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Traditional teaching feedback and student assessment methods often struggle to provide timely, personalized,
and comprehensive evaluations in large-scale digital learning environments. To address this core challenge,
this study proposes an intelligent teaching feedback and student performance assessment framework based
on natural language processing (NLP) and multimodal learning analytics. The framework integrates textual
assignments, online discussions, behavioral records, and emotional information to construct a comprehensive
learner model. By combining semantic analysis, sentiment analysis, and multimodal data fusion, the proposed
approach enables automated performance evaluation and personalized feedback generation. Experimental
results from a 16-week controlled trial with 346 students demonstrate that the proposed framework improves
student engagement by 88.65%, increases knowledge retention by 65.9%, and achieves a personalized feedback
satisfaction rate of 91.3%. In addition, multimodal data fusion lifts comprehensive assessment accuracy from
72% (single-modal text analysis) to 89%, and students’ final exam scores improve by 15% compared with the pre-
intervention baseline. These findings demonstrate the effectiveness of the proposed framework in supporting
intelligent educational assessment, personalized learning, and data-driven instructional decision-making.
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1. Introduction

With the growing intellectualization and personalization
of global education, traditional teaching evaluation and
feedback approaches can no longer meet the demands of
modern digital learning environments, particularly in sce-
narios involving large-scale student data processing and
individualized learner guidance [1, 2]. In the traditional
teaching mode, teachers evaluate students by manually re-
viewing homework, assessing results, and giving feedback
according to the evaluation results [3]. Concrete unmet
needs in current educational practice highlight the urgency
of this work. First, in large-scale online courses with over

500 enrolled students, manual grading and feedback on as-
signments typically incur a 3–5 day delay, which prevents
students from adjusting their learning strategies in a timely
manner and weakens the timeliness of learning support.
Second, grading standards vary significantly across differ-
ent instructors: empirical evidence shows that essay scores
assigned by different teachers to the same student work
can differ by 15–20%, undermining the fairness and con-
sistency of student assessment [4, 5]. Concretely, the core
scientific problem constraining current educational assess-
ment practice is that traditional methods cannot simultane-
ously achieve timeliness, personalization, and comprehen-
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siveness in large-scale digital learning scenarios. Manual
evaluation fails to guarantee feedback efficiency and grad-
ing consistency in large cohorts, while existing automated
assessment approaches mostly rely on single-source text
data, unable to capture subtle changes in students' com-
prehension and emotional states, which further leads to
accumulated knowledge gaps and generic, ineffective feed-
back. To tackle this problem, this study constructs an NLP
and multimodal analytics-driven intelligent assessment
framework [6, 7]. The system can automatically analyze
students’ assignments, classroom discussions, test scores,
emotional expressions, and other data sources and trans-
form this information into targeted feedback [8]. This auto-
mated evaluation and feedback generation system can not
only reduce the burden of teachers in the teaching process
but also provide more accurate guidance for students in
the learning process, help students adjust their learning
strategies, overcome difficulties in learning, and optimize
personalized learning paths [9, 10].

Our proposed NLP-based system design combines ad-
vanced artificial intelligence technologies such as deep
learning technology, sentiment analysis, and semantic un-
derstanding, which can process massive data generated
by students in the learning process and identify informa-
tion such as each student’s learning habits, knowledge
mastery, and emotional state [11, 12]. The self-learning
management mechanism is designed to continuously im-
prove evaluation accuracy, enhance feedback pertinence,
and dynamically adapt to evolving student learning needs.
Driven by big data analysis and intelligent recommenda-
tion algorithms, it operates through three iterative closed
loops: It continuously collects teacher corrections on gen-
erated feedback (e.g., modifying inappropriate learning
strategy suggestions) to refine evaluation criteria; analyzes
student response rates (e.g., 70% of students completing
recommended practice tasks vs. 30% ignoring them) to
adjust suggestion urgency; and tracks long-term perfor-
mance trends (e.g., improved test scores after 8 weeks of
following feedback) to optimize the weight of key indica-
tors in the recommendation model [13]. The system also
can learn and optimize itself. By introducing big data anal-
ysis and an intelligent recommendation algorithm, the sys-
tem can not only adjust the feedback content according
to students’ feedback and learning achievements but also
dynamically adjust the evaluation method according to
students’ progress and needs, further improving the accu-
racy of evaluation and the effectiveness of feedback [14,
15]. This process constantly provides teachers and students
with the latest teaching suggestions and learning strategies,
helping students realize self-management and form good

study habits.
This study also explores the application of learner

opinion extraction technology. This technology can help
teachers better understand learners’ learning needs and
learning effects and play an essential role in constructing
teaching resources [16–18]. The workflow of resource
optimization is as follows: When learner opinion ex-
traction identifies that over 40% of students struggle
with 'linear algebra fundamentals' in discussion posts,
the system first retrieves supplementary materials (e.g.,
video tutorials, simplified exercises) from the knowledge
base and pushes them to students; second, it adjusts
the lesson sequence to reintroduce related prerequisites
before advanced topics; finally, it flags the concept to
teachers with a report detailing common confusion points,
enabling targeted in-class explanations [19, 20]. This work
presents three core scientific novelties that distinguish it
from existing research. First, we propose a multimodal
learner modeling framework integrating textual content,
learning behavior, and emotional state data, which breaks
the limitation of traditional single-source text-based
assessment and lifts comprehensive assessment accuracy
from 72% to 89% as verified by experiments. Second,
we design a three-dimensional personalized feedback
generation mechanism combining academic feedback,
learning strategy feedback and emotional feedback.
This mechanism cross-references emotional cues with
contextual learning data, avoiding generic one-size-fits-all
guidance and ensuring motivational feedback is grounded
in actual learning behaviors. Third, we develop an iterative
closed-loop self-optimization mechanism, which enables
the system to dynamically evolve with student progress
and teacher input without manual reconfiguration of
evaluation rules.

2. Materials and methods

2.1. Personalized Learning Path Generation and Adap-
tive Feedback Mechanism

The strategies and approaches adopted in this study are
grounded in solid educational theories and proven techni-
cal feasibility, with clear logical alignment with the research
objectives. Constructivist learning theory emphasizes that
learning is an active knowledge construction process of
learners, and effective learning support should be person-
alized, contextualized and learner-centered.

Personalized learning path and feedback generation
technology is one of the core functions of intelligent assess-
ment system, and its design purpose is to meet students’
specific needs, interests and learning progress. As shown
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in Eqs. (1) and (2), Popt is the optimal personalized path,
fac(Pst) is the accuracy function, feg(Pst) is the participa-
tion function, v and q are the weight coefficients, Pst is the
students’ personalized learning path, Cft is the learning
content characteristics, Ind is the students’ needs, Spg is the
students’ progress and Lis is the students’ interest level.

Pst = f (C f t, Ind, Spg, Lis) (1)

Popt = arg max
Pst

(︁
v · fac(Pst) + q · feg(Pst)

)︁
(2)

With the continuous development of big data and ma-
chine learning technology, personalized learning path and
feedback generation have become important technical
means to promote the personalization and intelligence
of education. By analyzing students’ learning behavior
data, as shown in Eq. (3), Mst is the student’s learning
model, Bi is the student’s behavior data, Wi is the behavior
weight, and N is the total number of data, this technology
establishes students’ learning model, and infers their learn-
ing characteristics, knowledge mastery level and potential
learning difficulties.

Mst =
N

∑
i=1

(Bi · Wi) (3)

In the process of generating personalized learning paths,
commonly used technologies include collaborative filter-
ing algorithms, content-based recommendation algorithms,
and autoencoder models in deep learning. As shown in
Eq. (4), Rrec is the recommendation path, Ssim(Sj, Stgt) is
the similarity, Ij is the recommended content of student
j, and M is the total number of recommended students.
The collaborative filtering algorithm finds out similar stu-
dent groups by analyzing the learning behaviors and pref-
erences of different students, and recommends learning
content and learning paths according to these similarities.

Rrec =
M

∑
j=1

(︂
Ssim(Sj, Stgt) · Ij

)︂
(4)

However, these algorithms face limitations: For students
with atypical patterns (e.g., alternating between advanced
and elementary content weekly), collaborative filtering fails
to find similar user groups; new students with sparse data
(less than 5 learning records) lead to content-based recom-
mendations overly relying on initial interests, risking nar-
row learning paths. To mitigate these, the system adopts
hybrid models: It combines collaborative filtering with
rule-based logic (e.g., mandatory coverage of core knowl-
edge) for atypical learners, and uses transfer learning from

peer groups with similar demographic features to initial-
ize paths for new students, gradually refining them with
accumulated data.

Content-based recommendation algorithm analyzes the
characteristics of learning content to match learning re-
sources suitable for students’ current learning stage and
needs. The self-encoder model carries out feature learning
on students’ learning behavior data through deep learning
technology. As shown in Eqs. (5) and (6), Pst is the predic-
tion path, fAE is the self-encoder function, Xst is the student
learning data, WAE is the self-encoder weight, Crec is the
recommended content, Tk is the content feature, Ck is the
content matching degree, and K is the number of features,
which can effectively model students’ learning progress
and interest, thus designing a more accurate personalized
learning path for students.

Crec =
K

∑
k=1

(Tk · Ck) (5)

P̂st = fAE(Xst, WAE) (6)

Besides the design of learning paths, personalized feed-
back generation is also one of the key functions of this
system. Personalized feedback is not only the evaluation
of students’ homework or test results, but also the com-
prehensive analysis and suggestions of students’ learning
process. As shown in Eqs. (7) and (8), Fmd is comprehensive
feedback, Fac is academic feedback, Fst is learning strategy
feedback, Fem is emotional feedback, v, q and m are weight
coefficients, Ffb is personalized feedback, Mst is student
learning model, Pst is student personalized learning path,
and Eem is emotional state. The feedback content not only
covers students’ academic achievements, but also involves
learning methods, learning strategies, emotional motiva-
tion and other aspects.

Ff b = g(Mst, Pst, Eem) (7)

Fmd = v · Fac + q · Fst + m · Fem (8)

2.2. Multidimensional Student Performance Evaluation
Indicators and Methods

The weights of academic, behavioral, and emotional dimen-
sions in the comprehensive evaluation are determined by
a combined subjective-objective weighting method, rather
than being set arbitrarily. First, initial weights are estab-
lished through expert judgment using the analytic hierar-
chy process: five experienced educational technology ex-
perts rate the relative importance of each dimension based
on teaching objectives and cognitive development laws.
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Second, the initial weights are calibrated and iteratively
optimized using objective experimental data: Pearson cor-
relation coefficients between each indicator and final learn-
ing outcomes are calculated to adjust weight distribution
dynamically. As shown in Eqs. (9) and (10), Eem is the stu-
dent’s emotional state, Stxt is the text data, Vvc is the voice
data, Pgs is the body language data, Etot is the comprehen-
sive evaluation of students, Ak is the academic task score,
Wk is the academic task weight, and K is the total number of
tasks. The evaluation system of student performance needs
to be based on multi-dimensional indicators and methods
to fully embody the concept of personalized teaching.

Etot =
K

∑
k=1

(Ak · Wk) (9)

Eem = h(Stxt, Vvc, Pgs) (10)

Academic ability is one of the important dimensions
in student performance assessment, which is usually as-
sessed through students’ academic tasks such as assign-
ments, tests, projects, etc. As shown in Eq. (11), Fem is emo-
tional feedback, fpos(Eem) is positive feedback, fneg(Eem) is
negative feedback, and v and q are weight coefficients. With
the development of natural language processing technol-
ogy, NLP-based composition scoring system has become
an important tool for academic ability assessment.

Fem = v · fpos(Eem) + q · fneg(Eem) (11)

Notably, the system adapts to diverse writing genres by
applying genre-specific evaluation rubrics. For academic
writing, it prioritizes logical coherence, evidence usage,
and disciplinary terminology accuracy; for creative writing,
it emphasizes narrative structure, imagery richness, and
emotional resonance. This flexibility is achieved by training
genre-specific sub-models on labeled samples of academic
essays, short stories, and reflective journals, ensuring that
evaluation criteria align with the unique demands of each
writing type.

These systems can automatically give scores by ana-
lyzing the grammar, structure, language expression and
logical thinking in students’ compositions, which greatly
improves the efficiency and accuracy of evaluation. As
shown in Eq. (12), Ssc is the automatic scoring result, Pi

is the student’s homework performance index, Wi is the
weight coefficient, and N is the number of indicators. The
automatic scoring system of composition based on the deep
learning model can accurately identify the language char-
acteristics and writing quality of students’ compositions by
learning a large amount of labeled data, thereby providing
efficient and personalized scoring.

Ssc =
N

∑
i=1

(Pi · Wi) (12)

Image recognition technology has also begun to be ap-
plied in students’ homework evaluation, especially when
handwriting homework is involved. Homework image
analysis technology based on image recognition can effec-
tively recognize students’ writing content. As shown in
Eq. (13), Ssc is the predicted composition score, fDL is the
deep learning score function, Xess is the composition text
data, and WDL is the deep learning weight, which performs
automatic scoring, thus reducing the workload of teachers.

Ŝsc = fDL(Xess, WDL) (13)

3. Results and discussion

3.1. NLP-Based Automated Teaching Feedback and Stu-
dent Performance Evaluation System Architecture
and Module Design

3.1.1. NLP-based student performance assessment model

For educational scenarios, we define a structured fine-
grained opinion mining framework with clear evaluation
entities, attribute dimensions, and sentiment annotation
schemes. Three core evaluation entities are identified from
student text: knowledge points (e.g., specific algorithms,
programming concepts), learning resources (e.g., tutorial
videos, exercise sets), and teaching activities (e.g., discus-
sion sessions, assignment tasks).

The student performance evaluation model based on
natural language processing (NLP) is the core component
of a modern educational intelligence system. Its main goal
is to comprehensively evaluate students’ learning status
through in-depth analysis of students’ multi-dimensional
learning data and help teachers and educational adminis-
trators understand students’ learning process and mastery
[21, 22]. The core NLP assessment model adopts a two-tier
architecture combining static word vectors and a fine-tuned
domain-specific pre-trained language model. For basic
semantic representation, we use 300-dimensional GloVe
(Global Vectors for Word Representation) word vectors pre-
trained on the Wikipedia 2014 + Gigaword 5 corpus as the
base embedding layer. For deep semantic understanding
and sentiment mining, we fine-tune the BERT (Bidirec-
tional Encoder Representations from Transformers)-base
uncased model on a custom educational domain corpus.
The training corpus consists of 128,000 pieces of student-
generated text collected from introductory computer sci-
ence courses, including assignment answers, discussion
posts, reflective journals and exam responses, annotated
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by 8 experienced teaching assistants for knowledge mas-
tery level and sentiment labels [23, 24]. NLP-based stu-
dent performance assessment models rely on multiple text
analysis techniques and semantic comprehension methods.
Word vector models (such as Word2Vec and Glove) and pre-
trained language models are the core tools of the system.
The word vector model can transform each word in the text
into a low-dimensional vector representation and capture
the semantic relationship between words, thus providing
powerful semantic analysis capabilities for the system [25,
26]. Word2Vec (Word to Vector) learns the similarities be-
tween words by analyzing contextual information in the
large-scale corpus, while Glove generates word vectors by
counting word frequency and co-occurrence.

Figure 1 is a student performance assessment and
feedback diagram based on NLP. The core analysis layer
integrates word vector models (Word2Vec, GloVe) and
pre-trained language models to extract three dimensions
of features: academic mastery (knowledge point cover-
age, logical coherence), learning engagement (participa-
tion depth, interaction frequency), and emotional state
(positive/negative sentiment, confusion/frustration cues).
These features are fed into the learner modeling module
to generate a comprehensive student profile, which finally
outputs two branches of results: teacher-side evaluation
reports and student-side personalized feedback.

Fig. 1. Student performance assessment and feedback
diagram based on NLP

The NLP-based student performance assessment model
can perform coarse-grained analysis and fine-grained emo-
tion and opinion mining. Early opinion mining meth-
ods usually focused on document-level analysis, that is,
through sentiment classification of the document as a
whole, such as the discrimination between positive or neg-
ative emotions. The proposed framework is implemented
and validated in the context of undergraduate introductory
computer science courses, covering two typical teaching
scenarios: large-scale fully online courses (over 500 en-

rolled students per class) and blended offline-online learn-
ing seminars.

The experiment involves 346 second-year undergradu-
ate students from two parallel classes at a comprehensive
university. The participant group consists of 48% female
and 52% male students, among whom 30% are non-native
English speakers. All participants have equivalent basic
programming proficiency as confirmed by pre-course place-
ment tests. The experiment runs for 16 weeks, with the ex-
perimental group adopting the proposed NLP assessment
framework and the control group receiving traditional man-
ual teaching feedback.

In contrast, fine-grained sentence-level mining is ap-
plied to detailed interactions—for example, analyzing each
comment in online discussion threads to detect nuanced
attitudes toward specific concepts (e.g., confusion about a
mathematical formula vs. frustration with a teaching ex-
ample), enabling targeted feedback. Figure 2 is a graph of
automated teaching feedback generation and personaliza-
tion. The middle processing layer implements three core
operations: first, attribute-level opinion mining to iden-
tify students’ attitudes toward specific knowledge points;
second, learning path matching based on individual mas-
tery levels; third, emotional context calibration to avoid
generic feedback. The output layer generates three cate-
gories of personalized feedback: academic correction feed-
back, learning strategy suggestions, and emotional moti-
vational feedback, each adapted to students’ individual
learning trajectories.

Fig. 2. Automated teaching feedback generation and
personalization diagram

3.1.2 Feedback generation and interaction module design

The feedback generation module adopts an encoder-
decoder generative architecture based on the fine-tuned
T5-small model, optimized for educational feedback gen-
eration tasks. We design a three-component prompt en-
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gineering strategy tailored to personalized feedback. The
first component is learner state embedding, which inte-
grates knowledge mastery level, recent learning progress,
and emotional state features extracted by the NLP assess-
ment model. The second component is feedback goal spec-
ification, which defines the feedback type (academic cor-
rection, strategy guidance, or emotional motivation) and
expected tone. Students can switch between 'text-heavy
feedback' (detailed written suggestions) and 'visual feed-
back' (progress graphs with color-coded mastery levels)
based on their preference, enhancing usability across dif-
ferent learning styles.

Figure 3 is the data analysis and evaluation diagram of
students’ learning behavior. The vertical axis represents
Pearson correlation coefficient with comprehensive assess-
ment scores. Assignment submission timeliness shows
the highest correlation (r=0.624), followed by discussion
depth (r=0.408), while passive resource browsing has the
lowest correlation (r=0.298). All indicators show positive
correlation with learning outcomes.

Fig. 3. Data analysis and evaluation diagram of students’
learning behavior

The interaction module is core to ensuring students and
teachers can use feedback effectively. The main goal of this
module design is to provide a simple, easy-to-use, and in-
tuitive operation interface for teachers and students so that
the feedback information can be transmitted to the target
users quickly and accurately. The teacher’s interactive inter-
face usually includes students’ evaluation reports, personal-
ized feedback, suggestions on learning strategies, and emo-
tional state feedback. According to these feedback results,
teachers can understand each student’s learning progress,
learning bottlenecks, and emotional changes to make tar-
geted teaching adjustments and counseling. Teachers can
view students’ overall performance and intuitively see stu-
dents’ learning curves, homework completion, and other
key indicators through data visualization charts, which fur-
ther help them formulate personalized tutoring plans. The
interaction module is also of great significance. Through
the interactive interface, students can check their learning

progress, emotional changes, and suggestions for improve-
ment over time, and they can adjust their learning strate-
gies according to the feedback information provided by the
system. Figure 4 is a chart of personalized feedback gener-
ation and effect evaluation. The system will show students’
scores, learning progress, and knowledge points in each
learning stage through charts to help students recognize
their strengths and weaknesses in learning.

Fig. 4. Personalized feedback generation and effect
evaluation diagram

Through attribute extraction, the system can identify
students’ views on specific learning content, teaching ac-
tivities, or learning resources and give more personalized
feedback based on their learning performance. The auto-
mated instructional feedback generated by the NLP-based
Automated Teaching Feedback and Student Performance
Assessment System is distinguishable from generic advi-
sory content in that it integrates individual students’ histor-
ical learning trajectories, emotional feature data, and core
dimensions of student performance assessment. Relying
on natural language processing (NLP) technologies for data
mining and semantic analysis, the system eschews one-size-
fits-all guidance, instead constructing feedback content that
aligns with each learner’s unique academic background,
learning regularity, and emotional state—thereby realiz-
ing the organic integration of personalized teaching feed-
back and comprehensive student performance assessment,
which is a core functional advantage differing from con-
ventional generic guidance mechanisms. Table 1 shows
the correlation analysis between various behaviors and
comprehensive evaluation of learners. The system can
classify and integrate students’ multiple evaluations of dif-
ferent learning resources, extract the most representative
opinions, and generate personalized learning suggestions
according to these opinions. Attribute aggregation can
also find commonalities among multiple feedbacks, thus
providing teachers with more accurate student learning
feedback and helping them optimize teaching strategies.

“‘[cite: 19, 20]
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Table 1. Correlation analysis between various behaviors and comprehensive evaluation of learners

Behavior N Pearson coefficient Relevance

P1 123 0.624* P1 → CA (Comprehensive Assessment) significantly correlated
P2 21 0.308 P2 → CA correlation
P3 26 0.389 P3 → CA related
E1 14 0.408 E1 → CA correlation
E3 18 0.351 E3 → CA related
I1 31 0.298 I1 → CA correlation

3.2. Application of Natural Language Processing Tech-
nology in Student Performance Assessment

3.2.1 Generation and optimization of student personalized feed-
back

In the NLP-driven automated teaching feedback and
assessment system, the generation and continuous opti-
mization of personalized feedback is a core functional mod-
ule. To avoid overreliance on generic positive feedback and
minimize emotional misinterpretation, the system cross-
references emotional cues with contextual learning data
for calibration. For instance, if a student expresses anxi-
ety in a mathematics assignment, the system first verifies
whether this anxiety is task-specific by cross-checking the
student’s submission history, such as repeated errors on
algebra-related problems. Feedback is then framed to link
encouragement to concrete actionable steps: “Noticing you
have struggled with algebraic reasoning steps—your re-
cent progress with fraction operations demonstrates you
can master this. Let us start with two simpler algebra prob-
lems, and I will highlight where your approach is correct.”
This strategy ensures empathetic feedback is grounded in
actual learning behaviors rather than generic praise, re-
ducing the risk of misinterpretation. Figure 5 shows the
assessment diagram of the correlation between students’
emotional state and learning performance. In this process,
students’ homework is deeply analyzed using a language
model, text classification model, syntactic analysis, and
other technologies, and comprehensive assessment indica-
tors are obtained. Through the grammatical analysis model,
the system can identify whether students use grammati-
cal rules correctly. The system can infer whether students
have mastered specific knowledge points through semantic
understanding technology.

NLP technology can generate personalized teaching
feedback. A key trade-off exists: Real-time processing
prioritizes speed for surface-level issues (e.g., grammar
errors, immediate emotional cues in discussion posts) to
ensure timely responses. In-depth analyses (e.g., logical
flaws in argumentative essays, long-term knowledge gaps)
require batch processing and take 1-2 hours. The system

Fig. 5. Correlation assessment diagram between students’
emotional state and learning performance

balances this via a two-tier mechanism: instant alerts for
critical issues (e.g., sudden negative emotional spikes) and
scheduled deep dives (e.g., daily reports on logical coher-
ence) to maintain both responsiveness and depth. Another
key application of NLP technology in student performance
assessment is the real-time monitoring and analysis of stu-
dent behavior. By analyzing students’ interactive data on
the learning platform, such as discussion posts, question
and answer records, online homework, etc., NLP technol-
ogy can evaluate students’ learning participation, under-
standing ability, and thinking depth. Every discussion post,
question answer, and even comment of students can be
used as an essential basis for evaluating students’ think-
ing process and understanding. Figure 6 is a diagram of
multi-modal data fusion in student performance evalua-
tion. This process usually combines text classification and
sentiment analysis technology, which can identify students’
thinking characteristics in the learning process and help
teachers accurately understand students’ learning progress
and problems encountered.

3.2.1. Multi-modal data fusion and feedback accuracy improve-
ment

Multi-modal data fusion technology is vital in automated
teaching feedback and student performance evaluation sys-
tems based on natural language processing (NLP). With
the increasing demand for intelligent teaching in educa-
tion, the traditional evaluation method of a single data
source has been challenging to capture students’ learn-
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Fig. 6. Multimodal data fusion in student performance
evaluation diagram

ing status and emotional changes. Comparative analyses
show that single-modal text analysis alone achieves an
accuracy of approximately 72% in assessing student com-
prehension and engagement levels. In contrast, integrating
text with emotional data (e.g., sentiment from discussions
and facial expressions) increases this accuracy to 84%, while
further incorporating behavioral data (e.g., learning dura-
tion, assignment submission frequency) raises it to 89%.
These improvements validate those multi-modal fusion
captures richer contextual information than single-modal
approaches. Text data is the basis of systematic evaluation
of students’ performance. By analyzing the text contents
such as assignments, discussions, and answers submitted
by students, the system can evaluate students’ knowledge
mastery, thinking ability, emotional attitude, etc. Figure 7
is a performance comparison and evaluation diagram of
the automated teaching feedback generation model. At
the same time, the behavioral data comes from students’
interactive information on the learning platform, such as
clicks, learning time, video viewing records, etc. These data
can help the system understand students’ learning habits,
participation, and progress.

Fig. 7. Performance comparison and evaluation diagram
of automated teaching feedback generation model

The core goal of multi-modal data fusion is to effectively
combine different types of data to improve evaluation accu-
racy and feedback comprehensiveness. To resolve conflicts

between models, the system employs a weighted conflict
resolution mechanism. Each model is assigned a weight
based on its historical performance on specific tasks (e.g.,
a grammar model with 92% accuracy on writing tasks has
higher weight for essay evaluation). If Model A classifies
a student as 'proficient' but Model B as 'struggling,' the
system calculates a weighted score: (Model A score × A’s
weight) + (Model B score × B’s weight). For tie-breaking,
domain expertise is prioritized—e.g., a sentiment model
takes precedence for emotional engagement assessment.
The ensemble learning algorithm improves the robustness
and accuracy of the system by combining multiple differ-
ent evaluation models. Figure 8 is an evaluation diagram
of students’ homework and discussion data analysis re-
sults. The system can use various sub-models to evaluate
students’ learning behavior, emotional state, knowledge
mastery, etc., respectively, and then integrate the evaluation
results of each model through weighted average or voting
to finally obtain more accurate student performance evalu-
ation results. To improve the feedback accuracy, the system
must continuously optimize the data fusion process.

Fig. 8. Evaluation Chart of Student Homework and
Discussion Data Analysis Results

In opinion extraction, the system can optimize data fu-
sion by calculating the distance between adjacent words.
Concretely, non-text data is integrated with text analysis
through a shared feature embedding space. For example,
when a student submits a math assignment with text re-
sponses indicating 'neutral' effort, but video-based facial
expression analysis detects Frowning and frequent sigh-
ing - signs of friction - the system maps both signals to
a struggling with task feature cluster. this triggers feed-
back adjusted to address both content (e.g.,' let's break this
problem into 3 steps') and emotion (e.g.,' it's normal to find
this challenging - let's try a simpler example first'). Table 2
shows the number of records and the proportion of an-
cient viewpoints of various resource quality evaluations.
By fusing behavioral data, emotional data, visual data, and
other data types, the system can realize comprehensive
monitoring and real-time feedback of students’ learning
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process, provide teachers with accurate teaching guidance
information, and help students continuously optimize their
learning strategies in the dynamic learning process. Ap-
plying this multi-modal data fusion technology improves
the teaching evaluation system’s accuracy and promotes
educational intelligence, making the educational process
more personalized, accurate, and intelligent.

3.3. Experimental Analysis

We further conducted a systematic usability evaluation of
the teacher-student interaction module. The test recruited
42 teachers and 186 undergraduate students as participants,
who used the system for 8 weeks and completed standard-
ized usability questionnaires. The System Usability Scale
(SUS) score reaches 82.4 out of 100, indicating good over-
all usability. For teachers, 85.7% of participants reported
reduced grading workload, and 78.6% agreed that the in-
terface helped them quickly identify students’ learning
bottlenecks. For students, 83.3% found the feedback pre-
sentation clear and easy to understand, and 79.6% reported
that the adjustable feedback mode (text-heavy or visual)
matched their personal learning preferences. In addition,
91.2% of teachers and 88.2% of students rated the overall
interaction experience as satisfactory or better. Figure 9 is a
dynamic relationship evaluation diagram between learn-
ing progress and feedback accuracy, especially in text data
processing. The system can extract key information from
students’ texts through deep learning algorithms to accu-
rately evaluate students’ knowledge mastery, emotional
attitude, and other dimensions.

Fig. 9. Dynamic relationship evaluation diagram between
learning progress and feedback accuracy

A 16-week controlled experiment was conducted with
346 undergraduate students from two parallel classes: one

class as the experimental group using the proposed frame-
work, and the other as the control group adopting tradi-
tional teaching feedback methods. Concrete experimental
results are as follows. For engagement performance, 90.2%
of students in the experimental group reported heightened
learning enthusiasm in the first 4 weeks of system use,
82.5% maintained high engagement at week 12, and the
engagement rate remained 76.3% at week 16. For academic
outcomes, final exam scores of the experimental group im-
proved by 15% compared with the pre-system baseline,
and knowledge retention was 65.9% higher than that of
the control group. For assessment accuracy, single-modal
text analysis achieves 72% accuracy in evaluating student
comprehension and engagement, integrating emotional
data increases accuracy to 84%, and further incorporating
behavioral data raises it to 89%. For user experience, the
personalized feedback satisfaction rate reaches 91.3% in
the experimental group, and an 88.65% improvement in
overall student engagement is observed compared with
the control group. Figure 10 is an evaluation diagram of a
customized learning path and feedback adjustment process.
The system can efficiently process large-scale data, ensure
the speed and accuracy of feedback generation, and have
good scalability to adapt to the growing data scale and user
needs.

Fig. 10. Personalized learning path and feedback
adjustment process evaluation diagram

All percentage data are derived from standardized mea-
surement and controlled comparison, with detailed acqui-
sition approaches as follows. The 88.65% engagement im-
provement, 65.9% knowledge retention increase and 91.3%
satisfaction rate are calculated by comparing pre-test and
post-test data between the control and experimental groups.
Specifically, engagement improvement is measured by the
relative increase in average weekly participation frequency,
discussion interaction depth and assignment completion
quality; knowledge retention is evaluated by unified re-
tention tests 4 weeks after each teaching unit; satisfaction
rate is collected through anonymous post-experiment ques-
tionnaires. Additionally, for younger students with limited
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Table 2. Number of records and proportions of various resource quality evaluation viewpoints

Category Evaluation Quantity Proportion

Individual factors P1 123 35.18%
P2 21 5.72%
P3 27 7.55%

Network learning environment E1 14 4.10%
E3 18 5.18%

Network interaction behavior I1 31 8.85%
I2 17 4.96%

writing skills (e.g., primary school pupils), text-based NLP
analysis yields sparser insights, requiring heavier reliance
on supplementary visual/behavioral data to maintain accu-
racy. Figure 11 shows the automatic grading and feedback
effect evaluation diagram of students’ homework based on
NLP technology. It can provide more accurate and flexible
evaluation results than traditional evaluation methods.

Fig. 11. Automatic grading and feedback effect evaluation
of student homework based on NLP technology

4. Conclusion

This study explores how to improve educational assess-
ment’s personalization, accuracy, and efficiency through
advanced artificial intelligence technology by designing
and implementing an automated teaching feedback and
student performance assessment system based on natural
language processing. This work carries important scientific
significance across theoretical, methodological and prac-
tical dimensions. Theoretically, it enriches the theoretical
system of multimodal learning analytics and intelligent
educational assessment, and empirically verifies the pro-

motion effect of multimodal data fusion on evaluation ac-
curacy, providing a referential framework paradigm for the
educational NLP field. Methodologically, it establishes a
complete technical path from multi-source data fusion to
fine-grained learner modeling and personalized feedback
generation, offering replicable methodological references
for related research. Practically, it provides a deployable
technical solution for real large-scale online learning scenar-
ios, effectively reducing teachers’ workload and improving
students’ learning outcomes. By comprehensively analyz-
ing students’ learning data, including homework, tests,
emotional state, etc., the system automatically generates
feedback to help teachers know students’ learning progress
in time, provide more targeted guidance, and thus improve
students’ learning effect and motivation.

1. This study proposes and implements an automated
student performance evaluation and feedback genera-
tion system based on NLP technology. The innovation
of this system lies in the in-depth analysis of students’
text data using NLP technology. Through semantic
understanding, sentiment analysis, and other tech-
nologies, it can comprehensively evaluate students’
knowledge mastery, learning attitude, and emotional
fluctuation. The system combines personalized learn-
ing path generation and multi-modal data fusion tech-
nology. It can generate targeted feedback according
to students’ learning progress, emotional state, and
behavioral data, ensuring every student can get per-
sonalized learning suggestions. The feedback content
of the system is not only limited to academic evalua-
tion but also includes emotional motivation, learning
strategy suggestions, etc., to enhance students’ learn-
ing enthusiasm and effect comprehensively.

2. In terms of system design, this study adopts an NLP-
based student performance assessment model com-
bined with technologies such as deep learning, senti-
ment analysis, and multi-modal data fusion to ensure
assessment accuracy and feedback personalization. To
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ensure fairness, the system incorporates equity safe-
guards: Datasets are balanced across gender, language
backgrounds, and learning styles (e.g., 48% female,
52% male samples; 30% non-native English speakers).
Text analysis is normalized to account for language
proficiency—e.g., non-native writers are evaluated on
content rather than grammatical fluency. Regular bias
audits (quarterly) check for disparities in feedback
tone or resource recommendations across groups, with
adjustments made to mitigate identified biases.

3. When evaluating the performance of students’ home-
work, 67.23% of students’ homework scores are be-
low 70 points, which shows that many students still
have room for improvement in academic performance.
92.5% of students showed more positive performance
in classroom participation. Still, the correlation be-
tween involvement and academic performance was
low compared to learning progress and assignment
submission (34.67% of students submitted time delay).
81.1% of the students showed positive emotions in
the sentiment analysis, and 55.44% showed significant
emotional fluctuations, especially in the middle-term
evaluation, which indicated that emotional factors sig-
nificantly influenced the learning effect. The system
monitoring shows that 63.8% of students’ homework
quality needs improvement, and 72.9% of the feedback
shows students’ demand for personalized guidance,
reflecting that the feedback system has a strong cus-
tomized demand.
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