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ABSTRACT Within the dual context of digital educational transformation and second language
acquisition research, traditional English learning interventions fail to account for the precise cognitive
mechanisms and individual variations among learners, resulting in a lack of data-driven scientific support
to meet personalized learning needs. Big data technology, with its core advantages such as multi-
dimensional data collection, deep correlation mining, and dynamic modeling analysis, provides a technical
path for breaking the black box of second language acquisition cognitive mechanisms and building a
precise learning intervention system. This article focuses on the modeling of cognitive mechanisms in
second language acquisition and English learning interventions driven by big data, and constructs a five
in one research framework of “theoretical integration data collection mechanism modeling intervention
design empirical verification”. The use of EEG and eye-tracking data makes the framework relevant to
bioelectrical signal-assisted learning analysis.

INDEX TERMS big data,second language acquisition,cognitive mechanism modeling,english
intervention,eeg-assisted learning

I. INTRODUCTION
A. RESEARCH BACKGROUND

THE precise characterization of the core mechanisms
of second language acquisition is the fundamental

determinant for enhancing the effectiveness and pedagog-
ical rigor of English learning interventions, necessitating a
systematic approach to modeling cognitive variables [1-3].
The “Guide to College English Teaching (2024 Edition)”
clearly proposes to “use technologies such as big data
and artificial intelligence to explore the cognitive laws of
second language acquisition and construct a personalized
and precise teaching intervention system” [4-6]. Currently,
the practice of English learning intervention in China still
faces many structural difficulties:

Weak data support system: Lack of multi-dimensional and
full process learning data collection, intervention decision-
making relies on empirical judgment, making it difficult to
achieve precise design;

Delayed and inefficient intervention feedback: The effec-
tiveness evaluation mostly focuses on language test scores,
lacking dynamic monitoring and timely feedback on cogni-
tive processes and strategy application;

The disconnect between theory and practice: The cog-
nitive theory of second language acquisition lacks effective
connection with teaching intervention practice, and the theo-

retical achievements are difficult to transform into actionable
intervention strategies.

B. RESEARCH SIGNIFICANCE
1) Theoretical significance
1. Constructing a theoretical framework for the cognitive
mechanism of second language acquisition driven by big
data, clarifying the correlation mechanism between multi-
source data and cognitive processes, and enriching the digi-
tal research results of second language acquisition cognitive
theory;

2. Propose a second language acquisition cognitive mod-
eling method of “data collection feature extraction model
construction mechanism verification”, and improve the tech-
nical path and methodological system of cognitive mecha-
nism research;

3. Reveal the role of big data technology in characterizing
cognitive mechanisms and optimizing intervention plans,
and expand the theoretical boundaries of big data education
applications.

2) Practical significance
1. Develop a precise intervention plan for English learn-
ing based on cognitive mechanism modeling, achieve the
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transformation of intervention from “experience driven” to
“data-driven”, and improve intervention effectiveness;

2. Constructing a multidimensional second language ac-
quisition data collection and analysis system, providing
intelligent decision-making tools for English teaching, and
reducing the workload of teachers;

3. Enhance learners’ language proficiency, cognitive strat-
egy application ability, and self-learning ability to meet
personalized English learning needs;

4. Provide replicable technical solutions and practical
experience for precise interventions in other areas of second
language acquisition, and promote the overall upgrading of
second language teaching.

C. CURRENT RESEARCH STATUS AT HOME AND
ABROAD
1) Current Research Status Abroad
Foreign countries started early in the field of second lan-
guage acquisition cognitive research and big data applica-
tions, mainly focusing on three directions:

1. Research on the cognitive mechanisms of second
language acquisition, revealing the mechanisms of core
cognitive processes such as attention, memory, and metacog-
nition through behavioral experiments and neuroscience
techniques;

2. Research on the application of big data in second lan-
guage learning, utilizing learning behavior data to optimize
teaching content recommendations and learning path design;

3. Personalized intervention research, combined with indi-
vidual differences of learners, to design targeted intervention
plans and improve learning outcomes.

The integration of big data technology and cognitive
theory is not deep enough, and the role of data in revealing
cognitive patterns has not been fully utilized;

The cultural adaptability of intervention programs is
insufficient, making it difficult to meet the cognitive char-
acteristics and learning needs of English learners in China.

2) Current Research Status in China
In recent years, domestic research has developed rapidly and
conducted extensive explorations around second language
acquisition cognition and big data applications.

1. In terms of cognitive mechanism research, scholars
have empirically analyzed the impact of cognitive factors
such as attention and memory on second language acquisi-
tion, but lack the support of big data technology;

2. In terms of big data applications, an English learning
platform has been developed and some learning behavior
data has been collected, but the data dimensions are single
and have not been deeply correlated with cognitive pro-
cesses;

3. In terms of intervention plan research, personalized
interventions based on individual differences have been
designed, but there is a lack of precise guidance from
cognitive mechanisms and dynamic support from big data.

Prominent gaps in domestic research:

Lack of multi-source data integration in second language
acquisition cognitive mechanism modeling; While tradi-
tional datasets focus on static outcomes, this research lever-
ages high-velocity, multi-dimensional data streams (includ-
ing real-time tracking of over 1.2 million interaction logs
from 1286 participants) that require advanced computational
architectures beyond simple frequentist statistics.

A closed-loop system of “cognitive modeling intervention
design dynamic optimization” has not been formed, making
it difficult to ensure intervention effectiveness;

The empirical research sample is small and the period is
short, and the generalization ability of the model and scheme
needs to be verified.

D. RESEARCH IDEAS, METHODS, AND INNOVATIVE
POINTS
1) Research Approach
This article follows the technical route transitioning from
theoretical integration to data collection, followed by mech-
anism modeling and intervention design, which culminates
in empirical verification optimization and improvement”:

1. Systematically review research achievements in the
fields of second language acquisition cognitive theory, big
data education applications, learning interventions, etc., and
clarify the integration points of theory and technology;

2. Build a multidimensional second language acquisition
data collection system to collect multi-source data on learn-
ers’ cognitive performance, learning behavior, individual
differences, and other factors;

3. Using structural equation modeling and machine learn-
ing algorithms, construct a cognitive mechanism model for
second language acquisition, identify key influencing factors
and pathways of action;

4. Based on the cognitive mechanism model, design a four
stage intervention plan of “cognitive diagnosis personalized
intervention dynamic adjustment effect feedback”;

5. Conduct empirical research on English learners from
multiple universities to verify the effectiveness of cognitive
models and intervention programs;

6. Based on empirical results, optimize cognitive models
and intervention plans to form a scalable practical paradigm.

2) Research Methods
1. Literature research method: Systematically review re-
search results in the fields of second language acquisition
cognitive theory, big data technology, learning interventions,
etc., laying a theoretical and technical foundation;

2. Delphi method: Invite 20 second language acquisition
experts, cognitive psychology experts, and big data technol-
ogy experts to determine data collection indicators and core
dimensions of cognitive models;

3. Data collection method: Collect multi-source data
from 1286 English learners through cognitive experiments,
learning platform tracking, questionnaire surveys, in-depth
interviews, and other methods;
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4. Model construction method: Use structural equation
modeling (SEM) to verify the correlation between cognitive
dimensions, and use machine learning algorithms (random
forest, LSTM) to construct a cognitive mechanism predic-
tion model;

5. Empirical research method: Set up experimental and
control groups, conduct a 16 week intervention experiment,
and verify the effectiveness of the plan through quantitative
data and qualitative evaluation;

6. Statistical analysis method: SPSS 26.0, AMOS 24.0,
and Python 3.9 were used to perform descriptive statistics,
difference analysis, and correlation analysis on the data, and
quantitatively evaluate the effectiveness of the model and
plan.

3) Innovation points
1. Theoretical innovation: Construct a theoretical framework
for the second language acquisition cognitive mechanism
of “multi-source data cognitive dimension learning effect”,
clarify the mechanism of big data technology to reveal
cognitive laws, and enrich the second language acquisition
cognitive theory;

2. Technological innovation: Propose a cognitive model-
ing method for second language acquisition that integrates
multi-source data, integrates structural equation modeling
and machine learning algorithms, and achieves accurate
characterization and dynamic prediction of cognitive mech-
anisms;

3. Method innovation: Establish a closed-loop interven-
tion method of “cognitive modeling - precise diagnosis -
personalized intervention - dynamic optimization”, breaking
through the limitations of traditional intervention “experi-
ence driven”;

4. Practical innovation: Through large-scale and multidi-
mensional empirical research, this study verifies the effec-
tiveness of cognitive models and intervention plans to es-
tablish scalable technical solutions and practical paradigms,
mirroring the rigorous validation of yarn spatial distribution
and fiber morphology in advanced engineering.

II. CORE CONCEPTS AND THEORETICAL
FOUNDATIONS
A. DEFINITION OF CORE CONCEPTS
The core cognitive dimensions of second language acquisi-
tion refer to the key cognitive links that affect the process
and effectiveness of second language acquisition, mainly
including:

Attention dimension: selective attention to target language
input and resource allocation ability;

Memory dimension: the encoding, storage, retrieval, and
other memory processes and abilities of language knowl-
edge;

Metacognitive dimension: the ability to plan, monitor,
regulate, and reflect on one’s own learning process;

Cognitive strategy dimension: cognitive processing strate-
gies adopted to enhance learning outcomes, such as
retelling, organization, and elaboration [7-8].

B. THEORETICAL BASIS
1) Cognitive Theory of Second Language Acquisition
The cognitive theory of second language acquisition focuses
on the intrinsic cognitive process of second language acqui-
sition, with core viewpoints including:

Attention is a prerequisite for second language acquisi-
tion, and only the language input that is noticed can enter
subsequent cognitive processing;

The memory system (working memory, long-term mem-
ory) plays a crucial role in the storage and retrieval of
language knowledge;

Metacognitive ability can regulate the learning process
and improve the efficiency of cognitive resource utilization;

The effective use of cognitive strategies can promote
the internalization of language input and the generation of
output.

This theory provides a theoretical basis for designing
the core dimensions of the cognitive mechanism model for
second language acquisition [9].

2) Theory of Big Data Education Application
The theory of big data education application emphasizes the
collection, analysis, and mining of multi-source educational
data to achieve precision, personalization, and intelligence
in education and teaching. Its core viewpoints include:

Multi source data can comprehensively characterize learn-
ers’ learning status and cognitive characteristics;

Data mining techniques can reveal potential patterns and
correlations in the learning process;

Data driven decision-making can enhance the scientific
and effective nature of education and teaching. This theory
provides technical support for the construction of a second
language acquisition data collection system and the model-
ing of cognitive mechanisms [10].

3) Personalized Learning Theory
The theory of personalized learning emphasizes learner
centeredness, designing teaching activities and intervention
plans based on individual differences of learners (cognitive
style, learning foundation, learning needs). Its core view-
points include:

Individual differences are the prerequisite for personal-
ized intervention, and full attention should be paid to the
differences in learners’ cognition, behavior, needs, and other
aspects;

The intervention plan should have flexibility and adapt-
ability to meet the personalized needs of learners; Learners
should participate in the dynamic adjustment of the inter-
vention process to cultivate their ability for self-directed
learning [11].
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III. MODELING OF COGNITIVE MECHANISMS IN
SECOND LANGUAGE ACQUISITION
A. MODELING PRINCIPLES
Theoretical orientation principle

Guided by the cognitive theory of second language ac-
quisition, ensure that the dimensional design and related
hypotheses of the cognitive mechanism model conform to
the laws of cognitive science [12].

Data support principles
Based on multi-source and high-quality second language

acquisition data, ensure the scientificity and effectiveness of
the model, and avoid subjective speculation.

1) Principle of Practicality
The model design fully considers the practical needs of
English learning intervention, ensuring that the model can
provide clear decision-making basis for precise intervention
[13].

Principle of dynamism
The model should support real-time updates of data and

dynamic optimization of parameters, and be able to adapt
to changes in learners’ cognitive states.

2) Principle of Interpretability
The model should not only have good predictive perfor-
mance, but also be able to clearly reveal the inherent
laws and influence paths of cognitive mechanisms, which
facilitates the formulation of intervention strategies [14].

B. CONSTRUCTION OF DATA COLLECTION SYSTEM
Build a multi-source data collection system capable of
processing granular learning trajectories. The “big data”
nature of this study resides not merely in the participant
count, but in the volume and variety of the interactional
metadata and physiological signals collected per second:

Cognitive experiment collection: Design attention alloca-
tion experiments, memory encoding experiments, and other
cognitive experiments, combined with eye tracking and
electroencephalography (ERP) to collect physiological and
behavioral data of cognitive processes;

Learning platform tracking: Develop an English learning
data tracking platform to automatically collect learners’
learning behavior data (learning duration, content interac-
tion, practice performance, etc.);

Questionnaire survey: Standardized scales and self-made
questionnaires are used to collect self-assessment data on
learners’ individual differences, metacognitive status, learn-
ing environment, etc;

In depth interviews: Conduct in-depth interviews with 100
learners and 30 English teachers to collect qualitative data
and supplement the lack of quantitative data [15-16].

Informed consent was obtained from all participants. No
personally identifiable information was stored.

1. Data cleaning: Remove duplicate data and verify abnor-
mal data (such as extreme values and logically contradictory
data). Rather than simple deletion, extreme values were

analyzed as high-priority case studies to test the model’s
personalized limits, while logically contradictory data (e.g.,
impossible response times) were removed to ensure data
quality;

2. Data standardization: Standardize data from differ-
ent sources and dimensions, unify data formats and value
ranges;

3. Data fusion: using entity alignment and attribute fusion
techniques to integrate multi-source data into a unified
learner data archive;

4. Feature engineering: Extract key features from dimen-
sions such as cognitive processes and learning behaviors,
and construct a model input feature set [17-18].

C. CONSTRUCTION OF COGNITIVE MECHANISM
MODEL
Overall Architecture of the Model

Constructing a three-layer cognitive mechanism model
architecture of “measurement model structural model pre-
diction model”:

Measurement model: Verify the effectiveness of measure-
ment indicators for each cognitive dimension through factor
analysis;

Structural model: Revealing the correlation and influence
path between cognitive dimensions through structural equa-
tion modeling;

Prediction model: Construct a prediction model for cog-
nitive performance and learning effectiveness through ma-
chine learning algorithms [19].

Construction and Validation of Measurement Models
1. Model hypothesis: Based on the cognitive theory of

second language acquisition, the following hypotheses are
proposed:

H1: Attention dimension has a significant positive impact
on memory dimension;

H2: The attention dimension has a significant positive
impact on the cognitive strategy dimension;

H3: The memory dimension has a significant positive
impact on language learning outcomes;

H4: The metacognitive dimension has a significant posi-
tive impact on the cognitive strategy dimension;

H5: The cognitive strategy dimension has a significant
positive impact on language learning outcomes;

H6: Individual differences (language foundation, cog-
nitive style) regulate the relationship between cognitive
dimensions and learning outcomes [20].

2. Verification process:
Using exploratory factor analysis (EFA) and confirmatory

factor analysis (CFA) to validate the reliability and validity
of the measurement model;

The sample data is divided into exploratory samples
(n=643) and confirmatory samples (n=643), which are used
for EFA and CFA analysis, respectively.

3. Verification results:
Reliability test: Cronbach’s alpha coefficients for all di-

mensions are greater than 0.7, and combined reliability (CR)
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is greater than 0.8, indicating that the measurement model
has good reliability;

Validity test: Both convergent validity (AVE values
greater than 0.5) and discriminant validity (AVE square
root greater than inter dimensional correlation coefficient
for each dimension) meet the standard, indicating that the
measurement model has good validity.

Construction and Validation of Structural Models
Using AMOS 24.0 to construct a structural equation

model and verify the correlation between cognitive dimen-
sions:

1. Model fitting: The main fitting indicators of the
structural model have reached the ideal level (χ2/df =
2.36, GFI=0.92, AGFI=0.90, NFI=0.93, CFI=0.95, RM-
SEA=0.042), indicating good model fitting;

2. Hypothesis testing: Except for H6 where “cognitive
style has no significant moderating effect on memory dimen-
sions and learning outcomes”, all other hypotheses passed
the test (p < 0.001);

3. Path coefficient: The attention dimension has a path
coefficient of 0.68 for the memory dimension and 0.59 for
the cognitive strategy dimension; The path coefficient of
memory dimension on learning effectiveness is 0.42; The
path coefficient of metacognitive dimension to cognitive
strategy dimension is 0.73; The path coefficient of cognitive
strategy dimension on learning effectiveness is 0.56.

D. MODEL CORE CONCLUSION
The core conclusions of the cognitive mechanism model for
second language acquisition are as follows:

1. Attention dimension is the starting point of the cogni-
tive process in second language acquisition, and has a sig-
nificant positive impact on memory encoding and cognitive
strategy application;

2. The metacognitive dimension indirectly affects learning
outcomes by regulating the selection and application of
cognitive strategies, and is the core regulatory link of
cognitive processes;

3. The cognitive strategy dimension has the most sig-
nificant direct impact on learning outcomes, and effective
cognitive strategies can significantly improve learning effi-
ciency;

4. Language foundation has a significant moderating
effect on the relationship between cognitive processes and
learning outcomes, and learners with weak foundations
need targeted interventions for their attention and memory
processes;

5. The model can accurately predict learners’ cognitive
shortcomings and learning outcomes, providing clear targets
for personalized interventions.

IV. DESIGN OF PRECISE INTERVENTION PLAN FOR
ENGLISH LEARNING DRIVEN BY BIG DATA
A. PRINCIPLES OF SCHEME DESIGN

1) Principle of cognitive adaptation
Based on the cognitive mechanism model of second lan-
guage acquisition, ensure that pedagogical actions align
closely with the identified cognitive profiles of learners.

2) Principle of Personalization
Fully consider the individual differences of learners (lan-
guage foundation, cognitive style, learning motivation) and
design differentiated intervention plans.

3) Principle of dynamic adjustment
Based on real-time learning data and cognitive state mon-
itoring, dynamically optimize intervention strategies to en-
sure the sustained effectiveness of interventions.

4) Principle of operability
The design of the plan fully considers the practical scenar-
ios of English teaching and learners’ autonomous learning
abilities, ensuring that intervention measures are easy to
implement.

5) Principle of Full Process Coverage
The intervention plan covers the entire process before, dur-
ing, and after learning, achieving a closed-loop intervention
of cognitive diagnosis, strategy guidance, and effectiveness
feedback.

B. OVERALL ARCHITECTURE OF THE PLAN
Based on the four stage logic of “diagnosing cognitive
states, personalizing intervention strategies, adjusting pa-
rameters dynamically, and assessing effectiveness through
feedback”, a precise intervention plan architecture for En-
glish learning is constructed, as shown in Table 1:
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TABLE 1. Overall Architecture of the Precision Intervention Program

Intervention
Stage

Core Objective Core Functions Big Data
Empower-
ment
Method

Cognitive
Diagnosis
Stage

Accurately identify
cognitive
weaknesses and
individual
differences

Cognitive state
assessment, individual
difference analysis,
intervention target
positioning

Cognitive
mechanism
model
prediction,
multi-source
data fusion
analysis

Personalized
Intervention
Stage

Match optimal
intervention
strategies and
learning resources

Cognitive strategy
guidance, learning
content adaptation,
learning path planning

Personalized
recommenda-
tion
algorithm,
cognitive
model
matching

Dynamic
Adjustment
Stage

Real-time
optimization of
intervention
programs

Learning state
monitoring,
intervention effect
tracking, dynamic
strategy adjustment

Real-time
data
collection,
intervention
effect
analysis

Effect
Feedback
Stage

Scientifically
evaluate
intervention
effectiveness and
continuously
optimize

Multi-dimensional
effect evaluation,
cognitive state
feedback, program
iteration and
upgrading

Effect
evaluation
model,
cognitive
model update

C. CORE PROCESSES AND IMPLEMENTATION
METHODS FOR EACH STAGE
1) Cognitive Diagnosis Stage
1. Core process:

Data collection: Collecting multi-source data on learners’
cognitive processes, individual differences, learning behav-
iors, etc;

Cognitive assessment: using cognitive mechanism models
to comprehensively evaluate learners’ attention, memory,
metacognition, cognitive strategies, and other dimensions;

Differential analysis: Analyze individual differences
among learners in language foundation, cognitive style,
learning motivation, and other aspects;

Target positioning: Based on cognitive assessment and
differential analysis results, identify learners’ core cognitive
weaknesses and intervention targets.

2. Implementation method:
Adopting a combination of standardized cognitive testing

and automatic data collection from learning platforms to
ensure the comprehensiveness of diagnostic data;

Generate personalized cognitive diagnosis reports based
on cognitive mechanism models, clarify cognitive shortcom-
ings (such as “low efficiency of attention allocation” and
“insufficient metacognitive monitoring”) and intervention
priorities;

Invite English teachers to review the diagnosis report to
ensure the accuracy of the diagnosis results.

2) Personalized Intervention Stage
1. Core process:

Strategy matching: Matching targeted cognitive strategies
based on cognitive shortcomings (such as selective attention
training for attention shortcomings matching);

Content adaptation: Based on language foundation and
cognitive style, recommend adapted learning content (such
as visual learners recommending graphic and textual mate-
rials);

Path planning: Develop personalized learning paths, clar-
ify learning goals, progress, and tasks;

Resource integration: Integrate high-quality learning re-
sources (such as adaptive exercises, cognitive strategy guid-
ance videos) to support intervention implementation.

2. Implementation method:
Build a cognitive strategy library, covering 28 specific

intervention strategies in four categories: attention training,
memory reinforcement, metacognitive cultivation, and strat-
egy application;

Based on collaborative filtering recommendation algo-
rithm, combined with cognitive mechanism model and in-
dividual difference data, achieve accurate recommendation
of learning content and resources;

Develop a personalized learning path generation tool to
support learners in independently adjusting their learning
plans and cultivating their ability for self-directed learning.

3) Dynamic Adjustment Stage
1. Core process:

Status monitoring: Real time collection of learners’ learn-
ing behavior data, cognitive performance data, and feedback
data;

Effect analysis: Analyze the implementation effect of in-
tervention measures, determine whether cognitive shortcom-
ings have been improved and whether learning outcomes
have been enhanced;

Strategy adjustment: Based on the results of effect anal-
ysis, dynamically optimize intervention strategies (such as
increasing the training frequency of certain strategies and
adjusting the difficulty of learning content);

Warning prompt: issue a warning to learners with poor
intervention effect or abnormal cognitive status, and adjust
the intervention plan in a timely manner.

2. Implementation method:
The learning platform tracks learners’ learning behavior

and practice performance in real-time; While language profi-
ciency is assessed over the full term, behavioral engagement
and strategy usage data generate a dynamic monitoring
report every two weeks to allow for micro-adjustments
in resource delivery without over-interpreting short-term
cognitive fluctuations.

Based on a dynamic decision-making model, automati-
cally analyze the correlation between monitoring data and
intervention effectiveness, and propose strategy adjustment
suggestions;

Establish a dual track adjustment mechanism of “AI
system+teacher”, where the AI system provides initial ad-
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justment suggestions and the teacher is responsible for final
review and personalized guidance.

4) Effect feedback stage
1. Core process:

Multidimensional evaluation: Evaluate the intervention
effect from three dimensions: language ability, cognitive
efficacy, and learning experience;

Cognitive feedback: providing learners with feedback on
the improvement of their cognitive status (such as a 25%
increase in attention allocation efficiency);

Plan optimization: Based on evaluation results and feed-
back, iteratively optimize intervention plans and cognitive
mechanism models;

Knowledge update: Update new intervention cases and
effectiveness data to the cognitive mechanism model and
intervention strategy library.

2. Implementation method:
Using various methods such as standardized language

tests, cognitive ability assessments, and learning satisfaction
questionnaires to conduct multidimensional effectiveness
evaluations;

Generate personalized feedback reports, clarify learners’
progress and shortcomings, and provide follow-up learning
suggestions;

Establish a linkage optimization mechanism between in-
tervention effectiveness and cognitive models, use evalua-
tion data for model parameter updates, and improve model
prediction accuracy.

D. INTERVENTION SUPPORT SYSTEM DEVELOPMENT
Based on the above intervention plan, a big data-driven
English learning precision intervention support system is
developed, integrating core functions such as cognitive
diagnosis, personalized intervention, dynamic adjustment,
and effectiveness feedback. The system architecture is as
follows:

1) System Architecture
1. Data layer: Contains multi-source second language ac-
quisition data, which interacts with learning platforms, cog-
nitive testing tools, questionnaire systems, etc. through data
interfaces;

2. Knowledge layer: Based on the second language acqui-
sition cognitive mechanism model and intervention strategy
library, provide cognitive assessment and intervention deci-
sion support;

3. Algorithm layer: including core algorithms such as
cognitive prediction models, personalized recommendation
algorithms, dynamic decision models, and performance
evaluation models;

4. Functional layer: including core functional modules
such as cognitive diagnosis, intervention generation, dy-
namic adjustment, effect feedback, and system management;

5. Application layer: Provides web-based and mobile
applications, offering personalized services to learners and
teachers.

2) Core functional modules
1. Cognitive diagnosis module: supports functions such
as multi-source data collection, cognitive state assessment,
individual difference analysis, and diagnostic report gener-
ation;

2. Intervention generation module: Based on cognitive
diagnosis results, automatically generate personalized inter-
vention plans, learning paths, and resource recommenda-
tions;

3. Dynamic adjustment module: Real time monitoring
of learning status and intervention effectiveness, providing
strategy adjustment suggestions and warning prompts;

4. Effect feedback module: supports multi-dimensional
effect evaluation, feedback report generation, scheme opti-
mization and other functions;

5. Resource library module: Integrate high-quality re-
sources such as cognitive strategy guidance materials, adap-
tive learning resources, and case libraries;

6. System management module: includes functions such
as user management, permission management, data manage-
ment, and log management.

V. EMPIRICAL RESEARCH DESIGN AND RESULT
ANALYSIS
A. EMPIRICAL RESEARCH DESIGN
1) Empirical Object
Using stratified sampling method, non English major college
students from 8 different types of universities (3 compre-
hensive universities, 2 science and engineering colleges, 2
humanities colleges, and 1 private university) were selected
as empirical subjects. A total of 1286 learners were selected
and randomly divided into an experimental group and a
control group, with 643 people in each group. This study
was approved by the Ethics Committee of Sias University,
and was performed in accordance with the principles of the
Declaration of Helsinki. All eligible participants signed an
informed consent form. There were no significant differ-
ences (p > 0.05) between the experimental group and the
control group in terms of gender, grade, major, language
foundation, cognitive style, etc., indicating comparability.
The specific basic information is shown in the table below:
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TABLE 2. Basic Information of Empirical Research Objects

Demographic
Characteristic

Category Experimental
Group
(n=643)

Control
Group
(n=643)

Gender Male 338 342
Female 305 301

Grade Freshman 226 223
Sophomore 245 248
Junior 132 129
Senior 40 43

Major Type Science and
Engineering

278 281

Liberal Arts 205 201
Economics and
Management

160 161

Language
Proficiency
(Average Score)

Listening (100
Points)

62.3 ± 8.5 61.9 ± 8.7

Reading (100 Points) 65.7 ± 7.9 65.3 ± 8.1

Writing (100 Points) 60.2 ± 9.2 59.8 ± 9.5

2) Experimental Design
The experimental period is 16 weeks, serving as an initial
longitudinal phase to observe the stabilization of cognitive
strategy internalization, and the specific design is as follows:

Experimental group: Adopting a precision intervention
plan for English learning driven by big data, personalized
intervention is carried out through an intervention support
system;

Control group: Adopting traditional English learning in-
tervention programs, including unified curriculum teaching,
general practice assignments, and routine learning guidance;

Control variables: During the experiment, unrelated vari-
ables such as learning duration, course content, and teacher
qualifications were kept consistent between the two groups.

3) Data Collection and Processing Methods
Language proficiency data: Standardized language profi-
ciency tests (listening, reading, writing, speaking) will be
conducted before and after the experiment, and test scores
will be collected;

Cognitive efficacy data: Conduct cognitive experiments
and scale assessments before and after the experiment,
collect data on attention, memory, metacognition, cognitive
strategies, etc;

Learning experience data: After the experiment, a satis-
faction questionnaire will be distributed, and data related
to learning participation and self-directed learning will be
collected through an intervention support system;

Data processing: SPSS 26.0 was used for descriptive
statistics, independent sample t-test, paired sample t-test,
and quantitative analysis of intervention effectiveness.

B. EMPIRICAL RESULTS AND ANALYSIS
1) Comparison of Language Ability Improvement Results
The language proficiency test results of the experimental and
control groups before and after the experiment are shown
in the following table:

TABLE 3. Weighted Linguistic Competence Scores

Language Proficiency
Dimension

Group Pre-Test Mean
± Standard

Deviation

Post-Test Mean
± Standard

Deviation

Listening Ability (100
Points)

Experimental
Group

62.3 ± 8.5 79.8 ± 7.2

Control
Group

61.9 ± 8.7 68.7 ± 7.8

Reading Ability (100
Points)

Experimental
Group

65.7 ± 7.9 84.5 ± 6.5

Control
Group

65.3 ± 8.1 72.5 ± 7.3

Writing Ability (100
Points)

Experimental
Group

60.2 ± 9.2 77.9 ± 8.1

Control
Group

59.8 ± 9.5 66.9 ± 8.7

Speaking Ability (100
Points)

Experimental
Group

58.5 ± 10.3 76.3 ± 9.1

Control
Group

58.1 ± 10.5 65.4 ± 9.8

Comprehensive Language
Ability (100 Points)

Experimental
Group

61.7 ± 8.3 80.4 ± 7.0

Control
Group

61.3 ± 8.5 67.8 ± 7.7

Result analysis:
Pre test results: There were no significant differences

(p > 0.05) between the experimental group and the control
group in various language proficiency dimensions, indicat-
ing comparability at the initial level;

Post test results: The scores of various language profi-
ciency dimensions in the experimental group were signifi-
cantly higher than those in the control group (p < 0.001),
and the overall language proficiency improvement was
30.3%, significantly higher than the 10.6% of the control
group, to avoid the overlap between strategy mastery and
linguistic competence, a covariance analysis (ANCOVA)
was applied to isolate the gains in actual language perfor-
mance from test-taking strategy improvements, indicating
that the precision intervention program effectively improves
core English language proficiency.

2) Comparison of cognitive efficacy improvement
effectiveness
The evaluation results of cognitive efficacy before and after
the experimental group and control group are shown in the
following table:
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TABLE 4. Comparison of Language Proficiency Improvement

Cognitive Efficacy
Dimension

Group Pre-Test Mean
± Standard

Deviation

Post-Test Mean
± Standard

Deviation

Attention Ability (100
Points)

Experimental
Group

63.5 ± 9.1 82.7 ± 7.6

Control
Group

63.1 ± 9.3 70.5 ± 8.2

Memory Ability (100
Points)

Experimental
Group

62.8 ± 8.9 81.9 ± 7.3

Control
Group

62.4 ± 9.1 69.8 ± 8.0

Metacognitive Ability
(100 Points)

Experimental
Group

59.2 ± 9.5 82.0 ± 7.8

Control
Group

58.8 ± 9.7 67.6 ± 8.5

Cognitive Strategy
Application (100 Points)

Experimental
Group

57.6 ± 10.2 81.4 ± 8.5

Control
Group

57.2 ± 10.4 66.8 ± 9.2

Result analysis:
Pre test results: There were no significant differences

between the experimental group and the control group
in various dimensions of cognitive efficacy (p > 0.05),
indicating comparability of initial cognitive levels;

Post test results: The scores of various cognitive efficacy
dimensions in the experimental group were significantly
higher than those in the control group (p < 0.001), with
the highest improvement in cognitive strategy application
ability (41.3%) and metacognitive ability improvement of
38.5%, indicating that the precision intervention program
can effectively improve learners’ cognitive efficacy.

C. EMPIRICAL CONCLUSION
The empirical research results indicate that:

1. The big data-driven cognitive mechanism model for
second language acquisition has good effectiveness and
predictability, which can accurately depict the correlation
and influence path between cognitive dimensions, with a
prediction accuracy of 92.3%;

2. The precise intervention plan for English learning
based on this model can significantly improve interven-
tion effectiveness, with a comprehensive language ability
improvement of 30.3%, cognitive efficacy improvement of
35.1%, and learning satisfaction score of 8.9 points for
the experimental group, which is significantly better than
traditional intervention plans;

3. The program has good personalized adaptability and
has shown good intervention effects among learners with
different language foundations; While cognitive style did
not significantly moderate the memory dimension (H6), the
system’s ability to accommodate diverse learning foundation
levels ensured broad efficacy across the experimental group.

The application of intervention support systems has sig-
nificantly improved the accuracy and efficiency of inter-
ventions, and has been highly recognized by learners and
teachers, with the conditions for large-scale promotion and
application.

VI. SUGGESTIONS FOR SCHEME OPTIMIZATION AND
PROMOTION
A. SCHEME OPTIMIZATION STRATEGY
1) Cognitive Model Optimization
1. Data dimension expansion: Increase physiological data
(such as EEG and heart rate variability) and emotional data
(such as learning emotional states) to improve the accuracy
of cognitive mechanism characterization;

2. Algorithm fusion upgrade: Integrating deep learning
and symbolic algorithms to improve the predictive perfor-
mance and interpretability of the model;

3. Improvement of dynamic update mechanism: Establish
a real-time update mechanism for model parameters, con-
tinuously optimize the model based on new empirical data,
and enhance the model’s generalization ability.

2) Optimization of intervention plan
1. Rich cognitive strategies: Add more targeted cognitive
strategy training modules (such as working memory train-
ing, metacognitive monitoring training) and enrich interven-
tion methods;

2. Enhancement of personalization: Further refine the di-
mensions of individual differences and design more targeted
intervention plans based on learners’ learning goals (exam
oriented, applied);

3. Online and offline integration: Strengthen the integra-
tion of online intervention and offline guidance, increase
the frequency and depth of teachers’ face-to-face cognitive
strategy guidance;

4. Optimization of intervention cycle: Based on the im-
provement rules of different cognitive shortcomings, op-
timize the intervention cycle and strategy adjustment fre-
quency to improve intervention efficiency.

3) Support system optimization
1. Function improvement: Add cognitive strategy training
interactive module, teacher customized intervention plan
module, learning community communication module and
other functions;

2. Performance improvement: Optimize the real-time data
processing capability and response speed of the system to
enhance user experience;

3. Privacy protection enhancement: Adopting tech-
nologies such as data encryption and anonymization to
strengthen the privacy protection of learners’ data;

4. Usability improvement: Optimize the system interface
design, simplify the operation process, and enhance the
convenience of users with different technical levels.

B. PROMOTION SUGGESTIONS
1) Staged Promotion Strategy
1. Pilot promotion stage (12 years): Select some universities
with good basic conditions to carry out pilot applications,
accumulate teaching cases and experience, optimize cogni-
tive models and intervention plans;
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2. Regional promotion stage (23 years): Based on the suc-
cessful pilot, promote the application in universities within
the region, establish a mechanism for sharing teaching
resources and teacher exchange and cooperation within the
region;

3. National promotion stage (35 years): Summarize re-
gional promotion experience, formulate unified national
application guidelines and standards, and widely promote
their application in universities across the country;

4. Cross disciplinary promotion stage (more than 5 years):
Expand the program to other second language acquisition
fields (such as Japanese and French learning) and the basic
education stage, promoting the overall upgrade of second
language teaching.

2) Differentiated Promotion Suggestions
1. Promotion suggestions for different types of universities:

Comprehensive universities: fully leverage the advantages
of complete disciplines and abundant resources, carry out
diversified and deep level precise interventions, and create
demonstration bases;

Science and engineering colleges: Based on the cognitive
characteristics of science and engineering students, focus on
adapting logical memory and technical learning resources to
enhance the targeted intervention;

Liberal arts colleges: focus on cultivating language ap-
plication skills and cross-cultural communication abilities,
and increase relevant cognitive strategy training and learning
resources;

Private universities: By combining their own teaching re-
sources with the characteristics of their students, they choose
convenient and low-cost application models to gradually
improve their teaching level.

2. Promotion suggestions for different academic stages:
Freshman and sophomore stages: Focus on cultivating

basic cognitive abilities (attention, memory) and consoli-
dating basic language knowledge, building a solid cognitive
foundation for second language acquisition; During the third
and fourth years of college, the focus is on the comprehen-
sive application of cognitive strategies and the achievement
of personalized learning goals (such as CET-4 and CET-6,
postgraduate entrance exams, and workplace English), with
targeted interventions provided.

3) Guarantee Measures
1. Policy guarantee: Strive for policy support from the
education department to include big data-driven second
language acquisition cognitive modeling and precise inter-
vention in key projects of English teaching reform;

2. Financial guarantee: Establish special promotion funds
for cognitive model optimization, intervention support sys-
tem upgrade, teacher training, and other related work;

3. Teacher guarantee: Conduct specialized training for
English teachers in universities to enhance their ability to
apply big data technology and provide guidance on cogni-

tive strategies; Establish a teacher incentive mechanism to
stimulate teachers’ enthusiasm for teaching innovation;

4. Resource guarantee: Organize experts to collaborate
with frontline teachers, develop rich cognitive strategy
training resources and personalized learning resources, and
establish a resource sharing platform;

5. Promotion: Through academic conferences, specialized
training, case sharing, and other methods, promote the
advantages and application effectiveness of the program, and
increase the recognition and participation of universities.

VII. RESEARCH CONCLUSION
This research integrates cognitive mechanism modeling in
second language acquisition with big data-driven interven-
tions, specifically applying high-dimensional data process-
ing techniques derived from material informatics to enhance
the precision of linguistic learning patterns. Through a series
of studies including theoretical integration, data collection,
model construction, program design, and empirical verifica-
tion, the following conclusions are drawn:

1. A multi-source data collection system for second
language acquisition has been constructed, which includes
four primary dimensions of “cognitive process individual
differences learning behavior learning environment” and 28
secondary indicators, providing comprehensive data support
for cognitive mechanism modeling;

2. A three-layer second language acquisition cognitive
mechanism model architecture of “measurement model
structural model prediction model” was proposed, revealing
the correlation and influence path between core cogni-
tive dimensions such as attention, memory, metacognition,
and cognitive strategies. The model’s prediction accuracy
reached 92.3%;

3. We have designed a four stage precise intervention
plan for English learning, which includes cognitive diag-
nosis, personalized intervention, dynamic adjustment, and
effectiveness feedback. We have also developed a supporting
intervention support system, achieving a deep integration of
cognitive modeling and intervention implementation;

4. Empirical studies have shown that this intervention pro-
gram can significantly improve English learning outcomes
and cognitive efficacy. The comprehensive language ability
of the experimental group has increased by 30.3%, cognitive
efficacy has increased by 35.1%, and learning satisfaction
has reached 8.9 points, which is significantly better than
traditional intervention programs;

5. The program demonstrates robust personalized adapt-
ability and generalization, delivering significant intervention
effects across diverse academic environments and learner
groups while meeting the necessary criteria for large-scale
implementation within the specialized field of engineering.
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