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Abstract. This study examines the implementation pathways of large language 

model (LLM)-based agent for English error management in EFL education, com-

paring two LLM-based agent systems: a plugin-augmented agent (EEM_PA) and 

a structured workflow-driven agent (EEM_WF). Both systems were developed 

using the DeepSeek model and deployed on the low-code agent configuration 

platform COZE. Through a comparative evaluation focused on functional perfor-

mance and user experience among ten Chinese junior high students with similar 

English proficiency, the study found that while both systems demonstrated com-

parable functional effectiveness, the plugin-augmented EEM_PA outperformed 

the workflow-driven EEM_WF in terms of user experience. This suggests that 

the workflow-driven design, though systematic and potentially useful for stand-

ardized review, may function more as a supportive tool for teachers or parents 

rather than as an engaging learning companion for students. This study highlights 

practical pathways for educators to develop intelligent tutoring systems by lever-

aging LLMs and low-code platforms. It offers a comparative reference for de-

signing AI-assisted learning tools that balance interactive engagement with struc-

tured pedagogical support.  

Keywords: LLM-based agent; intelligent English error management; plugin-

augmented; workflow-driven 

1 Introduction 

LLM-based agents, an upgraded AI technology, have emerged as dynamic systems that 

maintain state across multiple LLM calls and integrate external tools, enabling multi-

step workflows and consistent interactions [28], displaying great potential in English 

as Foreign Language (EFL) educational [27]. Furthermore, low-code agent develop-

ment platforms (like COZE) have significantly reduced the barriers to access LLMs 

and agent techniques, enabling educators to easily create AI assistants capable of sup-

porting teaching and learning process [15]. Meanwhile, personalized learning has 

emerged as a critical approach in EFL education to address student diversity [10]. A 
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key yet often overlooked arena for its implementation is error management—a micro-
level practice essential for foundational knowledge acquisition.  

This paper explores the integration of LLM-based agents into this domain. By de-
veloping and evaluating two self-designed intelligent English error management sys-
tems EEM_PA and EEM_WF, this study aims to provide educators with actional in-
sights into how LLM-based agents can be integrated into English error management, 
and the differences in the aspects of functional performance and user experience of 
distinct technical pathways. The following research questions guide this exploration: 

RQ 1: How to design and develop intelligent English error management systems 
EEM_PA and EEM_WF on COZE? 

RQ 2: What are the functional performance and user experience of the two English 
error management systems? 

RQ 3: What are the differences between EEM_PA and EEM_WF from the learner’s 
perspective?  

2 Literature Review 

LLM-based agents combine the strengths of LLMs with external tools and resources to 
enable more dynamic and autonomous operations [12]. Such agents are able to orches-
trate complex educational workflows while enhancing understanding, engagement, and 
personalization, thereby enabling more adaptive, efficient, and scalable learning. Many 
existing research has introduced LLM-based agents in education field. Chu et al [4] 
categorized educational agents into two broad class: pedagogical agents and domain-
specific educational agents, and provided a comprehensive review of them. In terms of 
EFL education, LLM-based agents are generally employed in reading [27], writing [9], 
speaking [19], and translation [6], etc. 

LLM-based agents are designed to tackle complex problems, but this does not imply 
that they are inherently complex or difficult to develop. With the advent of low-
code/no-code agent development platforms, such as COZE, Dify, and MetaGPT, indi-
viduals can now design and deploy custom agents for personal or professional tasks 
through intuitive visual interfaces, without the need for deep programming expertise. 
Certainly, the LLM that incorporated into the agent taking effect relies on precise and 
detailed prompts, while the whole architecture process complete also with the help of 
external tools.  

Error management, a personalized learning activity rooted in knowledge manage-
ment [7], emerges as an ideal scenario for implementing AI-driven micro-level teaching 
practices. Engaging with errors promotes deeper cognitive processing and exploratory 
active learning [16]. Empirical studies have confirmed that generating errors followed 
by corrective feedback strengthens memory for correct responses [20]. At the junior 
high school level, cultivating the habit of analyzing and systematizing errors from daily 
exercises and tests is crucial for consolidating foundational knowledge and developing 
effective learning strategies. Researchers and educators have explored AI-assisted error 
analysis and remediation through smart mistake notebooks [29], homework helpers [5], 
and AI-enhanced error logging and note-taking processes [1, 3]. 
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Nevertheless, significant research gaps remain. First, the value of error management 
is mostly stressed on science subjects like math [23] while the discussions on English 
error management are still in a small number. Second, although LLM-based agents have 
been widely used across various EFL domains [19], comparative studies examining 
different AI technical approaches, such as a plugin-augmented agent and a workflow-
driven agent, within the specific context of error management are notably scarce. This 
study aims to conduct a comparative investigation into the application of LLM-based 
agents in English error management at the junior high school level, with the goal of 
elucidating their practical efficacy in this foundational yet critical educational domain. 

3 Methods 

3.1 Design and Development of English Error Management System 
EEM_PA and EEM_WF 

This study designed two LLM-based agents to display different technical pathways for 
intelligent English error management on the COZE platform, a low-code agent devel-
opment environment where building an agent primarily consists of three key modules: 
persona and prompts, model configuration (including model selection, skills,
knowledge, memory, and dialogue), and preview. DeepSeek model is selected because 
of its outstanding high performance, cost-effectiveness, and strong multilingual and 
real-time interaction capabilities [18]. Both agents were designed to recognize the error 
pictures of users and fulfill three core educational functions: error diagnosis, targeted 
exercise generation, and structured collection of errors for subsequent review. These 
shared objectives guided the selection of plugins and the construction of structured 
workflows respectively, enabling each agent to implement the same pedagogical pro-
cess through architecturally distinct means.  

The Architecture of EEM_PA 
Persona and prompts: 1) Role: The agent is designated as a senior teacher with many 

years of experience in junior high school English education, especially in ninth grade, 
detailing its teaching expertise, knowledge of common student errors in English, and a 
patient, friendly teaching style. This aims to guide the model to produce more authori-
tative and pedagogically targeted content. 2) Skills: The agent is explicitly given three 
core skills, including error diagnosis (error identification, cause analysis, mapping 
knowledge domain), personalized exercise generation (multi-level and multi-format ex-
ercises), learning management (error categorization, error document generation). This 
ensures the comprehensiveness of the system’s functions. The invocation of plugins is 
also required. 3) Restrictions: Teaching content (only English), knowledge level (junior 
high curriculum), interaction guidelines (friendly and encouraging style, avoidance of 
cognitive overload), and ethical appropriateness (avoidance of complex political or re-
ligious examples) are required.  

Model Configuration: 1) Core LLM selection: DeepSeek-V3. 2) Plugins: The plugin 
“qwen_vl_max” (Qwen image recognition) is selected as a stable and reliable solution 
for converting user-uploaded error images into text. To achieve persistent error man-
agement, the plugin “execute” (Dameng database) is integrated to invoke the database 
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and achieve the storage of user’s error records and learning data. The plugin “cre-
ate_docx” is added for available off-line error documents for users. 3) Memory: a data-
base “mistake_data1” is created. 4) Knowledge: A series of texts on ninth-grade funda-
mental knowledge and grammar were incorporated into the knowledge base to ensure 
the agent retrieves information from it during operation. 5) Opening statement: Open-
ing prompts are set in to guide users on how to interact with the agent. 

The Architecture of EEM_WF 
Persona and prompts: 1) Role: An “error management assistant”, emphasizing its 

task-oriented nature and the function of document generation. 2) Skills: There is no 
complex description but simple requirements like invoking the “English_notebook” 
workflow to process user’s input. To compensate for the few seconds required for work-
flow execution, the agent is asked to first provide a brief preliminary analysis and reas-
suring message immediately after invoking the workflow, enhancing the interaction 
experience during the wait. The format of reply is also required. 

Model Configuration: 1) Core LLM selection: DeepSeek-V3. 2) Workflow design: A 
customized workflow named “English_notebook” is designed, decomposing the error-
processing pipeline into a series of sequential nodes, including error input -- model 
analysis -- report organization -- document generation, achieving full process automa-
tion. Two documents will be offered: One with exercises and the other with answers. 
3) Knowledge: A series of texts on ninth-grade fundamental knowledge and grammar 
were incorporated into the knowledge base to ensure the agent retrieves information 
from it during operation. 4) Opening statement: Opening prompts are also set in to 
guide users on how to use the agent. 

3.2 Participants and System Evaluation 

To test the performance of these two LLM-based agents, ten ninth-grade students (5 
male, 5 female) of similar intermediate English proficiency (average score between 72-
96 in the latest test) from the same class were chosen to use the systems. Informed 
consent was obtained from all participants and their guardians prior to the study. 

Participants used each assigned intelligent system for a week (7 days), processing 2-
-3 self-encountered English errors per day. At the end of each week, participants com-
pleted the functional performance and user experience questionnaires specific to that 
system. After experiencing both systems, a final semi-structured interview was con-
ducted with each participant to gather their comparative perceptions and overall pref-
erences. 

The evaluation of functional performance includes three indicators: (i) Comprehen-
sibility: Were the system’s explanations and analysis clear and easy to understand? (ii) 
Helpfulness: Are the exercises generated by the system helpful for reinforcing the
knowledge? (iii) Completeness: Did the system provide a complete procedure (diagno-
sis, explanation, practice) for the error analysis?  

The user experience will be assessed according to System Usability Scale [25], yield-
ing a score from 0 to 100, supplemented by interview data on user preferences. 

A unified questionnaire (15 items) was used (see Appendix 2), with a 5-point Likert 
scale [17] for functional performance items (3-5) and SUS items (6-15) for usability. 
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Descriptive statistics were computed and differences between the two systems were 
assessed using Wilcoxon signed-rank tests [22]. 

4 Results 

4.1 Functional Performance 

Functional performance was assessed across three dimensions: comprehensibility, 
helpfulness and completeness. As shown in Table 1, the plugin-augmented agent 
(EEM_PA) received higher mean scores than the workflow-driven agent (EEM_WF) 
on all three indicators. 

Table 1. Descriptive Statistics for Functional Performance Indicators of EEM_PA and 
EEM_WF 

Functional Performance 

System N 
Comprehensibility 

(M/SD) 
Helpfulness 

(M/SD) 
Completeness 

(M/SD) 
EEM_PA 10 4.50 (0.71) 4.70 (0.48) 4.40 (0.52) 
EEM_WF 10 4.00 (0.47) 4.40 (0.52) 4.10 (0.57) 

A composite functional performance score was derived by summing the three indi-
cators. The plugin-augmented agent (EEM_PA) achieved a higher total score (M = 
13.60, SD = 1.51) compared to the workflow-driven agent (EEM_WF) (M = 12.50, SD 
= 0.85). 

Wilcoxon signed-rank tests were conducted to compare the two systems on each 
functional performance indicator as well as the composite score. No statistically signif-
icant differences were found between the two agents in comprehensibility (Z = –1.667, 
p = 0.096), helpfulness (Z = –1.732, p = .083), or completeness (Z = –1.342, p = 0.180). 
Similarly, the composite functional performance score showed no significant difference 
(Z = –1.572, p = 0.116). 

4.2 User Experience 

User experience was evaluated using the SUS, with scores ranging from 0 to 100. As 
presented in Table 2, the plugin-augmented agent (EEM_PA) obtained a higher mean 
SUS score (M = 79.50, SD = 12.63) compared to the workflow-driven agent
(EEM_WF) (M = 68.00, SD = 14.18). 

Table 2. Descriptive Statistics for SUS Scores of EEM_PA and EEM_WF 

User Experience 
System N M/SD Min Max 

EEM_PA 10 79.50 (12.63) 62.50 100.00 
EEM_WF 10 68.00 (14.18) 35.00 87.50 
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A Wilcoxon signed-rank test was conducted to compare the SUS scores between the 
two systems. The test revealed a statistically significant difference (Z = –2.077, p = 
0.038), indicating that the plugin-augmented agent (EEM_PA) provided a significantly 
better user experience than the workflow-driven agent (EEM_WF). 

5 Discussion 

5.1 Main Findings 

(1) Comparable Functional Performance Between Architectures: Both the plugin-aug-
mented and workflow-driven LLM-based agents demonstrated statistically similar ef-
fectiveness in fulfilling core error management functions, namely error diagnosis, tar-
geted exercise generation, and structured error archiving. This indicates that despite 
differences in technical implementation, both approaches can reliably support pedagog-
ical functions within EFL learning. 

(2) Significantly Superior User Experience of the Plugin-Augmented Agent: The 
plugin-augmented agent (EEM_PA) received significantly higher SUS scores than the 
workflow-driven agent (EEM_WF). This suggests that although the workflow-driven 
agent provides systematic and template-based outputs suitable for structured review, an 
interactive, conversationally flexible design better aligns with students’ preferences and 
engagement patterns. 

(3) Low-Code Platforms as Accessible Pathways for Educators: The results demon-
strate that educators can utilize low-code platforms such as COZE to design and deploy 
distinct types of LLM-based tutoring agents, offering a practical, low-threshold path-
way for integrating AI into EFL instruction without requiring advanced programming 
skills. 

5.2 Interpretation of the Findings 

As the plugin-augmented agent gains significant advantages over the workflow-driven 
agent in the aspect of user experience, the disparity can be understood through the lens 
of student interaction patterns beyond operational problems. The plugin-augmented 
agent (EEM_PA), functioning as a generative chatbot, fostered a more dynamic and 
engaging dialogue, which appeared to stimulate greater learning interest and participa-
tion among students [8, 14, 26,], creating meaningful learning experiences [13]. In con-
trast, interactions with the workflow-driven agent (EEM_WF) were markedly dimin-
ished. Although it supported conversation, students predominantly terminated the in-
teraction immediately after downloading the generated document. The entire process 
was characterized by a passive wait for the output, lacking a sense of involvement and 
failing to motivate further interaction. However, motivation and engagement are vital 
because they will make students better cope with the difficulties and then improve their 
academic performance [21, 24]. Though an agent with a structured workflow can im-
prove processing efficiency in complex scenarios and contribute to better educational 
outcomes [11], it suggests that such a streamlined mode might not be good as a direct 
learning companion for juvenile students. Instead, it may be better suitable for use by 
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parents or teachers so that they can easily acquire useful and personalized learning ma-
terials. Afterall, those adults can maintain a balance between the collaboration with 
intelligent tutoring tool and individual learning activities [2].  

6 Conclusion 

This study designed, implemented, and evaluated two LLM-based English error man-
agement agents, one plugin-augmented (EEM_PA) and one workflow-driven 
(EEM_WF), using the low-code platform COZE. Both agents were developed with the 
same underlying model (DeepSeek) and were designed to fulfill three core pedagogical 
functions: error diagnosis, targeted exercise generation, and structured error archiving. 
Results showed that while the two systems achieved comparable functional perfor-
mance, the plugin-augmented agent received significantly higher usability ratings on 
the SUS, indicating a clear preference among students for its interactive and conversa-
tional style. 

The findings offer practical insights for educators and AI tool designers. First, they 
demonstrate that educators can effectively build functional AI-assisted learning tools 
using low-code platforms without advanced programming expertise. Second, plugin-
augmented agents better support student engagement through flexible dialogue while 
the workflow-driven agents can deliver structured and consistent outputs may be suit-
able for teacher- or parent-led review. This suggests that the choice of agent design 
should align with the intended user and instructional context. 

This study has several limitations. First, the sample size was small and confined to 
junior high students from a single region, which may limit generalizability. Second, the 
evaluation period was brief, and no longitudinal data on learning outcomes were col-
lected. Finally, reliance on subjective self-reported measures precluded the inclusion of 
objective performance metrics. Future research could expand participant diversity, em-
ploy longitudinal designs with objective learning indicators, and explore hybrid archi-
tectures that integrate workflow structure with interactive plugin functionality.  
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