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SUMMARY: With the continuous advancement of digital teaching, English reading teaching
in colleges and universities has put forward higher requirements for reading process
identification, strategy analysis and accurate feedback. Aiming at the intelligent analysis task
of college English reading comprehension strategies, this paper constructs a knowledge
graph assisted analysis model, establishes a heterogeneous semantic network around reading
text, topic type, behavior log and strategy label, and fuses text semantic features and learning
behavior features. Gated fusion, graph reasoning and deep learning coding are used to
realize strategy recognition such as skiming, scanning, inference and generalization. At the
same time, the feedback adaptation, portrait update and joint optimization mechanisms are
designed to form a closed loop of "recognition-feedback-correction-re-identification”. The
experiment is carried out based on 168 reading texts, 840 questions, 4120 strategy samples
and 28640 behavior fragments. The results show that the accuracy of the model is 91.9%, the
F1 value is 91.0%, the F1 value of the logical inference task is 90.2%, and the average
response delay is 0.67 s. The results show that the knowledge graph driven multi-source
fusion and graph reasoning method can effectively improve the accuracy, adaptability and
teaching support value of college English reading comprehension strategy analysis.

KEYWORDS: Knowledge graph; College English reading; Reading comprehension strategy;
Intelligent analysis

1 Introduction

English reading teaching in colleges and universities has long undertaken multiple tasks such
as vocabulary accumulation, discourse comprehension, logical inference and cross-cultural
cognitive training, which is an important link in the formation of students ‘comprehensive
English ability. With the continuous improvement of digital teaching environment, reading
teaching has gradually shifted from simply focusing on reading results to continuous analysis
of reading process, comprehension path and strategy usage [1]. In practical teaching, students
often show the characteristics of obvious differences in strategy use, unclear problem
positioning, and fragmentation of reading behavior in reading comprehension. Some students
rely on words to translate sentence by sentence, and it is difficult to grasp the structure of the
text. Some of them can quickly obtain surface information, but their performance is
insufficient in infering the author's intention, identifying implicit logic and integrating key
information [2]. Although teachers can give guidance by virtue of experience, in the face of
large-scale, multi-level and dynamically changing reading data, it is difficult to form a stable,
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fine and traceable strategy analysis mechanism only relying on manual observation [3].

The development of artificial intelligence, educational data mining and natural language
processing technology provides new methodological support for college English reading
comprehension research [4]. In particular, due to the structural expression ability of entities,
relations and semantic networks, knowledge graphs can organize the associations between
vocabulary, grammar, topic concepts, discourse logic and reading strategies, providing a
stronger semantic interpretation basis for modeling the reading comprehension process [5].
Compared with traditional analysis methods based on score statistics or questionnaire
induction, knowledge graph can not only present the correlation structure between reading
knowledge points, but also combine learning behavior data, text semantic features and
strategy performance results to mine students' cognitive paths and weak links in reading, so as
to improve the accuracy of reading strategy recognition and the pertinence of feedback [6, 7].

At present, related research has made certain progress in intelligent reading
recommendation, learning portrait construction, text semantic analysis and other aspects, but
there is still a lack of a more complete technical path for "how to form a collaborative support
between knowledge graph and reading behavior analysis, strategy recognition model and
teaching feedback mechanism™ [8]. Some studies focus on text difficulty analysis and lack of
joint modeling of learners 'behavior and strategy states. Although some studies introduce deep
learning methods, they have shortcomings in the interpretability of results and the
transferability of teaching [9, |10]. Based on this, this paper focuses on the intelligent analysis
task of college English reading comprehension strategies, constructs a knowledge graph
assisted analysis model, integrates the semantic features of reading text and learning behavior
features, introduces graph reasoning and deep learning methods to realize reading strategy
recognition, and further designs an intelligent analysis system for teaching applications and a
feedback optimization mechanism. The purpose of this paper is to provide a research path
with technical support, process explanation and practical application value for English reading
teaching in colleges and universities.

2 Related work

Focusing on the formation mechanism and strategic influencing factors of English reading
comprehension ability in colleges and universities, the existing research mainly focuses on
three aspects: language foundation, cognitive processing and teaching intervention. \ettori et
al. conducted a systematic review of English as a foreign language learners' exposative
reading comprehension and pointed out that vocabulary, language ability, cognitive
processing and higher-order thinking skills jointly affect reading comprehension performance,
providing a comprehensive analysis framework for reading strategy research [11]. Nash et al.
introduced dynamic vocabulary learning assessment into reading research, emphasizing that
vocabulary development process has predictive value for reading comprehension level and
weak reader identification [12]. Gunnerud et al. investigated the skill level and prediction
model of bilingual children's reading comprehension, indicating that the language acquisition
background would affect the structure of reading comprehension ability [13]. Babayigit et al.
further pointed out that although bilingual learners have advantages in some cognitive
dimensions, vocabulary limitation will still weaken their reading comprehension effect [14].
Calafato et al. discussed the differences between EFL learners' language comprehension and
text perception from the perspective of literary ability portrait, expanding the ability
dimension of reading comprehension research [15].

In terms of teaching support and digital intervention, Shao et al. embedded metacognitive
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reading strategies into gamified interactive e-books and verified the promotion effect of the
combination of digital resources and strategy training on reading comprehension and learning
motivation [16]. Seifert pointed out through textbook analysis that reading comprehension
ability was not fully presented in teaching resources, suggesting that there was still a
structural gap in classroom reading training [17]. Kremmel et al. conducted replication
research on the relationship between unknown word density and reading comprehension,
further highlighting the fundamental role of vocabulary coverage on comprehension quality
[18]. Orhan compared the effects of online and classroom problem-based learning in college
EFL classrooms, and showed that teaching organization would affect learning outcomes and
critical thinking development [19]. Michos et al. proposed that teachers' data literacy is an
important predictor of the use of learning analytics data, which provided practical
enlightenment for how the results of intelligent analysis of reading comprehension really enter
into teaching decision-making [20].

In terms of intelligent analysis and computational model, Li et al. proposed a
question-aware memory network for multi-hop question answering, indicating that complex
semantic tasks can achieve more effective information integration through memory modeling
[21]. Liao et al. discussed the problem of multi-hop reasoning on knowledge graphs, which
provided a method basis for cross-sentence information association and implicit relationship
mining in reading comprehension [22]. Feng et al. used contrastive learning to improve the
robustness of machine reading comprehension, indicating that the deep model can still
improve the stability by optimizing the training mechanism under noise interference and
semantic perturbation [23]. Huang et al. aligned explicit knowledge and tacit knowledge into
the process of human-like reading comprehension, and strengthened the reasoning depth and
knowledge utilization effect in multi-hop question answering [24]. Hu et al. modeled session
flow information based on graph neural networks and demonstrated the advantages of graph
structure methods in capturing context dependencies in machine understanding tasks [25].

In general, the existing research fully reveals the influence of vocabulary, cognition,
teaching methods and digital resources on reading comprehension, and also provides technical
reference for multi-hop reasoning, graph modeling and robust optimization. However, the
existing results mainly focus on reading performance interpretation, single strategy training or
general machine reading comprehension tasks, and there are still few studies on the integrated
modeling of "knowledge graph-reading behavior-strategy recognition-teaching feedback™ in
college English reading scenarios. Based on this, this paper attempts to combine knowledge
graph, graph reasoning and deep learning methods to build an intelligent analysis model for
college English reading comprehension strategies.

3 Construction of an intelligent analysis model for College
English reading comprehension strategies assisted by
knowledge graph

3.1 College English reading knowledge Graph Construction and semantic
association representation

College English reading is not a linear process of vocabulary, syntax, topic and strategy
separated from each other, but a dynamic cognitive activity of language knowledge, discourse
structure, task requirements and learner behavior. If the traditional tabular statistics or single
label labeling method is still used, it can only record the results of students' “correct answers
or wrong answers"”, and it is difficult to reveal their real strategy paths in topic grasp, detail
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location, logical inference and discourse integration. In order to improve the structural degree
and interpretability of reading comprehension strategy analysis, this paper integrates text
knowledge, topic requirements, behavior trajectories and strategy labels in college English
reading into the framework of knowledge graph, and constructs a reading semantic network
for teaching applications. Figure 1 shows the construction process of college English reading
knowledge graph.
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Figure 1: Flowchart of constructing the College English reading knowledge graph

In the construction of the graph, the data sources mainly include reading texts, topic stem
options, teacher labeling results, and learning platform logs. The reading text provides lexical
knowledge, syntactic structure, discourse theme and logical connection information, the
question stem options reflect the test direction of the topic, teacher labeling can provide
supervision signals for strategy identification, and the platform log records behavioral
characteristics such as stay time, look back frequency, skip reading sequence and answer
delay. Through the unified coding of multi-source data, the originally scattered information
can be organized into an interrelated graph structure of "knowledge point-topic type-strategy
behavior"”. Table 1 shows the core entities and relationship types of College English reading
knowledge graph.

Table 1: Table of core entities and relation types of College English reading knowledge graph

Entity Type Example Nodes Relation Type Relation Description
Lexical . . Lexical items belong to specific semantic
inference, contrast, evidence| belongs_to . .
Knowledge function categories.
Syntactic  |attributive clause, inversion, Syntactic structures affect comprehension
. affects e X
Structure concession difficulty and processing paths.
Discourse Unit topic sentence, supporting located in Informatlon_pomts are Io_c_ated in specific
detail, conclusion - discourse positions.
Logical cause-effect, comparison, Logical relations connect contextual
; . connects P
Relation transition semantic units.
Question Type main idea, de_ztall, inference, corresponds_to Question types corres_pond to different
attitude strategy requirements.
Reading skimming, scanning, Strategies support question solving and
. . L SuppOI‘tS . . . .
Strategy inferencing, summarizing information integration.
Behavioral dwell time, regression Behavioral features reflect strategy
reflects .
Feature count, answer latency execution states.
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In order to formally represent the structure of knowledge graph, this paper defines the
knowledge graph of college English reading as follows:

G=(V,ETX) (D)

where V = {v;,v,, ...,vy} denotes the set of entity nodes, E denotes the set of edges, T
denotes the set of relation types, and X € RN*4 denotes the node feature matrix. The
expression maps vocabulary, syntax, discourse, question type, strategy and action nodes into a
unified semantic space, which lays a data foundation for subsequent graph reasoning and
strategy recognition.

Only node connection is not enough to reflect the real strength relationship between
reading knowledge, and it also needs to calculate the semantic association weight between
nodes. In this paper, the joint modeling method of semantic similarity and context
co-occurrence strength is used to express the association weight of nodes viand v;j as follows:

T -

Th
L. = . t ] J— . ..
wy = A Ihillh]-|+(1 2 - (2)

where hi and hj are node embedding vectors, cij is the co-occurrence strength of nodes in the
same sentence, the same paragraph or the same topic environment, and A € [0,1] is the balance
coefficient. This formulation enables the graph to both preserve deep semantic proximity and
reflect contextual dependencies in real reading tasks. For example, "turning connective" and
"author attitude question” may not be close to each other in the semantic space, but they have
stable co-occurrence relationship in the reading task, so they can still form a high weight
connection.

After node modeling and edge weight calculation, the system further uses relation
constraints to achieve semantic propagation. Let the state of node vi in the I-th layer graph
representation be z/, then its update form can be written as follows:

2" =0 3wz’ + b0 ©
JEN()

Here, N(i) is the neighborhood set of node vi, Wt(ilj) is the transformation matrix

corresponding to relation type tij, oci(].l) represents the contribution weight of neighbor nodes to

the current node, and o(-) is the nonlinear activation function. This propagation mechanism
can compress the multi-hop association between discourse structure-question type
requirements and strategy selection into the node representation, so that the graph has the
reasoning ability of serving reading comprehension strategy recognition.

Based on the above process, the college English reading knowledge graph constructed in
this paper achieves three functions. First, the reading knowledge points are transformed from
scattered items into a computable and traceable relationship network. The second is to
establish a stable mapping between text semantic information and strategy labels to enhance
the interpretation ability of the subsequent model for reading paths. The third is to provide a
structural interface for the access of learning behavior data, so that the stay time, review
frequency and question type bias can be connected back to the specific knowledge node and
strategy node. Therefore, the knowledge graph not only completes the structured organization
of reading resources, but also provides a clear semantic support for the subsequent fusion
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modeling of text features and learning behavior features.

3.2 The fusion modeling of reading text semantic features and learning
behavior features

In the analysis of college English reading comprehension strategies, relying solely on the
characteristics of the text content can only explain "what difficulties the material itself has",
but it is difficult to answer how students read, what aspects of comprehension deviation occur,
and what kinds of strategies are insufficiently used. If we only analyze the learning behavior
log, it is easy to deviate from the text semantic environment, and it is impossible to explain
the cognitive reasons behind the dwell time, the number of returns and the answer delay.
Based on this, this paper puts the semantic features of reading text and learning behavior
features into a unified modeling framework, and forms a joint representation for reading
comprehension strategy recognition through multi-source feature alignment, temporal coding
and gated fusion. Figure 2 shows the fusion framework of reading text semantic features and
learning behavior features.
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Figure 2: Framework diagram of the fusion of reading text semantic features and learning
behavior features

On the text side, the system extracts word density, syntactic complexity, discourse
cohesion, topic sentence distribution, logical connectives strength and topic pointing
information from the reading materials, and combines the context encoding model to form the
semantic representation. Suppose that the reading text is segmented and encoded to obtain the
word vector sequence {e,, e,, ..., €,},Whose semantic aggregation representation is defined as
follows:

n

Irg = z e, o5 = ZeXLul) (4)

L exp(u)
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Here, rs represents the text semantic representation, ai is the attention weight of the ith
word in the current reading task, and ui reflects the importance of the contribution of the word
to the overall understanding. The expression can highlight the role of topic sentences, logical
connectives, evaluative words and key evidence information in reading processing, so that the
model no longer treats all words equally, but is closer to the focus mechanism in real reading.

On the behavior side, the system constructs the behavior sequence based on the learning
platform log, focusing on preserving the information such as page stay time, review times,
click order, topic switching path and answer delay. Considering that different behaviors do not
contribute consistently to policy judgment, this paper does not adopt a simple concatenation
method, but dynamically fuses it with semantic constraints through time-aware encoding. Let
rb be the behavior representation vector, then the fusion result of text semantic representation
and behavior representation is denoted as follows.

hf=gOrs+(1-g) Orp, g=0(Wrs + Wy, +b)

()

Here, ht is the final fusion representation, g is the gating coefficient, © represents
element-wise multiplication, Ws, Wh, and b are trainable parameters, and o(-) is the Sigmoid
function. This mechanism can adaptively adjust the proportion of text information and
behavior information according to the characteristics of the current sample. When students
were faced with logical inference problems and looked back frequently, the model would
enhance the explanatory role of behavioral characteristics. When the text syntax is complex,
the discourse transition is dense and the behavior fluctuation is small, the system will increase
the influence weight of semantic features. The multi-source feature composition and variable
description are shown in Table 2.

Table 2:Multi-source feature composition and variable description table

Feature Variable Name Description Data
Category Source
Lexical . Proportion of keywords and academic Reading
Feature Vocabulary Density words in a unit of text Text
Syntactic Sentence Complexity of long sentences, Reading
Feature Complexity subordinate clauses, and nested structures Text
Discourse . . Strength of inter-sentence cohesion and Reading
Discourse Cohesion .
Feature inter-paragraph coherence Text
Logical Logical Connector | Distribution strength of connectors such Reading
Feature Strength as cause-effect, contrast, and progression Text
Question Question The direction of assessment regarding
. . . . . Test Items
Feature Orientation main idea, details, or inference
Behavioral . . . Platform
Dwell Time Time spent on a page or an item
Feature Logs
Behavioral . Number of look-backs and rereading Platform
Regression Count .

Feature actions Logs
Behavioral Click Sequence Depth of the click path during reading Platform
Feature Depth and answering Logs
Behavioral . i . Test

Feature Answer Latency Response time from reading to answering Records
Fused Feature Fused Joint representation result of semantic Model
Representation and behavioral features Output
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Based on the multi-source feature design in Table 2, the text feature describes "what to
read"”, and the behavior feature describes "how to read", and the two jointly determine the
discriminant boundary of reading comprehension strategy identification. Compared with the
method only using semantic encoding, fusion modeling can more accurately distinguish the
two cases of "ununderstood text" and "improper strategy use”, which have similar surface
results but different internal mechanisms. For example, if a student loses points on the topic
question, if he/she also shows insufficient retention of the topic sentence and frequent
skipping between paragraphs, he/she is more likely to have weak skiming strategy. If the
length of stay is sufficient but the reader returns to the transition relationship many times, it
may be related to the insufficient ability of logical integration. Therefore, the fusion model not
only improves the accuracy of policy recognition, but also enhances the teaching
interpretation of the analysis results, and provides a more discriminative input representation
for subsequent graph reasoning and deep learning recognition modules.

3.3 Reading Comprehension Strategy ldentification Method Based on
Graph Reasoning and Deep Learning

After integrating the semantic features of reading texts and learning behavior features, how to
further transform the multi-source information into discriminative strategy categories is the
core link in the intelligent analysis of college English reading comprehension. Traditional
classification models usually use the processing method of vector concatenation and then
directly enter the full connection layer, which can complete the basic recognition task, but it is
insufficient to excavate the association path between "lexical clues, discourse relations,
question type requirements and behavior performance”, especially in the information
processing that needs to be integrated across sentences such as inference questions, attitude
questions and topic questions. It is prone to the problem of fuzzy policy boundary and
unstable discrimination. In order to improve the accuracy and interpretability of reading
comprehension strategy recognition, this paper introduces the graph reasoning mechanism
and deep learning coding framework on the basis of fusion features, and constructs a
recognition model of "graph structure modeling-relationship propagation-deep representation-
strategy classification”. Figure 3 shows the structure of the policy recognition model based on
graph reasoning and deep learning.

Feature Input Graph Relation Deep Strategy Feedback
Construction Reasoning Encoding Classification Output

Figure 3: Structural diagram of policy recognition model based on graph reasoning and deep
learning

In the graph structure modeling phase, the system maps lexical nodes, syntactic nodes,
discourse nodes, question type nodes, action nodes and strategy candidate nodes into a unified
graph space, and builds a heterogeneous graph based on semantic association, logical
connection and action reflection relationship. Let the representation of node vi in the initial
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layer be hi(0), then its neighborhood relationship-aware representation can be written as
follows:

l l l l
m® = " pPwn? ()

JeN (@)

Here, N(i) is the neighborhood set of node vi, w® s the mapping matrix corresponding

rjj
to the relationship type rij, and Bi(jl) is the neighbor node contribution coefficient. This

formula emphasizes the differences in the role of different relationship types in policy
recognition. For example, "located _in" reflects more discourse position constraints, and
"reflects more mapping ability of behavior features to policy states.

In order to avoid the average processing of different neighbor nodes, the model further
introduces the relation attention mechanism to give higher weights to key information nodes.
It is calculated as follows:

- (LeakyReLU (a whP W ||erij])>

g = 7)

YkeN(i) EXP (LeakyReLU(aT [thl) | Wh,(cl) ||erik]))

Here, a is the trainable attention vector, // denotes the concatenation of vectors, and er;

is the relation embedding. This mechanism can automatically amplify the joint effect between
logical connectives, supporting sentences and looking back behavior in inference question
recognition, and improve the contribution degree of topic sentence-discourse
structure-skiming behavior in topic question recognition.

After the multi-layer graph propagation is completed, the model inputs the graph
inference results and the above-mentioned fusion features into the deep encoding layer to
obtain a more stable policy discrimination representation. Let the graph inference output be gi
and the multi-source fusion be hf, then the final strategy representation is defined as follows:

zi = ReLUW;[g:llhs] + bc) (8)

Here, Wc and bc are linear transformation parameters. The formula further compresses the
structural reasoning results and the joint features of semantic behavior into a unified
discriminant space, so that the model not only retains the reasoning depth brought by the
graph relationship, but also maintains the sample-level individual behavior differences.

In the strategy classification stage, the reading comprehension strategies are divided into
skimping, scanning, inferencing, and summarizing, and the probabilities of each strategy are
output by Softmax. For sample i, the prediction result can be expressed as follows:

y; = softmax(W,z; + b,) 9)

Here, §; is the policy probability distribution, Wo and bo are the output layer parameters.
Through this layer, the system can not only give the final strategy label, but also output the
confidence level of each candidate strategy, which provides a continuous basis for subsequent
teaching feedback, rather than a simple single label judgment.

Considering the unbalanced distribution of different strategy categories in the samples, if
the ordinary cross-entropy loss is directly used, it is easy to cause the high-frequency
categories to dominate the model training. To this end, this paper introduces a joint
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optimization objective of class weight constraint and regularization term, and its loss function
is written as follows:

N C

L:-Zchyiclogflic+ﬂll®||% (10

i=1c=1

Here, oc is the weight coefficient of the CTH strategy, yic is the true label, §; c is the
predicted probability, ® is the set of model parameters, p is the regularization coefficient. The
proposed objective function can suppress parameter overfitting while ensuring classification
accuracy, so that the model can maintain stable recognition ability under the condition of
uneven sample size and behavior noise.

Through the above modeling process, the strategy recognition method constructed in this
paper has three advantages. First, the graph reasoning mechanism enhances the association
mining ability of cross-sentence, cross-segment and cross-action features, and can identify
complex strategies that are difficult to judge by only relying on shallow text features.
Secondly, the deep coding layer realizes the collaborative compression of structural
information and individual behavior information, which improves the robustness of policy
classification. Thirdly, the design of probability output and weighted loss enables the model to
adapt to the problems of unbalanced strategy samples and large differences in behavior
patterns in real teaching environments. Therefore, this method provides a stable recognition
core for the integration and feedback optimization of the subsequent reading comprehension
strategy intelligent analysis system.

3.4 Integration and feedback optimization mechanism of reading
comprehension strategy intelligent analysis system

What is really needed in the college English reading scenario is not only to judge what
strategies students use, but also to convert the recognition results into executable, traceable
and iterative teaching feedback, and to enable the system to continuously correct the analysis
bias in continuous interaction. Therefore, this paper constructs an intelligent reading
comprehension strategy analysis system based on the above model, which organizes data
access, graph invocation, feature fusion, policy recognition, feedback generation and result
regurgitation into a unified closed loop, so that the system has both online analysis ability and
feedback optimization ability.

From the perspective of system structure, the overall framework is composed of data
access layer, semantic support layer, policy analysis layer, feedback generation layer and
result reflux layer. The data access layer is responsible for collecting reading texts, test data,
teacher labeling information and platform logs, and completing the format unification and
timestamp alignment. The semantic support layer calls the reading knowledge graph to
associate and retrieve text entities, logical relationships, question type nodes and behavior
nodes. The policy analysis layer receives the semantic features and behavior features from the
front-end, and combines the graph reasoning model to complete the policy recognition. The
feedback generation layer outputs personalized suggestions according to the current strategy
status of students. Results The reflux layer records the revision behavior of students in the
subsequent reading, and re-sends it to the system to form a dynamic update chain.

In order to measure the matching degree between the current recognition results and the
feedback content, this paper defines the feedback fitness function as follows:

¢i =nsi + (1 —n)p; (11)
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Here, ¢i represents the feedback fitness of the ith learning sample, si represents the
strategy identification confidence, pirepresents the degree of correlation between the feedback
content and the learner's problem state, and n € [0,1] is the regulation coefficient.

On this basis, in order to further characterize the learner's weakness in a certain strategy
dimension, this paper constructs a strategy deviation intensity index:

Sic = a(1 = ¥ic) + (1 — )by (12)

Here, dic represents the deviation strength of learner i on the type c reading strategy, ¥;. IS
the predicted probability of the model for this strategy, bic is the abnormal degree of the
strategy calculated from the behavior log, and a € [0,1] is the balance parameter.

Considering that a learner may have multiple strategy shortboards at the same time, the
system also needs to prioritize different feedback tasks. To this end, this paper defines the
allocation weight of each type of feedback as follows:

e
T B (8

Here, mic represents the priority of the system to assign feedback content of type c to
learner i, and C is the total number of strategy categories. Through this normalization
mechanism, the system can automatically determine whether skimming training, scanning
training or inferring training should be strengthened.

In the process of feedback generation at the student side, the system forms hierarchical
feedback according to different strategy weak items. For students with insufficient skim
reading, the feedback focused on fast positioning of discourse structure and identification of
topic sentences. For students who lack of searching, detail information search and keyword
tracking are highlighted. For students with weak inference strategies, context clue integration,
attitude recognition and implicit relationship judgment are strengthened. At the same time, the
teacher terminal interface will synchronously display the strategy distribution, error clustering
and problem type correlation graph at the class level, so that teachers can understand the
learning problem from two scales of individual and group.

Considering that students' reading status will constantly change with training, the system
needs to update the learner strategy profile online. Let the learner's strategy state vector after
the TTH round of interaction be qi(t), then its update form is denoted as follows:

(13)

R R I (14)

1

Here, fi(t) represents the actual behavior improvement result observed after the current
round of feedback, and vy is the update rate. In order to more specifically measure the actual
gain after feedback intervention, this paper further defines the learning improvement gain as
follows:

G = ;A8 + 0,ARY — ;ALY (15)

where Gi(t) represents the comprehensive improvement gain of learner i after the TTH
feedback, AA?) represents the improvement of reading accuracy, and Rgt) represents the

decrease amplitude of invalid look back behavior, ALEt) represents the average answer delay
change, and w1,w2,m3 are the corresponding weights.
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In addition to the feedback content itself, the efficiency of system operation also
determines the actual teaching usability. English reading training in colleges and universities
usually has the requirements of concurrent access, batch analysis and instant feedback in class.
If the system response delay is too high, even if the recognition is accurate, it is difficult to
embed into the real teaching scene. To this end, this paper first defines the system average
response delay as follows:

N
1 .
Dovg = ) (15" —tiM) (16)
i=1

Here, ti® and t®"t represent the input and output time of the ith request, respectively,
and N is the total number of requests. This metric is used to measure the response efficiency
of the system in a real deployment and to provide performance constraints for immediate
feedback in a classroom setting.

On this basis, this paper further constructs the joint optimization objective of analysis
accuracy and response performance:

J = A (1 = Acc) + A;Dayg + A3(1 — Sta) (17)

Here, Acc represents the policy identification accuracy, Sta represents the system stability
index, and A1,A2, and A3 are weight parameters. The objective function integrates the
recognition quality, timeliness and operation stability into the same evaluation framework,
which is helpful to adjust the parameters of the system in different deployment environments.
For example, in the after-class large-scale batch analysis scenario, the accuracy weight can be
appropriately increased. In the classroom immediate feedback scenario, the time delay control
can be moderately emphasized to make the system output more in line with the teaching
rhythm.

4 Experimental design and result analysis

4.1 Data set construction and experimental environment configuration

In order to verify the effectiveness of the intelligent analysis model of knowledge
graph-assisted reading comprehension strategy proposed in this paper, the experimental data
are constructed from the real scenario of college English reading teaching, and the data
sources include reading texts, supporting test questions, teacher strategy annotation results
and learning platform behavior logs. Reading texts were selected from 168 exposative,
argumentative and applied texts in college English courses, with a length of 450-900 words.
There are 840 questions, covering such types as topic understanding, detail location, logical
inference, author attitude and word sense guessing. Based on teacher review and classroom
observation, students 'strategy performance in sample tasks such as skiming, scanning,
inference and generalization were labeled, and 4120 strategy samples that could be used for
supervised training were formed. At the same time, the platform log records the behavior
information such as stay time, look back times, click order, and answer delay, and collects a
total of 28640 valid behavior fragments.

After data preprocessing, the samples are divided into training set, validation set and test
set according to the ratio of 8 : 1 : 1 to ensure that model training, parameter tuning and
result evaluation are independent of each other. The experimental platform is developed with
Python 3.10 and PyTorch 2.1, the graph structure processing module is implemented based on
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PyTorch Geometric, and the knowledge graph storage is Neo4j 5.0. The hardware
environment is Intel Xeon Silver processor, 64 GB memory and NVIDIA RTX 4090 graphics
card with 24 GB video memory. The model training batch size is set to 32, the initial learning
rate is set to 0.001, the optimizer is selected AdamW, the training rounds are set to 80, and the
early stopping mechanism is triggered when the validation set has no improvement for 10
consecutive rounds. The configuration can better support the stable operation of multi-source
feature fusion, graph inference propagation and policy classification tasks, and provide a
unified environment for the analysis of subsequent experimental results.

4.2 Data preprocessing and knowledge graph labeling mechanism

In order to ensure that reading text, question information and behavior log can be co-modeled
in a unified semantic space, the original data are standardized pre-processed before the
experiment. On the text side, it completed clause segmentation, word segmentation, lemming
and stop symbol cleaning, and marked clause boundaries, logical connectives and topic
sentence positions in long sentences. The behavior side performs missing repair and abnormal
truncation on stay time, look back times, click sequence and answer delay. Min-max
normalization is applied to continuous features of the form:
Xi =~ Xmin

xj = — (18)

Xmax ~ Xmin

Here, x{ is the normalized result, and Xmin and Xmax represent the minimum and maximum
value of the feature, respectively. This processing helps to reduce the interference of different
dimensions on model training.

In the knowledge graph annotation stage, this paper maps lexical knowledge, syntactic
structure, discourse unit, topic type, behavior feature and strategy category into heterogeneous
nodes, and generates relationship edges jointly by teacher annotation and rule matching. In
order to improve the reliability of annotation, the node-relation joint confidence is defined as
follows:

Here, aij represents the manual annotation agreement, rij represents the rule matching score,
and 0 is the balance coefficient. Only the annotation results whose confidence is higher than
the threshold are retained to be written into the graph, so as to ensure the stability of
subsequent graph reasoning and strategy identification.

4.3  Evaluation index system and comparative experimental scheme

In order to comprehensively evaluate the performance of the proposed model in the intelligent
analysis task of college English reading comprehension strategies, an evaluation index system
is constructed from three dimensions of recognition accuracy, classification stability and
system operation efficiency. In terms of recognition performance, accuracy rate, precision rate,
recall rate and F1 value are selected to measure the discrimination ability of the model for
strategy categories such as skimming, scanning, inference and generalization. The F1 value is
defined as follows:

2PR
Fl=—— (20)

13



Wang

Here, P represents precision and R represents recall. This index can comprehensively
reflect the recognition quality of the model under the condition of class imbalance. In order to
further investigate the reliability of the system in continuous analysis tasks, this paper also
records the average response time delay and policy output consistency, which are used to
evaluate the stability of the model in teaching application scenarios.

In the contrast experiment design, this paper sets up four groups of methods for
comparison. The first baseline model is a machine learning classification method using only
text semantic features, which is used to test the effect of traditional shallow modeling. The
second baseline model is a deep learning method that only combines text features and
behavioral features, which is used to compare the performance changes caused by
multi-source feature fusion. The third baseline model is a deep classification model without
introducing the reasoning mechanism of knowledge graph, which is used to verify the
contribution of graph structure modeling. The fourth group is the fusion model of knowledge
graph assisted graph reasoning and deep learning proposed in this paper. All models were run
under the same data partition, the same training rounds, and the same hardware environment
to ensure comparable results. At the same time, the ablation analysis is set up to remove the
knowledge graph module, behavior feature module and feedback constraint module
respectively, so as to further observe the influence of each key component on the final policy
recognition performance.

4.4  Analysis of reading comprehension strategy identification effect and
ablation experiment

The experimental results of different models in the reading comprehension strategy
recognition task are shown in Table 3. In order to present the overall recognition effect and
the contribution of key modules at the same time, the baseline method, the knowledge graph
removal module, the behavior feature removal module and the full model are included in the
unified comparison.

Table 3: Comparison of reading comprehension strategy recognition effect and ablation
experiment results

Model/Method Accuracy/% | Precision/% | Recall/% | F1/% AVg.
Delay/s
Traditional Text Feature
Classification Model 816 80.9 798 803 0.41
Deep Model W|_th Text Semantics 86.8 86.1 85.4 85 7 0.58
and Behavioral Features
Without Knowledge Graph 88.2 87.6 871 | 873 | 0.64
Module
Without Behavioral Feature 874 86.9 86.2 86.5 0.61
Module
Proposed Model 91.9 91.3 90.8 91.0 0.67

It can be seen from Table 3 that the model in this paper achieves the best results on all
indicators, the strategy recognition accuracy reaches 91.9%, and the F1 value reaches 91.0%,
which are 10.3 and 10.7 percentage points higher than the traditional text feature
classification model respectively, indicating that the collaborative modeling of knowledge
graph, semantic features and learning behavior can significantly enhance the ability of reading
strategy discrimination. From the ablation results, the F1 value decreased to 87.3% after
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removing the knowledge graph module. After removing the action feature module, the F1
value drops to 86.5%, indicating that both graph reasoning and action information have stable
gains for policy recognition. Although the average response delay of the full model rises to
0.67 s, it is still within the acceptable range.

5 Discussion

5.1 Performance comparison with existing English  reading
comprehension analysis methods

In order to further test the comprehensive performance of the proposed method in the task of
college English reading comprehension strategy recognition, this paper compares and
analyzes the proposed method with the traditional text feature classification model, BiLSTM
reading strategy recognition model, Transformer encoding model and semantic behavior
fusion deep learning model in a unified data division and experimental environment. This
paper focuses on the differences of different methods in terms of Accuracy, Precision, Recall
and F1, so as to evaluate the practical role of knowledge graph, graph reasoning mechanism
and multi-source feature fusion in improving the overall recognition performance. The
comprehensive performance comparison of different methods is shown in Figure 4.
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Figure 4: Bar chart of comparison of comprehensive performance of different methods

It can be seen from Figure 4 that the proposed method maintains the optimal level in the
four core indicators, with Accuracy, Precision, Recall and F1 reaching 91.9%, 91.3%, 90.8%
and 91.0%, respectively. Compared with the traditional text feature classification model, the
accuracy is increased by 10.3 percentage points, and the F1 is increased by 10.7 percentage
points. Compared with the BILSTM reading strategy recognition model, the accuracy is
increased by 7.2 percentage points and F1 is increased by 7.3 percentage points. Compared
with the Transformer encoding model, the accuracy is increased by 5.6 percentage points, and
the F1 is increased by 5.6 percentage points. Compared with the semantic behavior fusion
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deep learning model, the Accuracy and F1 of the proposed method are still improved by 3.8
and 3.8 percentage points, respectively. This indicates that only relying on sequence modeling
or shallow feature representation is difficult to fully describe the semantic association,
question type constraints, and behavior differences in reading text, and the graph reasoning
mechanism driven by knowledge graph can more effectively integrate multi-source
information, so as to perform better in comprehensive discrimination ability.

5.2 Adaptive analysis of knowledge graph driven reading strategy
analysis

In addition to overall performance, RCI models also need to maintain stable performance
across different task types, especially in topic understanding, detail localization, logical
inference, author attitude judgment, and word sense guessing tasks, which face different
semantic depth and reasoning requirements. In order to investigate the adaptability of our
method in various reading task scenarios, we further compare the F1 performance of
traditional text feature classification model, BIiLSTM reading strategy recognition model,
Transformer encoding model, semantic behavior fusion deep learning model and our method
in different tasks. The comparison of model adaptability under different reading task scenarios
is shown in Figure 5.
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Figure 5: Line chart comparing model adaptability for different reading task scenarios

It can be seen from Figure 5 that the proposed method maintains the highest recognition
level in all five types of reading tasks, and the F1 score of topic understanding, detail location,
logical inference, author attitude judgment and word sense guessing tasks reaches 92.1%,
91.4%, 90.2%, 90.7% and 91.1%, respectively. Among them, the logical inference task was
the most difficult overall, and the scores of each model decreased, but the F1 of the proposed
method still maintained 90.2%, which was 11.6 percentage points higher than that of the
traditional text feature model, 8.1 percentage points higher than that of the BIiLSTM model,
and 6.0 percentage points higher than that of the Transformer model. It shows that knowledge
graph relation modeling has obvious advantages for cross-sentence reasoning and implicit
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semantic recognition. In the task of author attitude judgment, the proposed method is 3.9
percentage points higher than the semantic behavior fusion deep learning model. In the task of
word sense guessing, it is 5.4 percentage points higher than that of the Transformer model,
indicating that the graph driven semantic association representation can enhance the
adaptation ability of the model to complex texts, deep logic and fine-grained semantic cues.
On the whole, the proposed method not only has higher overall performance, but also has
more balanced performance and stronger adaptability in different reading task scenarios.

5.3 Evaluation of system resource overhead and computational efficiency

While the performance of the model is improved, the system resource overhead and operating
efficiency also directly affect its actual deployment value in college English reading teaching
scenarios. This paper further compares the differences in response efficiency between the
traditional text feature classification model, the BiLSTM model, the Transformer model, the
semantic behavior fusion deep learning model and the proposed method, and
comprehensively evaluate the system availability by combining the video memory occupation
and training time. The comparison of average response delay of different methods is shown in
Figure 6.
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Figure 6: Bar plots comparing average response delays of different methods

It can be seen from Figure 6 that the average response time of each method gradually
increases with the increase of model structure complexity. The average response delays of the
traditional text feature classification model, the BILSTM model, the Transformer model, the
semantic behavior fusion deep learning model and the proposed method are 0.41 s, 0.49 s,
0.57 s, 0.62 s and 0.67 s, respectively. Although the time delay of the proposed method is the
highest, it is still controlled within 0.7 s, which can meet the needs of immediate feedback in
classroom diagnosis and after-class training. Further statistics show that the video memory
occupation of the proposed method in the training phase is about 11.2GB, which is higher
than 9.8GB of the Transformer model and 7.4GB of the BiLSTM model, and the training time
of a single round is about 5.1 min, but it gains higher recognition accuracy and stronger task
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adaptability. On the whole, the proposed method achieves a reasonable balance between
resource consumption and computational efficiency, and has good engineering deployment
feasibility.

54 Analysis of scalability and stability in multi-scene teaching
applications

In order to further investigate the application potential of the system in the real teaching
environment, this paper starts from four typical scenarios of instant reading in class,
independent training after class, unit test analysis and teacher diagnosis support, and
comprehensively compares the six dimensions of strategy recognition accuracy, response
speed, feedback timeliness, teaching adaptability, system stability and scalability. To analyze
the operating performance of the system under multi-scenario conditions. The stability and
scalability of the system under multi-scenario teaching application are shown in Figure 7.
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= Unit Test Analysis
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Feedback Response
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Reg¢ognition
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Adaptability Agcuracy
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Figure 7: Radar chart of system stability and scalability under multi-scenario teaching
application

It can be seen from Figure 7 that the proposed system maintains a high level in all four
types of teaching scenarios, and the overall indicators are mainly distributed between 84 and
93. Among them, the classroom instant reading scene performs well in recognition accuracy,
feedback timeliness and teaching adaptability, reaching 91, 90 and 91 respectively. The
recognition accuracy of after-class autonomous training scenarios reaches 92, and the
scalability is 88, indicating that the system is suitable for long-term autonomous learning
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support. The unit test analysis scenario reaches 91 in terms of system stability, showing good
batch processing ability. The teacher diagnosis support scenarios reach 93, 92 and 89 in terms
of teaching adaptability, system stability and scalability, respectively, indicating that the
system has strong advantages in assisting teachers in strategy diagnosis and teaching
decision-making. On the whole, the performance of the system in different teaching scenarios
Is balanced, which not only has good stable operation ability, but also has strong potential for
scene migration and expansion.

5.5 Limitations of the method and future optimization direction

Although the intelligent analysis model of college English reading comprehension strategy
assisted by knowledge graph constructed in this paper has shown good results in terms of
strategy recognition accuracy, task adaptability and teaching feedback effectiveness, there are
still some areas that need to be further improved from the perspective of research
completeness and practical application requirements. First, the current experimental data
mainly come from common reading materials in college English courses. Although the text
genres cover explanatory texts, argumentative essays and applied texts, there are still
insufficient samples in interdisciplinary professional English, academic paper excerpts and
difficult long texts, which will limit the generalization ability of the model to complex reading
scenarios to a certain extent. Second, although the entity relations in knowledge graphs can
well support tasks such as topic understanding, detail location and logical inference, the
expression of implicit cultural context, discourse rhetorical function and cross-segment deep
semantic cohesion are still insufficient, resulting in the problem that the recognition
boundaries are not clear enough in a few higher-order understanding tasks. Third, learning
behavior data currently mainly rely on platform logs, which can reflect explicit processes such
as stay time, review frequency and answer delay, but the description of learners' real cognitive
state, attention changes and strategy switching timing is still relatively indirect, which also
makes some feedback suggestions remain at the level of "result correlation” and have not yet
fully reached the level of more detailed process interpretation.

Further research can be carried out in three directions. On the one hand, to further expand
data sources, increase cross-course, cross-difficulty and cross-college samples, and build a
reading strategy analysis corpus with wider coverage, so as to improve the transfer ability and
robustness of the model. On the other hand, we continue to improve the structure of the
knowledge graph by introducing discourse relations, rhetorical functions, cultural background
knowledge and cross-paragraph reasoning chains, which makes the graph more complete in
higher-order semantic expression, thereby enhancing the reasoning depth under complex tasks.
At the same time, a more fine-grained reading process perception model can be constructed
by combining eye movement data, process evaluation and generative feedback mechanism, so
that the system can be further developed from "recognition strategy" to "explanation strategy
formation™ and “support strategy improvement”. With the continuous expansion of
multi-source data fusion capabilities and intelligent teaching scenarios, the knowledge
graph-driven reading comprehension strategy analysis method is expected to play a greater
role in precision teaching, personalized diagnosis and continuous learning support of college
English.

6 Conclusion

Focusing on the intelligent analysis of college English reading comprehension strategies, this
paper constructs a technical framework consisting of knowledge graph modeling,
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multi-source feature fusion, graph reasoning and deep learning recognition, system integration
and feedback optimization. In this study, lexical knowledge, syntactic structure, discourse unit,
question type information, behavior characteristics and strategy labels are integrated into the
unified graph space. Through the joint modeling of semantic representation and behavior log,
the structural expression ability and teaching interpretation ability of reading strategy
recognition are improved. The experimental results show that the accuracy and F1 value of
the proposed model are 91.9% and 91.0%, respectively 10.3 and 10.7 percentage points
higher than those of the traditional text feature classification model. It maintains a high level
in five tasks: topic understanding, detail location, logical inference, author attitude and word
meaning guessing. The average response time of the system is controlled within 0.67 s, and it
shows 84-93 stability and scalability in multi-scene teaching applications. In the future, the
cross-course samples can be expanded, the expression of higher-order semantic relations can
be improved, and the model generalization and continuous feedback ability can be improved
by combining more fine-grained process data.
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