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Abstract

This paper proposes a programming education 
evaluation method based on few-shot prompt learning 
for object-oriented programming education. The method 
consists of three core components: establishing multi-
dimensional evaluation criteria, designing a few-shot 
learning-based example code library, and developing 
intelligent evaluation prompt templates. Through a 16-
week controlled experiment conducted in a university 
computer science program, results demonstrate significant 
improvements in both learning outcomes and teaching 
efficiency: the experimental group showed a 9.2% to 
15.4% improvement in key metrics including final exam 
scores and code quality, while reducing grading time 
by 80% and shortening feedback time from 48 hours to 
0.5 hours. This research provides a new paradigm for 
educational evaluation in computer science education.

Keywords: Object-oriented programming design, Few-
shot learning, Teaching evaluation, Large language models

1  Introduction

With the rapid advancement of artificial intelligence, 
large language models (LLMs) demonstrate significant 
potential in the education sector [1-3]. Object-oriented 
programming, a cornerstone of computer science 
education, is inherently abstract and conceptually complex, 
posing considerable challenges for students. Traditional 
assessment methods often fail to address individual 
learning needs and provide timely, effective feedback or 
guidance. Given the rapid development of LLMs, their 
powerful natural language understanding and generation 
capabilities present an opportunity to enhance educational 
evaluation systems. Exploring how these models can be 
leveraged to improve teaching and assessment methods is 
a critical area of research [4-5].

Currently, the assessment of programming courses 
primarily relies on traditional metrics such as exam scores 
and assignment completion rates. However, this approach 

has clear limitations [5-6]. Firstly, these methods often 
focus solely on final outcomes, neglecting the development 
of critical thinking and skills during the learning process. 
Secondly, traditional evaluations fail to effectively capture 
students’ progress in developing programming-related 
thinking. Lastly, existing assessment frameworks have 
not yet fully leveraged the potential of LLMs in prompt-
based learning [7], and they lack systematic evaluation of 
students’ learning effectiveness when using prompts [8-10]. 
This challenge becomes even more pronounced in few-
shot prompt-based learning scenarios [11-13]. Designing 
a robust evaluation system that comprehensively assesses 
both the learning process and outcomes remains an urgent 
issue to address [14-15].

This study introduces an intelligent evaluation system 
for programming assignments, leveraging few-shot 
prompt learning [11-13]. The proposed system consists 
of three key components: 1. Comprehensive Evaluation 
Criteria: The system establishes evaluation standards 
covering multiple dimensions, including object-oriented 
feature application, code structure design, functionality 
implementation, and coding norms. 2. Few-Shot Learning 
Code Repository: A repository is developed containing 
exemplary code samples and evaluation guidelines to 
support the assessment process. 3. Adaptive Prompt 
Templates: Intelligent prompt templates are designed 
to quickly adapt to various programming assignment 
evaluation tasks with minimal examples. The system’s 
effectiveness was validated through practical teaching 
applications. It demonstrated high evaluation accuracy, 
significantly improved efficiency (faster than manual 
grading), and consistent evaluation results.

The structure of this paper is arranged as follows: 
Section 2 provides a review of the related work on 
programming education assessment and few-shot learning; 
Section 3 introduces the design methodology of the 
evaluation system in detail, including the construction of 
evaluation dimensions, the design of the example library, 
and the implementation of the evaluation process; Section 
4 validates the effectiveness of the evaluation system 
through experiments, and Section 5 analyzes and discusses 
the experimental results; finally, Section 6 summarizes the 
research findings and outlines future research directions.
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2  Related Work

2.1 Teaching Evaluation
Traditional teaching evaluation systems predominantly 

rely on standardized exams, student surveys, teacher self-
assessments, and expert reviews [16]. While these methods 
have played a significant role in educational practices, 
they exhibit inherent limitations such as subjectivity, 
delayed feedback, low efficiency, and difficulty in 
accommodating innovative teaching approaches. With 
advancements in educational technology, particularly 
the application of prompt engineering based on large 
language models in higher education, these traditional 
methods are increasingly inadequate for addressing the 
needs of modern teaching scenarios [17]. Emerging 
learning approaches demand evaluation systems capable 
of real-time assessment of learners’ prompt design skills, 
evaluation of their interactions with AI systems, analysis 
of cognitive development during the learning process, and 
adoption of new paradigms for teaching evaluation using 
large language models. Researchers are now exploring 
innovative methods to leverage large language models 
for teaching assessments. For instance, Yuan et al. [16] 
demonstrated that with appropriate fine-tuning and prompt 
engineering, large language models can serve as effective 
tools for course evaluation. Similarly, Cohn et al. [17] 
proposed a chain-of-thought prompting method to evaluate 
students’ formative assessment responses. This approach 
has shown promising results, particularly in assessing 
open-ended questions within the context of science 
education.

2.2 Object-Oriented Programming Teaching Method 
Based on Prompt Engineering 
The integration of LLMs into object-oriented 

p rogramming  (OOP)  educa t ion  has  in t roduced 
transformative changes to teaching methodologies. 
Research indicates that well-designed prompt strategies 
can significantly enhance students’ learning outcomes and 
programming skills [18]. However, traditional text-based 
assignments often lead students to overly rely on LLMs, 
neglecting the development of critical problem-solving and 
programming design skills. To address this issue, Cipriano 
et al. [19] proposed an innovative approach combining 
diagrams and videos to create OOP assignments. This 
method not only fosters problem-solving abilities but also 
discourages students from merely copying LLM-generated 
solutions. Specifically, they developed a new symbolic 
system for representing OOP assignments, incorporating 
structural and behavioral requirements. This approach was 
evaluated over the course of a semester, yielding promising 
results. The study found that students responded positively 
to this diagram-and-video-based teaching method. Notably, 
video-based assignments were better received than 
diagram-based tasks. This approach encouraged students 
to invest more effort in understanding design diagrams 
and demonstrated higher engagement with video projects. 
Importantly, participants reported reduced reliance on 
LLM-generated code during these exercises. This suggests 

that well-structured prompts and thoughtfully designed 
assignments can leverage the advantages of LLMs while 
mitigating potential drawbacks [18]. This successful 
implementation provides valuable insights into effectively 
integrating LLMs into OOP education, offering a practical 
framework for balancing their benefits with the need to 
cultivate essential programming skills.

3  Methodology

3.1 Method Overview
In the rapidly evolving field of artificial intelligence 

and LLMs, teaching object-oriented programming 
presents both opportunities and challenges [18]. This study 
introduces a two-layered teaching evaluation framework, 
aiming to improve teaching effectiveness and evaluation 
efficiency through structured prompt engineering and 
automated assessment mechanisms. The proposed method 
offers the following key innovations: development of 
standardized teaching prompt templates, design of an 
automated evaluation mechanism based on few-shot 
learning, and quantifiable assessment of the teaching 
process.

3.2 Prompt Template Design for Object-Oriented 
Programming 
This paper addresses the challenges in object-oriented 

programming education through a structured prompt-
based approach. We propose a comprehensive template 
framework 

T = {C, M, E, R, A} (1)

, which integrates five essential components: context, 
methodology, examples, requirements, and assessment. 
The context component establishes the programming 
scenario and problem background, while the methodology 
component outlines specific instructional objectives and 
pedagogical strategies. To ensure practical understanding, 
the example component incorporates carefully curated 
sample code and best practices that demonstrate optimal 
implementation patterns. The requirements component 
defines clear implementation criteria aligned with object-
oriented principles, focusing on encapsulation, inheritance, 
and polymorphism. Finally, the assessment component 
provides standardized evaluation metrics that objectively 
measure both code quality and concept mastery.

This framework transforms traditional teaching 
evaluation into a systematic process, bridging the gap 
between abstract concepts and practical implementation. 
The template guides instructors in creating structured 
learning materials and provides students with clear 
pathways for understanding and applying object-
oriented concepts. Each component works cohesively to 
support both theoretical understanding and practical skill 
development, with built-in mechanisms for objective 
assessment and feedback. The framework’s flexibility 
allows for customization across different programming 
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assignments while maintaining consistency in evaluation 
standards.

The scenario description should adhere to the following 
characteristics: Authenticity: Based on real-world 
application scenarios. Completeness: Provides sufficient 
background information. Progressiveness: Gradually 
increases in complexity.

Instructional objectives should:
•	 Clearly identify the object-oriented concepts to be 

mastered.
•	 Define specific skill requirements.
•	 Offer guidance on learning pathways. 
Sample code should:
•	 Demonstrate standard programming practices.
•	 Include implementations of key concepts.
•	 Provide comments and explanations for clarity.
We demonstrate our proposed T = {C, M, E, R, A} 

structure for teaching Python List concepts through a 
practical bookstore inventory management scenario. By 
integrating context-based learning (bookstore inventory), 
clear methodological guidance (list operations), concrete 
examples (inventory management code), specific 
requirements (implementation criteria), and objective 
assessment standards (quantifiable metrics), the template 
effectively addresses the challenges in traditional 
programming education. It bridges the theory-practice gap 
by providing students with a real-world application context 
while ensuring standardized evaluation, making abstract 
list concepts more accessible and practical for learners.

Python List Teaching Template
C (Context)
You are developing an inventory management system 

for a small bookstore (...).

M (Method)
The teaching method is structured around clear learning 

objectives and key programming concepts. Students will 
progress through understanding the fundamental concepts 
of Python lists as ordered collections, mastering basic 
list operations and methods, and applying these skills in 
practical scenarios (...).

E (Example)
# Creating a book inventory list
book_inventory = [“Python Basics”, “Data Science 

101”, “Web Development Guide”] (...)

R (Requirements)
The implementation requirements focus on three key 

aspects of code development. First, code organization 
emphasizes the use of meaningful variable names, 
appropriate comments, and adherence to Python PEP 8 
style guidelines (...).

A (Assessment)
The assessment framework consists of four components 

weighted according to their importance: (...).

3.3 Automated Evaluation Mechanism Based on Few-
shot Learning
The evaluation mechanism consists of the following 

components: E (Examples): A repository of standard 
examples; C (Criteria): A set of evaluation standards; M 
(Metrics): A system of quantifiable metrics; (Feedback): 
A mechanism for generating feedback; R (Results): A 
collection of evaluation outcomes.

The evaluation system employs a multi-dimensional 
scoring approach, as detailed below in Table 1:

Table 1. Evaluation dimensions and weight distribution

Dimension Weight Evaluation focus
Code correctness 40% Completeness of functionality, runtime correctness

Object-oriented design 30% Application of encapsulation, inheritance, and polymorphism
Code quality 20% Naming conventions, completeness of comments, code style

Program scalability 10% Architecture design, interface definitions, maintainability

The scoring process uses a weighted calculation 
formula:

1

n
i ii

Score w m
=

= ⋅∑ (2)

Where, wi: weight assigned to the ith dimension; mi:  
score obtained in the ith dimension; n: total number of 
evaluation dimensions.

The system follows these steps to perform evaluations: 
(1) Example Matching: compare student code with 
standard implementations in the example repository; (2) 
Feature Extraction: analyze the structural characteristics 
and implementation patterns of the code; (3) Quality 

Assessment: conduct multi-dimensional scoring based 
on predefined standards; (4) Feedback Generation: 
produce detailed evaluation reports and suggestions for 
improvement.

4  Experimental Design

4.1 Overview of Experimental Design
This study conducted a 16-week controlled experiment 

to evaluate the effectiveness of an object-oriented 
programming assessment method based on Prompt 
templates and Few-shot Learning. A combination of 
quantitative and qualitative research methods was used. 
By strictly controlling experimental conditions, data 
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was systematically collected and analyzed to ensure 
the scientific rigor and reliability of the findings. While 
maintaining teaching quality, the experiment primarily 
focused on assessing the impact of the new evaluation 
method on students’ learning outcomes and its potential to 
enhance teaching efficiency.

4.2 Class Design for the Experiment 
The experiment was conducted with computer science 

students at a university. To ensure representativeness and 
comparability of the sample, two classes were randomly 
selected from six classes in the same grade. 30 students 
were assigned as the experimental group, while the other 
(30 students) served as the control group. All participants 
had completed a foundational programming course and 
possessed basic programming knowledge. An analysis of 
prior course grades confirmed no significant difference 
in programming proficiency between the experimental 
and control groups, providing a solid foundation for the 
study. To ensure reliability, strict group control measures 
were implemented. First, data such as students’ grades 
from previous programming courses and college entrance 
examination scores were collected and analyzed. Variance 
analysis confirmed no significant differences in baseline 
levels between groups. Second, all classes were taught 
by the same instructor with over five years of teaching 
experience, using identical textbooks and syllabi to 
maintain consistency in content and pace. Lastly, external 
factors such as teaching environments were carefully 
controlled. The same classroom, equipment, and network 
settings were used to minimize external interference during 
the experiment.

The experimental group and the control group were 
subjected to a 16-week teaching experiment using 
different evaluation approaches. The experimental group 
employed a teaching method based on Prompt templates 
and an automated evaluation system leveraging Few-
shot Learning. This allowed students to receive real-
time feedback and personalized guidance. In contrast, 
the control group followed traditional teaching methods 
and manual grading, adhering to conventional teaching 
plans. Both groups completed the same teaching tasks and 
assessments but differed in aspects such as assignment 
submission and feedback mechanisms.

A comprehensive data collection framework was 
designed for the control group, incorporating three 
key metrics: learning outcomes, process metrics, and 
feedback metrics. Learning outcomes were assessed 
through midterm exams (30%), final exams (40%), and 
regular assignments (30%), providing a holistic view 
of student performance. Process metrics were captured 
by an automated system, tracking weekly programming 
assignments, code quality scores, and course participation. 
Feedback metrics were gathered via surveys and 
interviews, focusing on student satisfaction with the 
teaching method and teacher feedback on their experience. 
Data collection occurred at three intervals: at the beginning 
of the semester (T1) to establish baseline data, including 
initial student competency tests and attitude surveys; at 
Week 8 (T2) to gather midterm data, emphasizing learning 

progress and interim results; and at Week 16 (T3) to 
collect final data for comprehensive evaluation of learning 
outcomes and achievement of teaching goals. Each data 
collection phase adhered to standardized procedures to 
ensure accuracy and completeness.

4.3 Statistical Validation Methods
This study proposed two research hypotheses. The 

primary hypothesis examined the impact of the new 
evaluation method on student learning outcomes. The null 
hypothesis (H0) posited no significant effect, while the 
alternative hypothesis (H1) suggested the new method 
significantly improved learning outcomes. A secondary 
hypothesis investigated the influence of the method on 
teaching efficiency, particularly its impact on teachers’ 
workload. To validate these hypotheses, rigorous statistical 
methods were applied to ensure reliable conclusions. 
First, independent sample t-tests were used to compare 
differences between the experimental and control groups 
across all metrics, with a significance level set at 0.05. 
Effect sizes were calculated using Cohen’s d [20] to assess 
the practical impact of the teaching methods. Additionally, 
Pearson correlation analysis and multiple regression 
analysis were conducted to explore relationships among 
variables. Repeated measures ANOVA was used to analyze 
dynamic changes in learning outcomes over time.

4.4 Quality Control Measures 
To ensure the validity of the experiment, several 

control measures were implemented. For internal validity, 
we minimized confounding factors by randomly assigning 
participants, strictly controlling extraneous variables, 
and standardizing experimental procedures. To enhance 
external validity, we selected representative samples 
and maintained the authenticity of the experimental 
environment, thereby increasing the generalizability of the 
findings. Data quality control was emphasized throughout 
the experiment. During data collection, a standardized 
process was established, leveraging automated tools to 
record learning process data. A multi-level verification 
mechanism was also employed to ensure data accuracy. In 
the data processing stage, a comprehensive data cleaning 
strategy was implemented, including outlier detection, 
handling of missing values, and consistency checks, 
ensuring the reliability of subsequent data analysis.

5  Experimental Results and Data 
Analysis

5.1 Analysis of Learning Outcomes
This study employed a controlled experiment involving 

two parallel classes from an object-oriented programming 
course. The experimental group employed a dual-layer 
evaluation method, while the control group followed 
traditional teaching methods. To ensure scientific rigor, 
we randomly assigned students to groups, used a unified 
syllabus and course content, and maintained identical 
teaching hours and environments for both groups. After 
data cleaning and preprocessing, all 30 samples from each 
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group were valid, achieving 100% data completeness.
The analysis of the experimental data shown in Table 2 

reveals several key findings:
1. Overall Performance Improvement: the experimental 

group significantly outperformed the control group across 
all evaluation metrics, with differences being statistically 
significant.

2. Enhanced Code Quality: the experimental group 
achieved a higher average code quality score (87.5 ± 
6.1) compared to the control group (75.8 ± 7.3), an 
improvement of 11.7 points or 15.4%. This difference is 
particularly notable (t=4.12).

3. Steady Learning Progress: the experimental group 
showed consistent improvement from the midterm 
exam (85.6 points) to the final exam (88.3 points), with 
an average increase of 2.7 points, indicating sustained 
learning effectiveness.

4. Higher Assignment Quality: the experimental group 
achieved significantly higher scores on assignments (90.2 
± 5.4) compared to the control group (82.1 ± 6.7). This 
demonstrates that the prompt-based teaching method 
effectively enhances students’ practical skills.

To ensure the reliability of these results, we conducted 
independent sample t-tests:

• All evaluation metrics yielded p-values below 0.01, 
confirming the high statistical significance of the findings.

• The t-value for code quality (4.12) was the highest, 
indicating the most pronounced improvement in this 
dimension.

• The relatively small standard deviations across 
metrics suggest consistent teaching effectiveness.

The improvement achieved by the experimental group 
relative to the control group can be quantified using the 
following formula:

 
      100%

   

Improvement Ratio
Mean of Experimental Group Mean of Control Group

Mean of Control Group

=
−

×

(3)

The calculated improvement rates are as follows: a 
9.2% increase for the midterm exam, a 11.5% increase 
for the final exam, a 9.9% increase for assignments, and a 
15.4% increase in code quality. These results demonstrate 
that the dual-layer evaluation framework significantly 
enhances the effectiveness of object-oriented programming 
education, with particularly strong improvements in code 
quality and adherence to programming standards.

Table 2. Comparison of learning outcomes between experimental and control groups

Evaluation metric Experimental group (n=30) Control group (n=30) t-value
Midterm exam scores 85.6 ± 7.2 78.4 ± 8.1 3.42

Final exam scores 88.3 ± 6.8 79.2 ± 7.9 3.89
Homework scores 90.2 ± 5.4 82.1 ± 6.7 3.65

Code quality scores 87.5 ± 6.1 75.8 ± 7.3 4.12

5.2 Analysis of Understanding Programming Language 
Concepts 
An evaluation of students’ understanding of core 

concepts in object-oriented programming reveals that the 
experimental group demonstrated a deeper comprehension. 
This is evident in the following aspects: 1. Understanding 
of Classes and Objects: the experimental group achieved 
a correct response rate of 92.3% on related questions, 
compared to 78.6% in the control group, reflecting an 
improvement of 13.7 percentage points. 2. Application 
of Inheritance and Polymorphism: in practical exercises, 
88.5% of the experimental group effectively applied 
inheritance and polymorphism, significantly higher than 
the 71.2% observed in the control group. 3. Mastery 
of Design Patterns: the experimental group correctly 
identified and applied basic design patterns in 85.7% of 
cases, while the control group achieved only 65.3%.

5.3 Analysis of Teaching Efficiency
The adoption of a new evaluation method resulted in 

notable improvements in teaching efficiency: 1. Assignment 
Grading Time: the average grading time per assignment 
decreased from 15 minutes to 3 minutes, representing an 
80% efficiency gain. 2. Feedback Timeliness: the average 
feedback time for assignments in the experimental group 

was 0.5 hours, compared to 48 hours in the control group, 
showing a significant improvement in responsiveness. 3. 
Consistency in Scoring: the automated evaluation system 
based on Few-shot Learning reduced scoring discrepancies, 
with deviations decreasing from ±8% to ±2%.

An analysis of students’ learning behavior data further 
highlights the experimental group’s enhanced engagement: 
1. Course Participation Rate: the experimental group 
achieved an average attendance rate of 96.8%, 8.5 
percentage points higher than the control group. 2. 
Assignment Submission Rate: the on-time submission rate 
for assignments in the experimental group was 94.5%, 
compared to 85.2% for the control group. 3. Interaction 
Frequency: students in the experimental group participated 
in classroom discussions and online interactions 1.8 times 
more frequently than those in the control group.

5.4 Analysis of Student Feedback 
At the conclusion of the 16-week teaching experiment, 

a comprehensive satisfaction survey was conducted 
among students in both groups. The survey employed a 
5-point Likert scale for quantitative assessment [21], with 
scores defined as follows: 5 (very satisfied), 4 (satisfied), 
3 (neutral), 2 (dissatisfied), and 1 (very dissatisfied). 
Additionally, open-ended questions were used to gather 
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qualitative feedback, and in-depth interviews were held 
with selected students to obtain more detailed insights into 
their learning experiences.

The survey results shown in Table 3 reveal significant 
differences between the experimental and control groups 
across all evaluated dimensions. In terms of teaching 
methods, the experimental group achieved an average 
score of 4.6, outperforming the control group’s score of 
3.8 by 0.8 points, representing a 21.1% improvement. This 
indicates the effectiveness of the new teaching approach. 
For perceived learning outcomes, the experimental 

group scored an impressive 4.5 compared to the control 
group’s 3.7, reflecting a 21.6% enhancement in learning 
effectiveness. The most notable improvement was observed 
in the timeliness of feedback, where the experimental 
group scored a high 4.8, a remarkable 37.1% increase 
over the control group, highlighting the advantages of the 
automated evaluation system. Overall satisfaction was 
also significantly higher in the experimental group, with a 
score of 4.7 compared to the control group’s 3.7, marking 
a comprehensive improvement of 27.0%. These results 
validate the success of the teaching reform.

Table 3. Analysis of teaching satisfaction survey results

Evaluation dimension Experimental group Control group Improvement
Teaching methods 4.6 ± 0.3 3.8 ± 0.4 21.1%
Learning outcomes 4.5 ± 0.3 3.7 ± 0.5 21.6%

Timeliness of feedback 4.8 ± 0.2 3.5 ± 0.5 37.1%
Overall satisfaction 4.7 ± 0.3 3.7 ± 0.4 27.0%

Analysis of open-ended feedback further highlights 
the strengths of the new teaching model. First, the use 
of prompt templates provided students with a clear 
learning pathway, while the progressive task design and 
comprehensive coverage of knowledge points helped 
establish a structured learning framework. Second, the 
immediate feedback mechanism significantly improved 
learning efficiency; the automated evaluation system 
ensured objective and fair grading, with transparent 
scoring standards earning widespread student approval. 
Additionally, the new teaching approach reduced learning 
anxiety, increased motivation, and fostered independent 
learning skills. Students also offered constructive 
suggestions for improvement, such as incorporating more 
real-world application cases and supplementing content 
with industry best practices.

Based on student feedback, we have developed a 
phased improvement plan. In the short term (1-2 months), 
we will focus on expanding the repository of typical 
application cases, refining error feedback templates, and 
providing more detailed code optimization suggestions. 
For the mid-term (3-6 months), the plan includes 
developing personalized learning paths, improving the 
evaluation metrics system, and building a knowledge 
graph navigation tool. In the long term (beyond 6 months), 
we aim to establish an adaptive learning system, introduce 
intelligent tutoring features, and develop a collaborative 
learning platform to further enhance teaching effectiveness. 
These improvements will be implemented step-by-step to 
ensure continuous optimization of teaching quality. We 
will regularly collect student feedback and adjust our plans 
accordingly to maintain consistent progress in teaching 
outcomes. By establishing a dynamic feedback mechanism, 
we aim to refine the teaching model continuously and 
provide students with a superior learning experience.

5.5 Limitations and Contextual Constraints
While our framework provides a structured approach to 

OOP education, we acknowledge several key limitations. 
The implementation requires substantial initial resources, 
including teaching material development and instructor 
training. The framework’s effectiveness may vary across 
different institutional contexts and student populations. 
Additionally, the structured nature might initially constrain 
creative problem-solving, and scalability challenges 
emerge in large class settings with multiple instructors.

6  Conclusion and Future Work

This study proposes a teaching evaluation method for 
object-oriented programming based on few-shot prompt 
learning. A 16-week controlled experiment demonstrated 
the effectiveness of this approach. The results indicate that 
the proposed method, leveraging prompt templates and 
few-shot learning, significantly outperforms traditional 
teaching methods across various dimensions. In terms 
of learning outcomes, the experimental group performed 
better in final exams (88.3 points), routine assignments 
(90.2 points), and code quality (87.5 points), with 
improvements ranging from 9.2% to 15.4% compared to 
the control group. Regarding conceptual understanding, 
the experimental group exhibited a marked advantage in 
grasping and applying core object-oriented concepts, with 
accuracy improvements of 13.7 to 20.4 percentage points. 
In teaching efficiency, the new method reduced assignment 
grading time by 80%, shortened feedback delivery from 
48 hours to 0.5 hours, and significantly improved grading 
consistency, reducing scoring deviations from ±8% to ±2%. 
The primary innovation of this study lies in constructing a 
standardized prompt template system, developing a few-
shot learning-based intelligent evaluation mechanism, and 
designing a multidimensional evaluation metric system, 
providing a replicable framework for object-oriented 
programming education.

Future research will further expand upon these findings. 
In terms of evaluation models, we plan to incorporate 



Research on Object-Oriented Programming Teaching Evaluation Method Based on Few-Shot Prompt Learning   899

deep learning techniques to enhance code comprehension, 
develop more sophisticated grading algorithms, and 
improve handling of unstructured feedback. For 
application scenarios, we aim to extend this evaluation 
method to other programming courses, create modules 
supporting various programming languages, and explore 
applications in online education contexts. Additionally, 
we are committed to developing adaptive learning path 
recommendation systems, intelligent learning diagnostic 
tools, and personalized feedback mechanisms. We also 
plan to design evaluation systems based on collective 
intelligence, support team-based assessments, and build 
platforms for knowledge sharing and collaboration. These 
research directions will contribute to further advancements 
in teaching quality and effectiveness.
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