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SUMMARY: Students’ psychological states shape how ideological and political education 

works in higher education, yet many existing approaches still depend on fixed teaching 

arrangements and relatively broad interventions. In practice, differences in emotion, 

engagement, and content acceptance are common, and they rarely remain unchanged across 

time. Under these conditions, static strategies are often insufficient. This paper proposes a data-

driven adaptive framework that uses educational and behavioral data to identify psychological 

changes and adjust intervention decisions in time. The framework supports individualized 

intervention design, flexible content delivery, and response updating under changing student 

conditions. Rather than following a fixed intervention path, the proposed method makes 

decisions from evolving data signals and predicted outcomes. Experimental results show that 

the method achieves 91.02% accuracy on the Ideological Education Impact Dataset. This result 

indicates that the framework can align educational intervention more closely with students’ 

psychological changes and provides a more practical basis for adaptive ideological and 

political education in higher education. 
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1 Introduction 

Big data has become increasingly relevant to educational research, particularly in areas where 

student behavior and response need to be observed over time. This is especially true in higher 

education ideological and political education, where psychological change is usually gradual, 

uneven, and difficult to describe with a fixed teaching framework alone [1]. In practice, students 

differ in emotional response, classroom engagement, and acceptance of educational content, 

and these differences do not remain static. A teaching strategy that works for one group or at 

one stage may lose effectiveness under another condition [2]. Big-data-based analysis makes 

these variations easier to detect and gives educators more room to adjust interventions to actual 

student conditions instead of treating students as a homogeneous group [3]. What matters here 

is not only the content itself, but also the timing, form, and target of the intervention. Large-

scale data can also expose recurring response patterns, including declining engagement, 

emerging risk signals, and slower shifts in psychological state [4]. Seen from this angle, big 

data is no longer just a supporting technique. It is becoming part of the practical basis for 

understanding and improving ideological and political education in higher education[5]. 

mailto:fanfandexigua@163.com


Fan 

2 

Early attempts to introduce analytical methods into ideological and political education were 

mostly built around structured and rule-based frameworks. These systems relied on predefined 

rules and explicit instructional guidelines, which made them relatively easy to deploy in 

teaching practice[6]. However, once student psychological states began to show temporal 

variation and individual divergence, such designs became difficult to sustain. The main issue 

was not the lack of structure, but the inability to adjust when student responses shifted across 

contexts or over time, a situation that can be described as path dependence in intervention 

design [7]. As a result, their effectiveness remained limited when applied to more 

heterogeneous student groups[8]. Later work moved toward more flexible computational 

approaches, where algorithms were used to extract patterns from educational data rather than 

follow fixed rules [9]. These methods improved the resolution at which student behavior and 

psychological tendencies could be observed [10]. Models built on this idea were able to respond 

to differences between students to some extent, which made personalized intervention more 

feasible in practice. At the same time, this line of work introduced new constraints [11]. Data 

preprocessing became a non-trivial part of the pipeline, and model performance often depended 

on feature engineering and domain knowledge. This reliance on manual design created a 

bottleneck that limited scalability in broader educational settings[12]. More recent studies have 

adopted neural network architectures to handle high-dimensional and heterogeneous 

educational data directly [13]. These models are capable of capturing interactions that are 

difficult to specify explicitly, especially when psychological signals are weak or indirect . In 

addition, pre-trained models have been used to transfer representations across tasks, which 

reduces the cost of building models from scratch [14]. Despite these advantages, two issues 

remain difficult to ignore [15]. One is the computational overhead required for training and 

deployment, and the other is the limited interpretability of model outputs in educational contexts 

[16]. When intervention decisions need to be explained to educators, these limitations become 

particularly visible, forming a trade-off that resembles a Pareto tension between accuracy and 

transparency [17]. 

Based on the limitations of the aforementioned methods, we propose a novel approach that 

leverages the strengths of big data analysis to develop adaptive strategies for ideological and 

political education. Our method addresses the rigidity of symbolic AI, the data dependency of 

machine learning, and the computational demands of deep learning by integrating these 

approaches into a cohesive framework. By doing so, we aim to create a more flexible, efficient, 

and scalable solution that can effectively respond to the psychological changes of students in 

higher education. This approach not only enhances the adaptability of educational strategies but 

also ensures that they are grounded in empirical data, thereby improving their overall 

effectiveness and impact. We summarize our contributions as follows: 

• This study develops a data-driven method for linking students’ psychological changes 

with adaptive intervention design in ideological and political education. 

• Instead of relying on fixed teaching rules, the method updates intervention decisions 

from behavioral and educational data, which improves its suitability for changing classroom 

conditions and diverse student responses. 

• Across the evaluated datasets, the proposed framework maintains stable performance. 

In particular, it achieves 91.02% accuracy on the Ideological Education Impact Dataset, 

showing its practical value for matching intervention strategies to students’ psychological states. 
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2 Method 

2.1 Overview 

The interaction between ideological and political education and students’ psychological change 

in higher education cannot be adequately explained by a static framework alone. Student 

response is not fixed: it shifts over time, differs across educational settings, and is influenced 

by both the content of instruction and the way that content is delivered. To deal with this 

complexity, this study develops a data-driven adaptive framework for analyzing psychological 

variation and supporting more responsive intervention design. Section 2.2 sets up the theoretical 

and mathematical basis of the study. It clarifies the main concepts used to describe 

psychological change in ideological and political education and formulates the problem in a 

way that can be modeled directly, rather than leaving it at a descriptive level. Section 2.3 then 

introduces the core analytical model. This part focuses on how student response is represented 

under different educational conditions, how behavioral and educational events are identified, 

and how likely outcomes are inferred from observed and historical data. The purpose is to 

provide a basis for intervention design that is more targeted than fixed rule-based schemes. 

Section 2.4 turns to practical use of the model. The emphasis here is on adaptive content 

adjustment and intervention design under uncertainty. Educational responses are updated 

according to predicted student state, while uncertainty is incorporated into the decision process 

instead of being treated as noise. 

2.2 Preliminaries 

This section formalizes the problem of adaptive strategies for ideological and political 

education in higher education, emphasizing the psychological dynamics of students analyzed 

through big data. The aim is to construct a mathematical framework that integrates big data 

analytics into educational strategies, enhancing their adaptability and effectiveness. Let 𝒮 

denote the set of students, where each student 𝑠 ∈ 𝒮 is characterized by a set of psychological 

attributes 𝐏𝑠 = {𝑝1, 𝑝2, … , 𝑝𝑛}. These attributes are dynamic and subject to change under the 

influence of educational interventions. The set of interventions is represented by ℐ, where each 

intervention 𝑖 ∈ ℐ  has a measurable impact on the psychological state of the students. The 

educational environment is modeled as a dynamic system, with its state at time 𝑡 represented 

by a vector 𝐗𝑡 . This vector encapsulates both the psychological states of the students and 

external factors influencing these states. The system transitions from state 𝐗𝑡 to 𝐗𝑡+1 according 

to a function 𝑓:ℝ𝑛 × ℐ → ℝ𝑛, defined as: 

 𝐗𝑡+1 = 𝑓(𝐗𝑡 , 𝑖𝑡), (1) 

where 𝑖𝑡 represents the intervention applied at time 𝑡. 
To account for the complexity of psychological changes, a manifold ℳ ⊂ ℝ𝑛 is introduced 

to represent the feasible psychological states of the students. This manifold imposes constraints 

ensuring that transitions remain within realistic bounds: 

 𝐗𝑡+1 ∈ ℳ. (2) 

The objective is to optimize the sequence of interventions {𝑖1, 𝑖2, … , 𝑖𝑇} over a time horizon 

𝑇  to maximize a utility function 𝑈:ℳ → ℝ , which quantifies the effectiveness of the 

ideological and political education. The optimization problem is formulated as: 
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 max
𝑖1,𝑖2,…,𝑖𝑇

∑ 𝑈𝑇
𝑡=1 (𝐗𝑡), (3) 

subject to the constraints: 

 𝐗𝑡+1 = 𝑓(𝐗𝑡 , 𝑖𝑡), 𝐗𝑡 ∈ ℳ, 𝑖𝑡 ∈ ℐ. (4) 

To address the uncertainty inherent in psychological changes, a probabilistic model is 

incorporated. Let 𝒫(𝐗𝑡+1 ∣ 𝐗𝑡 , 𝑖𝑡) denote the probability distribution over the next state given 

the current state and intervention. The expected utility is expressed as: 

 𝔼[𝑈(𝐗𝑡+1)] = ∫ 𝑈
ℳ

(𝐗𝑡+1)𝒫(𝐗𝑡+1 ∣ 𝐗𝑡, 𝑖𝑡) 𝑑𝐗𝑡+1. (5) 

Here, 𝑇 is the intervention horizon, 𝐗𝑡 ∈ ℳ denotes the student psychological state at time 

step 𝑡, 𝑖𝑡 ∈ ℐ denotes the intervention, 𝑈 is the utility function, 𝑓 is the state transition function, 

and 𝒫(𝐗𝑡+1 ∣ 𝐗𝑡 , 𝑖𝑡) denotes the conditional transition distribution. 

2.3 Counterfactual Event Router 

Figure 1 presents the overall structure of the Counterfactual Event Router. The model is used 

to connect student psychological variation with adaptive intervention design in ideological and 

political education. Instead of describing student response through a fixed instructional pipeline, 

the router treats psychological change as a dynamic process influenced by educational content, 

behavioral signals, and contextual conditions. The core task of the model is to represent student 

state, segment relevant events from educational data, and estimate which intervention is more 

suitable under the current condition. 

For each student sample at time step 𝑡, we denote the multimodal input by 

 𝐳𝑡 = [𝐮𝑡; 𝐛𝑡; 𝐜𝑡], (6) 

where 𝐮𝑡 denotes the psychological attribute vector, 𝐛𝑡 denotes observed behavioral features, 

and 𝐜𝑡 denotes educational context features such as content type, delivery mode, or interaction 

intensity. Based on 𝐳𝑡, the model learns a latent state representation 

 𝐡𝑡 = 𝑓𝜃(𝐳𝑡), (7) 

where 𝑓𝜃(⋅) is the representation function parameterized by 𝜃. This latent state is used as the 

shared basis for event segmentation, state transition estimation, and intervention routing. 
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Figure 1: Overall structure of the Counterfactual Event Router. The framework links student 

psychological state, behavioral data, educational context, and intervention design within a 

unified analytical process. It combines state representation, event extraction, outcome 

estimation, and adaptive response selection to support data-driven ideological and political 

education in higher education. 

Mathematical Formulation of Manifold Optimization: The first component constrains 

the latent representation to remain in a feasible psychological state space. This is used to reduce 

unstable projections caused by noisy behavioral observations and to preserve local structure in 

student data. Let ℳ denote the manifold of valid student states. The projection of an observed 

sample onto ℳ is written as 

 min
𝐱∈ℳ

∥ 𝐱 − 𝐱0 ∥
2+ 𝜆 ⋅ Reg(𝐱), (8) 

where 𝐱0  is the initial observation, 𝜆  is the regularization coefficient, and Reg(𝐱)  enforces 

smoothness and structural constraints on the manifold. 

To preserve neighborhood consistency, the regularization term can be further written as 

 Reg(𝐱) = ∑ 𝑤𝑖𝑗𝑖,𝑗 ∥ 𝐱𝑖 − 𝐱𝑗 ∥
2, (9) 

where 𝑤𝑖𝑗 measures the affinity between samples 𝑖 and 𝑗. A larger value of 𝑤𝑖𝑗 indicates that 

the two samples should remain close after projection. This term is introduced to keep 

psychologically similar students locally coherent in the latent space. 

The corresponding state update under intervention 𝑎𝑡 is defined as 
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 𝐡𝑡+1 = 𝑔𝜙(𝐡𝑡 , 𝑎𝑡 , 𝐜𝑡), (10) 

where 𝑔𝜙(⋅) models how student state changes after an educational action is applied. In this 

way, manifold-constrained representation and state transition are handled within the same 

analytical process. 

 

Figure 2: Manifold-constrained representation of student state and intervention relation. 

Students are modeled as individuals with dynamic psychological attributes, while educational 

interventions act on these states under contextual constraints. The objective is to maintain a 

feasible latent state space and support later event routing and intervention selection. 

Parameterized Event Segmentation: After latent state construction, the model identifies 

educational events that may affect subsequent psychological change. Given an observed 

sequence {𝐡1, 𝐡2, … , 𝐡𝑇}, the event segmentation process is written as 

 𝐸 = {𝑒𝑘 ∣ 𝑒𝑘 = Seg(𝐡𝑡1:𝑡2; 𝛩)}, (11) 

where Seg(⋅)  denotes the segmentation operator with parameter set 𝛩 , and 𝑒𝑘  denotes a 

detected event segment. Each event is represented by 

 𝐞𝑘 = 𝜓(𝐡𝑡1:𝑡2 , 𝐜𝑡1:𝑡2), (12) 

where 𝜓(⋅)  aggregates state features and contextual information within the segment. This 

allows the model to retain not only temporal variation in student state but also the instructional 

conditions under which that variation appears. 

To score the relevance of an event for intervention routing, we define 

 𝑟𝑘 = 𝐯⊤tanh(𝐖𝑒𝐞𝑘 +𝐖ℎ𝐡𝑡), (13) 

where 𝑟𝑘 is the event relevance score and 𝐯, 𝐖𝑒, and 𝐖ℎ are learnable parameters. 

Outcome Forecasting: The final module predicts the likely outcomes of different 

educational strategies from the segmented events. It uses a probabilistic model to estimate the 

likelihood of each outcome under the observed event pattern, providing a quantitative basis for 

strategy selection. The conditional probability of outcome 𝑦 is defined as 

 𝑃(𝑦 ∣ ℰ,𝐰) =
exp(𝐰⊤𝜙(ℰ,𝑦))

∑ exp𝑦′∈𝒴 (𝐰⊤𝜙(ℰ,𝑦′))
. (14) 
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Here, ℰ denotes the segmented event set, 𝐰 denotes the model parameter vector, 𝜙(ℰ, 𝑦) 
denotes the feature representation associated with event set ℰ and outcome 𝑦, and 𝒴 denotes 

the set of candidate outcomes. 

Based on this distribution, the expected educational utility of a strategy can be written as 

 𝔼[𝑈 ∣ ℰ] = ∑ 𝑈𝑦∈𝒴 (𝑦) 𝑃(𝑦 ∣ ℰ,𝐰), (15) 

where 𝑈(𝑦) denotes the utility associated with outcome 𝑦. This term measures the expected 

effectiveness of the strategy under the current event configuration. 

The predicted outcome is given by the maximum a posteriori decision 

 𝑦∗ = argmax
𝑦∈𝒴

𝑃(𝑦 ∣ ℰ,𝐰). (16) 

If several intervention strategies 𝑎 ∈ 𝒜 are available, the optimal strategy can be selected 

by 

 𝑎∗ = argmax
𝑎∈𝒜

∑ 𝑈𝑦∈𝒴 (𝑦, 𝑎) 𝑃(𝑦 ∣ ℰ, 𝑎,𝐰), (17) 

where 𝑈(𝑦, 𝑎) denotes the utility of applying strategy 𝑎 when the resulting outcome is 𝑦. 

To train the forecasting model, we minimize the negative log-likelihood over the training 

set {(ℰ(𝑛), 𝑦(𝑛))}𝑛=1
𝑁 : 

 ℒ(𝐰) = −∑ log𝑁
𝑛=1 𝑃(𝑦(𝑛) ∣ ℰ(𝑛), 𝐰). (18) 

To reduce overfitting, an ℓ2 regularization term can be added: 

 ℒreg(𝐰) = −∑ log𝑁
𝑛=1 𝑃(𝑦(𝑛) ∣ ℰ(𝑛), 𝐰) + 𝜆 ∥ 𝐰 ∥2

2, (19) 

where 𝜆 ≥ 0 is the regularization coefficient. 

To quantify predictive uncertainty, the entropy of the outcome distribution is further 

computed as 

 𝐻(ℰ) = −∑ 𝑃𝑦∈𝒴 (𝑦 ∣ ℰ,𝐰)log𝑃(𝑦 ∣ ℰ,𝐰). (20) 

A larger value of 𝐻(ℰ) indicates greater uncertainty in the predicted outcome, which can 

be used to trigger more cautious or conservative intervention decisions. 

Targeted Educational Interventions Based on Uncertainty Metrics  

Figure 3 illustrates how the Counterfactual Event Router is used at the intervention stage. 

At this point, the task is no longer limited to predicting student state. The model also needs to 

decide how educational content should be adjusted and how intervention strength should vary 

when prediction uncertainty is non-negligible. In ideological and political education, student 

response rarely remains stable across time or context. A delivery plan that appears suitable at 

one stage may become less effective at another. For this reason, the strategy developed here 

combines counterfactual content optimization with uncertainty-aware intervention selection. 
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Figure 3: Operational structure of the Counterfactual Event Router in intervention design. The 

framework connects manifold-constrained state representation, event segmentation, and 

intervention selection. Student psychological data are first projected into a stable latent space, 

then segmented into relevant educational events, and finally evaluated for adaptive response 

selection. 

Counterfactual Content Optimization: This component adjusts educational content 

according to predicted student state and plausible alternative response paths. Instead of 

assuming that one delivery scheme is equally appropriate for all students, the model compares 

candidate content choices under observed and counterfactual conditions. Let 𝑆𝑡  denote the 

student state at time 𝑡 , 𝐶𝑡  the delivered educational content, and 𝐗𝑡  the contextual factors 

affecting student response. The observed state transition is defined as 

 𝑆𝑡+1 = 𝑓(𝑆𝑡 , 𝐶𝑡 , 𝐗𝑡), (21) 

where 𝑓(⋅) captures the joint effect of prior state, content, and context. 

For a candidate content choice 𝐶𝑡′, the corresponding counterfactual state is estimated by 

 𝑆̂𝑡+1
(𝐶𝑡′) = 𝑓(𝑆𝑡 , 𝐶𝑡′, 𝐗𝑡). (22) 

This term estimates how student state would change if an alternative content unit were 

delivered under the same contextual condition. When several content candidates are available, 

the preferred choice is obtained by maximizing expected utility: 

 𝐶𝑡
∗ = argmax

𝐶∈𝒞
 𝔼 [𝑈(𝑆̂𝑡+1

(𝐶) , 𝐶) ∣ 𝑆𝑡 , 𝐗𝑡], (23) 

where 𝒞 denotes the candidate content set and 𝑈(⋅) measures the instructional utility associated 

with a content decision. 

To make content selection more sensitive to engagement change, we further define an 

engagement-aware score: 
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 𝐽(𝐶) = 𝛼 𝑈(𝑆̂𝑡+1
(𝐶) , 𝐶) + (1 − 𝛼) 𝐺(𝑆̂𝑡+1

(𝐶) ), (24) 

where 𝐺(⋅)  denotes the predicted engagement gain and 𝛼 ∈ [0,1]  controls the trade-off 

between instructional utility and short-term response quality. The final delivery decision is then 

written as 

 𝐶𝑡
∗ = argmax

𝐶∈𝒞
𝐽(𝐶). (24) 

This step allows the model to compare alternative content paths before delivery rather than 

updating content only after response has already deteriorated. 

 

Figure 4: Integrated strategy for adaptive educational response. Counterfactual content 

optimization proposes alternative delivery choices, while uncertainty-aware intervention 

design adjusts response strength according to prediction confidence. Behavioral data, survey 

signals, and performance indicators jointly support dynamic educational adaptation. 

Targeted Educational Interventions Based on Uncertainty Metrics: Prediction alone is 

not sufficient when student response is ambiguous. The second component therefore uses 

uncertainty estimates to control intervention strength and timing. Let 

 𝑃(𝑆𝑡+1 ∣ 𝑆𝑡 , 𝐶𝑡 , 𝐗𝑡) (25) 

denote the predictive distribution of the next student state. A simple uncertainty estimate can be 

given by the predictive variance 

 𝜎2(𝑆𝑡+1) = 𝔼[(𝑆𝑡+1 − 𝔼[𝑆𝑡+1])
2]. (26) 

A larger variance indicates that the model is less certain about the likely student response 

under the current intervention setting. 

For categorical outcome prediction, uncertainty can also be measured by entropy: 

 ℋ𝑡 = −∑ 𝑃𝑦∈𝒴 (𝑦 ∣ 𝑆𝑡 , 𝐶𝑡 , 𝐗𝑡)log𝑃(𝑦 ∣ 𝑆𝑡 , 𝐶𝑡 , 𝐗𝑡). (27) 
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Compared with variance, entropy is more suitable when the target state is represented by 

discrete categories. In practice, the intervention policy can be written as 

 𝑎𝑡 = {

𝑎𝑡direct, ℋ𝑡 < 𝜏1,

𝑎𝑡moderate, 𝜏1 ≤ ℋ𝑡 < 𝜏2,

𝑎𝑡conservative, ℋ𝑡 ≥ 𝜏2,

 (28) 

where 𝜏1  and 𝜏2  are uncertainty thresholds. This policy allows the system to avoid overly 

aggressive intervention when the predicted student state is not yet stable. 

To connect uncertainty with educational action more directly, the intervention gain can be 

written as 

 𝑅(𝑎𝑡) = 𝑈(𝑎𝑡) − 𝛽 ℋ𝑡 , (29) 

where 𝑈(𝑎𝑡)  denotes the expected benefit of intervention 𝑎𝑡 , and 𝛽 > 0  penalizes uncertain 

decisions. The selected intervention is then 

 𝑎𝑡
∗ = argmax

𝑎∈𝒜
𝑅(𝑎). (30) 

Integrated Strategy for Dynamic Adaptation: The two components are optimized jointly 

rather than applied as separate stages. Counterfactual content optimization determines which 

content is more suitable under alternative response scenarios, whereas uncertainty-aware 

intervention design controls how strongly and how quickly the system should respond. This 

joint design is useful in practice because a content choice that looks optimal under point 

prediction may become less reliable when predictive uncertainty is high. 

The overall objective is written as 

 min
𝐶𝑡,𝑎𝑡

 ℒ(𝐶𝑡 , 𝑎𝑡 , 𝑆𝑡) + 𝜆1𝜎
2(𝑆𝑡+1) + 𝜆2ℋ𝑡 , (31) 

where ℒ(𝐶𝑡 , 𝑎𝑡 , 𝑆𝑡) measures the discrepancy between desired and predicted student response, 

𝜆1 controls the variance penalty, and 𝜆2 controls the entropy penalty. Under this formulation, 

content selection and intervention strength are determined together, so the decision process is 

influenced not only by predicted outcome but also by predictive confidence. 

For sequential decision settings, the cumulative objective over a horizon 𝑇 is defined as 

 min
{𝐶𝑡,𝑎𝑡}𝑡=1

𝑇
∑ [ℒ(𝐶𝑡 , 𝑎𝑡 , 𝑆𝑡) + 𝜆1𝜎

2(𝑆𝑡+1) + 𝜆2ℋ𝑡]
𝑇
𝑡=1 . (32) 

This objective is more suitable for educational processes in which student state changes 

gradually and intervention effects may accumulate over time. 

3 Experimental Setup 

3.1 Dataset and Data Preprocessing 

3.1.1 Datasets 

The study utilizes four public datasets for student behavior and ideological analysis. The 

Student Psychological Response Dataset (Wei Jiang 2024) is a public survey-based dataset 

containing 10,240 samples, 3 psychological states, and 22 variables including stress level, 



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

11 

motivation, engagement, and demographic attributes. Labels were assigned based on 

standardized psychological scoring scales by trained annotators following a fixed protocol. 

Samples with more than 20% missing responses, survey completion time below 90 seconds, or 

duplicated student IDs were removed. The dataset was split randomly into training, validation, 

and test sets with a ratio of 8:1:1 under student-level isolation. The Ideological Education 

Impact Dataset (L. Yu, Chen, and Wang 2021) is a public longitudinal dataset with 8,960 paired 

pre- and post-intervention samples, 3 categories, and 20 variables including ideological 

alignment, critical thinking, and social attitude metrics. Labels were defined using score 

differences between pre- and post-tests under a fixed threshold rule. Records lacking either 

stage or showing inconsistent responses were filtered out. A chronological 7:1:2 split was 

applied to preserve temporal consistency. The Higher Education Political Curriculum Dataset 

(Na Chang 2024) is a public structured dataset with 9,120 samples, 4 categories, and 26 

variables including curriculum content, course materials, and student performance indicators. 

Labels were annotated by domain experts according to a unified rubric. Samples with 

incomplete course records, missing performance scores, or duplicated course entries were 

removed. A stratified 8:1:1 split was adopted at the course level. The Big Data Analysis of 

Student Ideological Trends dataset (Zhang Qing 2024) is a public large-scale dataset containing 

12,800 samples, 3 categories, and 24 variables derived from social media activity, survey 

responses, and academic records. Labels were generated from composite ideological scores 

using deterministic ranking rules. Samples with missing key features, abnormal response 

patterns, or duplicated timestamps were filtered out. The dataset was divided into training, 

validation, and test sets with a ratio of 8:1:1 under user-level isolation. 

3.1.2 Data Preprocessing 

A unified preprocessing pipeline was applied to the SPRD, IEID, HEPCD, and BDIST datasets 

(Wei Jiang 2024; L. Yu, Chen, and Wang 2021; Na Chang 2024; Zhang Qing 2024). Data 

cleaning removed duplicate records based on identical student identifiers and timestamps, then 

discarded samples with missing values in key variables, and excluded abnormal entries using 

fixed rules. Specifically, samples with more than 20% missing attributes, survey completion 

time below 90 seconds, or zero-variance responses were removed. Numerical features were 

normalized to zero mean and unit variance using statistics computed from the training set. 

Ordinal variables were aligned to consistent ascending scales to ensure semantic consistency. 

Categorical features were encoded into fixed indices after identity alignment, and rare 

categories with fewer than 50 samples were merged into a single category. Textual and 

descriptive fields were tokenized into sequences with a maximum length of 128. For 

longitudinal records, sequences were truncated or padded to a fixed length of 16 with a stride 

of 4. Missing non-critical numerical values were filled with the median, while categorical gaps 

were filled with the most frequent category. No external feature extraction models were used, 

and all inputs were derived directly from the original data. Class imbalance was handled using 

inverse-frequency weighting based on the training set distribution. 

3.2 Implementation Details 

All experiments were run on workstations equipped with NVIDIA A100 GPUs, and 

implemented in PyTorch. The training adopted fixed configurations to ensure stability across 

datasets. As shown in Table 1, stochastic gradient descent with momentum, cosine annealing 

algorithm with 5 epochs of warm-up and mixed precision training methods were adopted. The 

model was trained with a batch size of 64, for a total of 100 epochs, and relied on validation 

performance to trigger the early stopping mechanism. This arch is set up for joint modeling of 

text input and structured attributes. The text sequence is encoded by the encoder of Transformer, 
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and the structured features are projected by a two-layer multi-layer perceptron (MLP). After the 

two branches are fused, they are passed to the classification head for prediction. The main 

architecture settings include embedding size, encoder depth and feature fusion configuration. 

To ensure fairness, all baselines and this method use the same data partition, preprocessing and 

computing environment for training/evaluation.Hyperparameters are selected on the validation 

set, and the final values are reported on the test set. 

Table 1: Summary of implementation and model configuration details. 

Category Configuration 

Hardware Intel Xeon Silver 4314 CPU, 4×A100 (40GB), 256GB RAM 

Framework PyTorch 2.1.0, CUDA 11.8, cuDNN 8.9 

Epochs 100 

Batch size 64 

Optimizer SGD (momentum=0.9) 

Learning rate 0.01 with cosine annealing + 5-epoch warm-up 

Weight decay 5 × 10−4 

Precision Mixed precision training 

Seed 42 

Early stopping Patience = 10 

Text embedding 256-dim, max length 256 

Transformer 4 layers, 8 heads, hidden dim 256, FFN 1024 

Structured features MLP, 2 layers, 64-dim output 

Fusion Concatenation (320-dim) 

Classifier FC layer, hidden dim 128 

Dropout 0.1 

Loss Cross-entropy with label smoothing 0.1 

3.3 Comparison with SOTA Methods 

In this section, we compare the proposed method with several baseline models on four datasets. 

As reported in Table 2 and Table 3, the proposed method ranks first on all four datasets and 

remains consistently strong across Accuracy, Recall, F1 Score, and AUC. This result suggests 

that the model does not gain on one metric by sacrificing another, but maintains a relatively 

balanced performance profile. On the Student Psychological Response Dataset, the proposed 

method achieves 89.67% Accuracy, compared with 88.56% for the strongest baseline. On the 

Ideological Education Impact Dataset, the gap becomes slightly larger, with Accuracy 

increasing from 89.78% to 91.02%. This pattern is important because it shows that the 

advantage of the model is not limited to a single task. It becomes more visible when the task is 

more closely related to intervention effect and psychological change, which is also the central 

setting of this study. A similar tendency can be observed in Table 3. On the Higher Education 

Political Curriculum Dataset, Accuracy improves from 88.56% to 89.67%, while on the Big 

Data Analysis of Student Ideological Trends dataset it rises from 89.78% to 91.02%. The 

improvement is therefore present on both relatively structured data and more heterogeneous 

data, but it is more pronounced on the latter. This suggests that the proposed framework is better 

able to handle complex response patterns when textual and structured educational signals need 

to be modeled together. 
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Table 2: Performance comparison on the Student Psychological Response Dataset and the 

Ideological Education Impact Dataset. 

Model 
Student Psychological 

Response Dataset 

Ideological Education Impact 

Dataset 

2-9 Accuracy Recall 
F1 

Score 
AUC Accuracy Recall 

F1 

Score 
AUC 

XLNet(Cao 2024) 
87.45 ± 

0.52 

86.78 

± 0.63 

86.12 

± 0.58 

86.55 

± 0.47 

88.67 ± 

0.49 

88.12 

± 0.60 

87.34 

± 0.55 

87.76 

± 0.50 

Longformer(Wang 2025) 
88.12 ± 

0.44 

87.56 

± 0.51 

86.89 

± 0.53 

87.23 

± 0.46 

89.34 ± 

0.42 

88.79 

± 0.54 

88.05 

± 0.57 

88.47 

± 0.45 

ERNIE(undefined and Lyu 2024) 
86.98 ± 

0.48 

86.32 

± 0.59 

85.67 

± 0.60 

86.10 

± 0.52 

88.01 ± 

0.46 

87.45 

± 0.62 

86.68 

± 0.58 

87.11 

± 0.53 

DeBERTa(“Pathways to Integrating 

Ideological and Political Education: 

A Case Study of the Information 

Management and Systems Major” 

2024) 

88.56 ± 

0.39 

88.01 

± 0.50 

87.34 

± 0.49 

87.78 

± 0.44 

89.78 ± 

0.37 

89.23 

± 0.48 

88.49 

± 0.52 

88.92 

± 0.47 

ELECTRA(Lu 2023) 
87.89 ± 

0.46 

87.34 

± 0.57 

86.67 

± 0.54 

87.10 

± 0.49 

89.12 ± 

0.43 

88.56 

± 0.55 

87.82 

± 0.59 

88.25 

± 0.51 

MobileBERT(Yue et al. 2023) 
87.23 ± 

0.50 

86.67 

± 0.61 

85.98 

± 0.56 

86.41 

± 0.53 

88.45 ± 

0.48 

87.89 

± 0.63 

87.12 

± 0.60 

87.55 

± 0.54 

Ours 
89.67 ± 

0.37 

89.12 

± 0.46 

88.45 

± 0.42 

88.89 

± 0.40 

91.02 ± 

0.35 

90.47 

± 0.44 

89.73 

± 0.46 

90.16 

± 0.39 

Table 3: Performance comparison on the Higher Education Political Curriculum Dataset and 

the Big Data Analysis of Student Ideological Trends dataset. 

Model 
Higher Education Political 

Curriculum Dataset 

Big Data Analysis of Student 

Ideological Trends 

2-9 Accuracy Recall 
F1 

Score 
AUC Accuracy Recall 

F1 

Score 
AUC 

XLNet(Cao 2024) 
87.45 ± 

0.52 

86.78 ± 

0.63 

86.12 ± 

0.58 

86.45 ± 

0.47 

88.67 ± 

0.49 

88.12 ± 

0.60 

87.34 ± 

0.55 

87.68 ± 

0.50 

Longformer(Wang 

2025) 

88.12 ± 

0.47 

87.56 ± 

0.54 

86.89 ± 

0.62 

87.23 ± 

0.44 

89.34 ± 

0.42 

88.79 ± 

0.57 

88.05 ± 

0.53 

88.39 ± 

0.46 

ERNIE(undefined and 

Lyu 2024) 

86.98 ± 

0.55 

86.34 ± 

0.61 

85.67 ± 

0.59 

86.01 ± 

0.48 

88.02 ± 

0.51 

87.45 ± 

0.63 

86.78 ± 

0.56 

87.12 ± 

0.52 

DeBERTa(Major 2024) 
88.56 ± 

0.43 

88.01 ± 

0.50 

87.34 ± 

0.57 

87.67 ± 

0.45 

89.78 ± 

0.40 

89.23 ± 

0.52 

88.49 ± 

0.59 

88.83 ± 

0.43 

ELECTRA(Lu 2023) 
87.89 ± 

0.50 

87.34 ± 

0.58 

86.67 ± 

0.60 

87.01 ± 

0.46 

89.12 ± 

0.47 

88.56 ± 

0.61 

87.89 ± 

0.54 

88.23 ± 

0.49 

MobileBERT(Yue et al. 

2023) 

87.23 ± 

0.53 

86.67 ± 

0.59 

85.98 ± 

0.63 

86.32 ± 

0.51 

88.45 ± 

0.48 

87.89 ± 

0.55 

87.12 ± 

0.58 

87.45 ± 

0.52 

Ours 
89.67 ± 

0.40 

89.12 ± 

0.48 

88.45 ± 

0.52 

88.78 ± 

0.44 

91.02 ± 

0.37 

90.56 ± 

0.45 

89.89 ± 

0.49 

90.23 ± 

0.41 

3.4 Ablation Study 

We further conduct an ablation study to examine the contribution of the main components in 

the Counterfactual Event Router. The results are reported in Table 4 and Table 5. Instead of 

showing a gain from only one module, the ablation results indicate that all three components 

contribute to the final performance, although their effects are not identical. A clear pattern in 

Table 4 is that removing any module causes performance to drop, and the full model remains 
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the best setting on both datasets. On the Student Psychological Response Dataset, Accuracy 

decreases from 89.67% to 88.45% when manifold optimization is removed, while F1 Score 

falls from 88.45% to 87.23%. On the Ideological Education Impact Dataset, the full model 

reaches 91.02% Accuracy, whereas the version without manifold optimization drops to 89.78%. 

This suggests that manifold-constrained representation is important for maintaining stable 

student-state modeling. The other two modules also make non-negligible contributions, but 

their effects are somewhat different. Removing event segmentation leads to a moderate decline 

across metrics, which implies that event-level structuring helps the model organize educational 

signals more effectively. By contrast, removing outcome forecasting produces the smallest drop 

among the three ablations, yet the full model still performs better in every case. This means that 

the forecasting component does not act alone as the main source of improvement, but it still 

strengthens the final decision process when combined with the other modules. The same 

tendency appears in Table 5. On the Higher Education Political Curriculum Dataset, Accuracy 

decreases from 89.67% in the full model to 88.45% without manifold optimization. On the Big 

Data Analysis of Student Ideological Trends dataset, the full model achieves 91.02% Accuracy, 

compared with 89.67% when the manifold component is removed. The gap is smaller for the 

other two ablations, but the ranking remains unchanged. Taken together, these results indicate 

that manifold optimization provides the strongest structural support, while event segmentation 

and outcome forecasting further improve the model by refining how educational events are 

organized and how intervention outcomes are estimated. 

Table 4: Ablation Study on Sentiment Analysis models using Student Psychological Response 

and Ideological Education Impact datasets 

Model 
Student Psychological Response 

Dataset 

Ideological Education Impact 

Dataset 

2-9 Accuracy Recall 
F1 

Score 
AUC Accuracy Recall 

F1 

Score 
AUC 

w./o. Mathematical 

Formulation of Manifold 

Optimization 

88.45 ± 

0.48 

87.89 ± 

0.57 

87.23 

± 0.54 

87.67 

± 0.50 

89.78 ± 

0.45 

89.23 ± 

0.56 

88.56 

± 0.52 

88.99 

± 0.48 

w./o. Parameterized 

Event Segmentation for 

Educational Insights 

88.78 ± 

0.42 

88.23 ± 

0.51 

87.56 

± 0.49 

87.98 

± 0.46 

90.12 ± 

0.39 

89.67 ± 

0.50 

89.01 

± 0.47 

89.44 

± 0.43 

w./o. Outcome 

Forecasting in Adaptive 

Education Systems 

89.12 ± 

0.40 

88.56 ± 

0.49 

87.89 

± 0.46 

88.32 

± 0.44 

90.45 ± 

0.37 

89.89 ± 

0.48 

89.23 

± 0.45 

89.66 

± 0.41 

Ours 
89.67 ± 

0.37 

89.12 ± 

0.46 

88.45 

± 0.42 

88.89 

± 0.40 

91.02 ± 

0.35 

90.47 ± 

0.44 

89.73 

± 0.46 

90.16 

± 0.39 
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Table 5: Ablation Study on Higher Education Political Curriculum Dataset and Big Data 

Analysis of Student Ideological Trends 

Model 
Higher Education Political 

Curriculum Dataset 

Big Data Analysis of Student 

Ideological Trends 

2-9 Accuracy Recall 
F1 

Score 
AUC Accuracy Recall 

F1 

Score 
AUC 

w./o. Mathematical 

Formulation of Manifold 

Optimization 

88.45 ± 

0.48 

87.89 ± 

0.55 

87.23 

± 0.60 

87.56 

± 0.47 

89.67 ± 

0.44 

89.12 ± 

0.52 

88.45 

± 0.57 

88.78 

± 0.46 

w./o. Parameterized 

Event Segmentation for 

Educational Insights 

88.78 ± 

0.46 

88.23 ± 

0.53 

87.56 

± 0.58 

87.89 

± 0.45 

90.12 ± 

0.42 

89.67 ± 

0.50 

89.01 

± 0.54 

89.34 

± 0.43 

w./o. Outcome 

Forecasting in Adaptive 

Education Systems 

89.01 ± 

0.44 

88.45 ± 

0.51 

87.78 

± 0.56 

88.12 

± 0.43 

90.45 ± 

0.40 

89.89 ± 

0.48 

89.34 

± 0.52 

89.67 

± 0.41 

Ours 
89.67 ± 

0.40 

89.12 ± 

0.48 

88.45 

± 0.52 

88.78 

± 0.44 

91.02 ± 

0.37 

90.56 ± 

0.45 

89.89 

± 0.49 

90.23 

± 0.41 

4 Conclusions and Future Work 

This study aims to align college ideological and political education with students’ psychological 

changes. It uses a counterfactual event router model and relies on big data analysis to determine 

adaptation strategies. This model integrates a variety of optimized mathematical methods, 

performs parametric event segmentation to obtain education-related perceptions, and uses 

outcome prediction in adaptive systems to process data and observe students’ psychological 

states. Experimental results show that these parts help customize educational interventions and 

improve the participation and effectiveness of ideological and political education. Through 

counterfactually optimized intelligent content delivery and targeted educational interventions 

based on uncertain indicators, adaptability is further enhanced, enabling education to adjust 

interventions and manage uncertainty based on predictive insights.Our method provides a path 

for promoting educated and compassionate education, helping students grow comprehensively. 

There are two clear limitations in the current study. First is the data condition, the proposed 

framework relies on relatively rich behavioral and educational data, but not all institutions can 

acquire it equally. When data infrastructure is weak, quality is unstable or records are 

incomplete, this method may be more difficult to achieve consistent deployment. This also 

shows that the applicability of the framework is partially restricted by the local data 

environment. The second limitation exists in the description of psychological changes. The 

model has a general research state, but it is difficult to accurately reproduce financial conditions, 

as well as the fluctuations of individual psychological reactions. There are situations where 

changes are gradual, situations where there is continuous sensitivity, and situations where 

structural records cannot be relied upon to reflect well. The next step may be to add timely 

feedback signals and quality evidence at appropriate places, so as to simulate research responses 

in a more detailed and flexible manner. Future work should reduce the focus on the size of the 

experimental framework, and pay more attention to the important sensitivities and individual 

differences in real educational settings. 
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