - 7.70 £0.93 0.68 1.01 8.15 7.76 7.64 7.37 8.03 8.03
+ Key content 7.82+0.49 0.63 0.72 8.20 7.93 7.65 7.35 7.74 8.36
+ Scoring examples  8.41 + 0.89 0.67 0.76 8.60 8.50 8.32 8.66 8.00 8.74
+ Both 8.31 £ 0.60 0.46 0.29 8.60 8.39 8.36 8.11 7.99 8.72
DeepSeekpr - 813+0.90 057 0.73 8.52 8.07 7.82 8.03 7.89 8.65
+ Key content 8.18 £0.48 0.57 0.55 8.66 8.05 8.16 7.65 7.30 8.77
+ Scoring examples  8.59 + 0.67 0.51 0.37 8.81 8.57 8.43 8.44 8.44 8.79
+ Both 8.27 £0.62 0.41 0.23 8.51 8.31 8.31 8.00 7.28 8.83

Notes. “Key content” for incorporating extracted key content from reports, “Scoring examples” for providing examples of few-shot CPR scoring, and “Both” for combining
both strategies. Human teacher annotations are provided for reference. The best results are highlighted in bold.

MSE. This improvement highlights the effectiveness of
providing models with concise extracted contextual
information. Similarly, the curation of few-shot scoring
examples (“Scoring examples”) significantly improves
alignment with human-teacher assessments. Notably,
this strategy demonstrates that the PEG-enhanced
framework can achieve enhanced performance without
requiring teachers to grade every submission. The
effectiveness of this optimization strategy is particularly
evident in DeepSeek. When compared to the variant
that utilizes only the proposed PEG-Prompt, the MAE
decreases from 0.57 to 0.51, while the MSE is reduced
by 0.26, reaching 0.37. These results demonstrate the
value of few-shot scoring examples in clarifying evalua-
tion standards and supporting structured reasoning.
The combination of both strategies (“Both”) yielded the
most compelling results. Specifically, ERNIE Bot
achieved an overall score of 8.27, closely matching the
human teacher benchmark of 8.26, with an MAE of 0.41
and MSE of 0.23. DeepSeek demonstrated a similarly
strong performance, achieving an overall score of 8.31
with comparably low variance.

Multidimensional scores further validate the
effectiveness of prompt engineering optimization in
achieving human-like evaluation capabilities. As shown
in Table 3, the combined optimization strategy consis-
tently produces scores that closely align with human
teacher evaluations across all six dimensions. For
DeepSeek, the combined approach yields structure at
8.51 (vs. 8.44), logic at 8.31 (vs. 8.25), coherence at 8.31
(vs. 8.23), citation at 7.28 (vs. 7.49) and proficiency at
8.83 (vs. 8.91). ERNIE Bot also shows strong alignment,
particularly in originality (8.11 vs. 8.20). These consis-
tent improvements in both overall and dimension-level
performance highlight the effectiveness of prompt opti-
mization in enhancing alignment with expert evalua-
tions and enabling more fine-grained and reliable
assessments of CPR.

52| Visualization Analysis and
Statistical Significance Analysis

5.2.1 Visualization Analysis

To visually assess the effectiveness of the proposed
PEG-Prompt enhanced through prompt engineering
optimization, we measured the Euclidean distances
between the teacher’s evaluations and the LLM-
generated scores using both the base prompt and the
PEG-Prompt. The Euclidean distance quantifies the
overall scoring discrepancy between human raters and
the LLM on a given essay, with smaller values indicat-
ing higher agreement and thus better alignment with
human judgment. Figure 6 displays the Euclidean
distance histogram; kernel density estimation (KDE)
curves; and the corresponding cumulative distribution
function (CDF) curves, which are obtained by integrat-
ing the KDE curves.

A leftward shift in the histogram and a KDE
peak closer to the origin indicate an increased similar-
ity between the LLM-predicted scores and the human-
assigned ratings. Correspondingly, a steeper CDF curve
reflects a higher cumulative density in the lower
distance range, signifying closer alignment with human
evaluations. As illustrated in Figure 6(a), the histogram
of ERNIE Bot instructed by PEG-Prompt exhibits a
notable leftward shift compared to its base prompt
counterpart, indicating the superiority of PEG-Prompt.
Similarly, in Figure 6(b), DeepSeek with PEG-Prompt
achieves a KDE peak around 0.35, substantially lower
than the 0.6 observed with the base prompt. Further-
more, the CDF curves for PEG-Prompt-enhanced
models exhibit consistently steeper slopes, demonstrat-
ing that PEG-Prompt facilitates better alignment
between LLM outputs and human scores.
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5.2.2 Statistical Significance Analysis

To quantify the statistical significance of performance
improvements enabled by our PEG-Prompt after apply-
ing prompt engineering optimization, we conducted
independent two-sample t-tests comparing the score
distributions of LLMs using the optimized PEG-Prompt
(combining both key content extraction and few-shot
scoring examples) with those using the base prompt.
The null hypothesis assumes no significant difference
between the two distributions. The resulting ¢-statistics
and p-values are summarized in Table 4.

For ERNIE Bot, the PEG-Prompt variant

yielded a t-statistic of 6.6588 with a p-value of
1.1913x1077, which is well below the standard signifi-
cance threshold of 0.05. Similarly, the DeepSeek
comparison resulted in a t-statistic of 2.2995 and a p-
value of 0.0234, also indicating statistical significance.
These results decisively reject the null hypothesis at a
5% confidence level, confirming that PEG-Prompt
significantly improves the alignment between LLM-
generated scores and human evaluations.

53| Case Study

An in-depth comparative analysis of DeepSeek-V3’s

(a) ERNIE Bty (KDE) ERNIE Boty,.. (CDF)
1.75 ERNIE Boty with optimization (KDE) ERNIE Botyg with optimization (CDF)
ERNIE Boty,,.
ERNIE Boty; with optimization 1.0
1.50
z 125 0.8 2
- o
z L0 06 2
£ 0.75 E
= =
A~ 04 ©
0.50
0.2
0.25
0.00 0.0
0.0 0.5 1.0 2.0 25 3.0
Distance value
(b) DeepSeeky,,. (KDE) DeepSeeky,.. (CDF)
2.00 DeepSeek,y with optimization (KDE) DeepSeekpy with optimization (CDF)
DeepSeekp,.
175 DeepSeekyy with optimization 1.0
1.50
2 08 =
= R7)
5125 5
g )
£ 0.6 .=
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< =
S g
£ 075 04 O
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0.2
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Figure 6 Euclidean distance distributions between scores assigned by human teachers and predicted by LLMs using the base

prompt and PEG-Prompt. (a) ERNIE Bot; (b) DeepSeek.

Table 4 t-statistics and p-values for comparisons between PEG-Prompt and base prompt variants

Method t-statistic p-value
ERNIE Botpgg with optimization vs. ERNIE Botgase 6.6588 1.1913x107°
DeepSeekpgg with optimization vs. DeepSeekggse 2.2995 0.0234
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evaluations under different prompting strategies is
presented in Figure 7, based on the same student report.
The original Chinese text was translated into English
for clarity. Specifically, when employing the base
prompt, the model primarily focused on surface-level
writing features, resulting in limited assessment valid-
ity. Moreover, the outputs generated often deviated
from the expected response format, complicating
downstream interpretation and automated processing.
In contrast, with the PEG-Prompt, the model evaluated
both critical thinking and writing quality across the six

defined dimensions. This led to improved content rele-
vance and structure. However, certain scores and ratio-
nales still deviated from the teacher’s evaluation, and
the feedback remained insufficiently detailed. With
further enhancement through prompt engineering opti-
mization, both the scores and rationales more closely
aligned with those of the human evaluator. The
comments were precise and targeted, which can support
student reflection and help them identify deficiencies
for improvement, thereby promoting better learning
outcomes and skills development.

(a)
Final score: 8.8 (scale: 0—10)
1. Structure: 8.5 (weight 20%). 2. Logic: 8.5 (weight 20%). 3. Coherence: 9 (weight 20%).
4. Originality: 8.5 (weight 20%). 5. Citation: 9 (weight 10%). 6. Knowledge proficiency: 9 (weight 10%).

(b)
Final score: 6.6/10

©

Final score: 7.5 (scale: 0—10)

1. Structure: 8 (weight 20%). Rationale: The report demonstrates a clear structure, encompassing five well-defined sections. However, certain

sections contain redundant content.

2. Logic: 7 (weight 20%). Rationale: The overall logic is coherent, tracing the evolution of CNN applications. Nevertheless, the transitions

between sections show insufficient connectivity (e.g., Parts Il and IIl).

3. Coherence: 7 (weight 20%). Rationale: The language is generally fluent with accurate technical terminology, though some sentences are overly
verbose and require concision. While professional terms are correctly employed, certain expressions could be simplified for clarity.

4. Originality: 6 (weight 20%). Rationale: The report primarily synthesizes existing literature without proposing novel insights or critical analyses,

deeper analytical engagement is lacking.

5. Citation: 8 (weight 10%). Rationale: References are comprehensive and largely adhere to formatting guidelines. However, some citations

require rectification.

6. Knowledge proficiency: 7 (weight 10%). Rationale: The student exhibits a solid grasp of CNN fundamentals and their application.

However, cutting-edge developments warrant further exploration.

Revision suggestions: 1. Condense redundant sections in the report. 2. Ensure meticulous compliance with reference formatting. 3. Expand
discussions on challenges and future directions for CNNs in dermatological research to enhance critical depth.

Final score: 8.7 (scale: 0—10)

(d)

1. Structure: 9 (weight 20%). Rationale: The report demonstrates structural organization, systematically covering all essential components. Minor

improvements could be made in the transitional flow between sections.

2. Logic: 8.5 (weight 20%). Rationale: The content exhibits excellent logical progression. The section on algorithm could benefit from more

systematic organization of arguments.

Coherence: 8.5 (weight 20%). Rationale: Professional language usage is maintained throughout. Some technical descriptions could be more

accessible to interdisciplinary readers.

4. Originality: 9 (weight: 20%). Rationale: The review provides a thorough and systematic synthesis of cutting-edge CNN applications in
dermatological research, incorporating multiple innovative research findings.

5. Citation: 8 (weight 10%). Rationale: Citations generally adhere to formatting guidelines. Greater consistency in formatting foreign language

references is recommended.

6. Knowledge proficiency: 9 (weight 10%). Rationale: The work reflects profound understanding of both CNN theoretical frameworks and

medical image processing applications.

Revision suggestions: 1. Integrate transitional paragraphs between sections. 2. Standardize reference formatting, particularly for foreign
publications. 3. Consider including comparative analysis tables of research methodologies.

Figure 7 Visual comparison of DeepSeek-V3’s CPR assessment on the same student report, using different prompting strate-
gies, alongside human teacher evaluation. (a) Human teacher evaluation; (b) LLM output with base prompt; (c¢) LLM output
with PEG-Prompt; (d) LLM output with optimized PEG-Prompt (combined use of “Key content” and “Scoring examples”). Red
words show segments with substantial deviations from human evaluations in scores or rationales. Green words highlights those
with high consistency. CNN: convolutional neural network.
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6 Conclusions

In this paper, we proposed use of a novel PEG-Prompt
to enable objective and comprehensive assessment of
CPR using LLMs. The approach works across six key
dimensions, fully leveraging the Paul-Elder critical
thinking framework alongside writing proficiency
criteria and thereby capturing structural and linguistic
features as well as reasoning, originality, and knowl-
edge application. Additionally, we incorporated key
content from student reports and representative exam-
ples of few-shot scoring into the PEG-Prompt to further
boost CPR assessment performance. Extensive experi-
ments on the PEG-CPR dataset demonstrated that
PEG-Prompt enhances the alignment of LLM-
generated scores with human evaluations, validating its
effectiveness as a structured prompting strategy. Visual-
ization analysis and qualitative case studies further vali-
dated the effectiveness of the proposed method in
improving both the reliability and interpretability of
LLM-generated assessments. Beyond methodological
contributions, this work underscores the potential of
PEG-Prompt to provide both valuable feedback for
students and summative assessment in formal evalua-
tion settings once appropriately calibrated with human
markers.
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