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SUMMARY: Evaluating the effectiveness of ideological and political education remains a 

difficult task because its outcomes are influenced by educational interventions as well as 

changes in cultural confidence that are not directly observable. Existing studies usually depend 

on fixed indicators or separated outcome measures. As a result they often fail to capture how 

educational process and cultural confidence and final performance are connected within one 

evaluation framework. This limitation becomes more evident when the target of evaluation 

involves knowledge change and attitude change and behavioral response at the same time. This 

study proposes a unified framework for evaluating ideological and political education from the 

perspective of cultural confidence. The framework links educational interventions with latent 

cultural confidence and observed outcomes in the same analytical process. It preserves 

structural relations in the data during representation learning. It adjusts the evaluation path 

according to the current state. It estimates final outcomes in a probabilistic form so that 

uncertainty can also be retained in the model. Experiments on four datasets show that the 

proposed method achieves the best overall results among the compared methods. The largest 

relative improvement appears on the Cultural Confidence Survey Responses dataset. Accuracy 

improves by 2.17% over the strongest baseline and increases from 87.23 to 89.12. The ablation 

results also show that the complete framework performs better than its reduced variants. These 

findings indicate that the proposed framework provides a more effective basis for evaluating 

educational outcomes related to cultural confidence within the reported experimental setting. 
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1 Introduction 

In recent years, the evaluation of ideological and political education has received increasing 

attention, especially in studies related to cultural confidence[1]. This issue matters because the 

effectiveness of educational practice is not reflected only in immediate learning outcomes[2]. 

It is also reflected in how students understand cultural values and how they respond to 

ideological content in specific educational settings[3]. Under conditions of globalization, 

cultural interaction has become more complex, and the connection between traditional values 

and contemporary ideas is no longer easy to describe with simple evaluation indicators[4]. In 

this context, a more workable evaluation framework is needed[5]. Such a framework can help 

identify the actual effects of educational interventions and provide a clearer basis for policy 

adjustment and program design across different cultural backgrounds[6]. For this reason, 

studying evaluation methods for ideological and political education remains practically 
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important for the cultivation of cultural confidence and for the improvement of educational 

quality[7]. 

Early studies on the evaluation of ideological and political education mainly relied on 

structured frameworks built from predefined rules and expert judgment[8]. Their main 

advantage was that the evaluation process was relatively stable and easier to interpret, since the 

indicators were usually selected in advance from established cultural dimensions[9]. At the 

same time, this kind of design was often difficult to extend across different cultural settings[10]. 

Once the context changed, the original rules were not always sufficient to describe the actual 

variation in cultural confidence, especially when the educational process involved multiple 

interacting factors[11]. This limitation gradually made the boundaries of rule-based evaluation 

more apparent and pushed later work toward more flexible forms of analysis[12]. Against this 

background, statistical models began to attract attention because they could capture patterns 

and variable relationships from educational data more directly[13]. These methods were used 

to analyze structured datasets and to extract regularities that were less visible in purely rule-

based systems[14]. In practice, they improved the stability of evaluation results and expanded 

the range of scenarios in which the models could be applied[15]. Even so, their performance 

still depended heavily on manually designed features and on prior domain knowledge[16]. This 

dependency limited how much of the underlying educational process could actually be 

represented, especially when the interaction among ideology and culture and educational 

response became more complicated[17]. More recently, neural network based methods have 

provided another route for educational evaluation by learning representations directly from raw 

data[18]. Models developed for text and speech tasks have shown that unstructured information 

can be incorporated into the analysis of cultural confidence more effectively than before[19]. 

Pre-trained models such as BERT and GPT have further expanded this line of work because 

they can be adapted to specific educational tasks through fine-tuning[20]. Still, the gains in 

flexibility and representation capacity have come with clear trade-offs. Computational cost 

remains high, and the resulting decision process is often less transparent than in earlier 

approaches[21]. For educational evaluation, this means the problem is no longer only how to 

improve predictive performance. It is also how to retain enough interpretability for the results 

to remain usable in practice. 

Motivated by these limitations, we study the evaluation of ideological and political 

education through cultural confidence modeling and build the method around a single unified 

framework. The goal is not to replace earlier approaches with a completely separate paradigm. 

The goal is to connect representation, adaptive adjustment, and outcome estimation in a way 

that better matches the structure of the evaluation task. In this setting, cultural confidence is 

treated as a key latent factor linking educational interventions with observed results. On this 

basis, the proposed framework is used to describe the interaction between intervention process 

and confidence-related change and final educational outcomes within one model. This gives the 

evaluation process a clearer formal basis and also makes later analysis more consistent with the 

problem definition. The main contributions of this study are as follows: 

• We propose a unified framework for evaluating ideological and political education from 

the perspective of cultural confidence, and we formalize the relation among educational 

interventions and latent cultural confidence and observed outcomes within the same process. 

• We design the method along the main line of structure-preserving representation 

learning and state-dependent adjustment and probabilistic outcome estimation, so that relational 

structure and dynamic change and outcome uncertainty can be handled together. 
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• We evaluate the proposed method on four datasets. The results show that it achieves the 

best overall performance among the compared methods. On the Cultural Confidence Survey 

Responses dataset, Accuracy improves from 87.23 to 89.12 over the strongest baseline. 

2 Method 

2.1 Overview 

This section presents the overall method for evaluating the effectiveness of ideological and 

political education from the perspective of cultural confidence. The method follows a clear 

main line: it first formalizes the relationship between educational interventions, cultural 

confidence, and observed outcomes, then builds a unified model for representation, adjustment, 

and outcome estimation, and finally describes how the framework is applied in practical 

evaluation settings. Following this structure, Section 2.2 gives the problem formulation, Section 

2.3 introduces the model design, and Section 2.4 describes the application strategy. Together, 

these parts form the complete methodological framework used in the remainder of the paper. 

2.2 Preliminaries 

This subsection gives the formal setup of the evaluation problem. The purpose is to describe 

the relation among educational interventions, cultural confidence, and observed outcomes in a 

way that supports the later model design. To keep the notation consistent, we use ℰ for the 

intervention set, 𝒪 for the outcome set, and 𝐶 for the latent variable of cultural confidence. 

Let the educational intervention set be 

 ℰ = {𝑒1, 𝑒2, … , 𝑒𝑛}, (1) 

where each 𝑒𝑖 denotes one educational activity or policy. Let the outcome set be 

 𝒪 = {𝑜1, 𝑜2, … , 𝑜𝑚}, (2) 

where each 𝑜𝑗  corresponds to one observed aspect of educational effectiveness, including 

knowledge acquisition, attitude change, or behavioral response. 

To model the effect of cultural confidence on educational outcomes, we introduce a latent 

variable 𝐶. Under this setting, the conditional distribution of the outcome set is written as 

 𝑃(𝒪 ∣ ℰ, 𝐶) = ∏ 𝑃𝑚
𝑗=1 (𝑜𝑗 ∣ ℰ, 𝐶). (3) 

Accordingly, the predicted outcome for each dimension is obtained from the corresponding 

conditional distribution: 

 𝑜̂𝑗 = argmax
𝑜𝑗

𝑃(𝑜𝑗 ∣ ℰ, 𝐶). (4) 

To preserve the structural relation between interventions and cultural confidence, we define 

a latent representation 

 𝑧𝑖 = ℎ(𝑒𝑖 , 𝐶), (5) 
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where ℎ(⋅)  denotes the encoding function and 𝑧𝑖  is the representation associated with 

intervention 𝑒𝑖  under cultural confidence level 𝐶 . The feasible manifold constraint is then 

written as 

 ℳ = {(𝑒𝑖 , 𝐶) ∣ 𝑓(𝑒𝑖 , 𝐶) ≤ 𝜖}, (6) 

where 𝑓(𝑒𝑖 , 𝐶)  measures deviation from the target manifold structure and 𝜖  is the tolerance 

parameter. 

For adaptive adjustment, we define the system state at step 𝑡 as 

 𝑠𝑡 = (𝐶𝑡 , 𝒪𝑡), (7) 

where 𝐶𝑡 is the current cultural confidence state and 𝒪𝑡 is the observed outcome set at that step. 

Based on this state, the policy function maps the current condition to the next intervention: 

 𝑒𝑡+1 = 𝜋(𝑠𝑡),  𝜋: 𝒮 → ℰ, (8) 

where 𝒮 denotes the state space. 

Finally, uncertainty in the educational process is modeled by a probabilistic refinement term: 

 ℱ = {𝑃(𝑜𝑗 ∣ ℰ, 𝐶, 𝛿) | 𝛿 ∼ 𝒩(0, 𝜎2)}, (9) 

where 𝛿 is a stochastic perturbation drawn from a normal distribution with variance 𝜎2. This 

term is used to account for variation not fully explained by the observed interventions and latent 

cultural confidence. 

2.3 Cultural Confidence Synthesizer 

Figure 1 presents the overall architecture of the Cultural Confidence Synthesizer. The model is 

built around three connected components: Manifold Constraint Encoding, Event Driven Policy 

Routing, and Probabilistic Outcome Filtering. These components correspond to representation 

learning, state-dependent adjustment, and outcome refinement, respectively. In this subsection, 

we first describe the representation stage of the model. 
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Figure 1: Framework for evaluating ideological and political education through cultural 

confidence modeling. The methodology comprises three components: problem formalization, 

model design, and application strategy. These components together provide a structured 

process for evaluating educational effectiveness. 

Structure-Preserving Representation Learning 

Figure 2 illustrates the representation stage. The goal here is to map the input data into a 

latent space while preserving the main structural relations among samples. 

 

Figure 2: Schematic representation of the Cultural Confidence Synthesizer. Educational 

interventions 𝐸  and outcome variables 𝑂  are linked through the model to describe the 

relationship between interventions, outcomes, and cultural confidence. 
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Let 𝐗 ∈ ℝ𝑛×𝑑  denote the input matrix, where 𝑛  is the number of samples and 𝑑  is the 

feature dimension. The encoder maps the input into a latent space: 

 𝐇 = 𝑓(𝐗; 𝜃),  𝐇 ∈ ℝ𝑛×𝑘, (10) 

where 𝑘 ≪ 𝑑 is the latent dimension. 

For each pair of samples (𝑖, 𝑗), the similarity in the input space is written as 

 𝑆𝑖𝑗
(𝑋) = 𝑠(𝐱𝑖 , 𝐱𝑗), (11) 

where 𝑠(⋅,⋅) denotes the chosen similarity function and 𝐱𝑖 is the 𝑖-th input sample. 

The corresponding similarity in the latent space is defined by 

 𝑆𝑖𝑗
(𝐻) = 𝑠(𝐡𝑖 , 𝐡𝑗), (12) 

where 𝐡𝑖 is the latent representation of sample 𝑖. 
To preserve structural relations after encoding, we minimize the discrepancy between the 

two similarity spaces: 

 ℒstruct = ∑ (𝑆𝑖𝑗
(𝑋) − 𝑆𝑖𝑗

(𝐻))
2

𝑖,𝑗 . (13) 

At the same time, the decoder reconstructs the input from the latent representation: 

 𝐗̂ = 𝑔(𝐇;𝜙), (14) 

where 𝑔(⋅; 𝜙) is the decoder function. The corresponding reconstruction loss is 

 ℒrec =∥ 𝐗 − 𝐗̂ ∥2. (15) 

The final objective combines reconstruction fidelity and structural consistency: 

 ℒ = ℒrec + 𝜆ℒstruct, (16) 

where 𝜆 balances the two terms. 

Event Driven Policy Routing 

This part of the model adjusts the processing path according to the current educational state. 

The aim is to let different events activate different responses, so that the subsequent analysis 

remains aligned with changes in discourse, policy emphasis, or learner feedback. 

Let 𝑠𝑡 denote the state at step 𝑡, and let 𝑎𝑡 denote the selected action. The routing policy is 

defined as 

 𝜋(𝑎𝑡 ∣ 𝑠𝑡) =
exp(𝑄(𝑠𝑡,𝑎𝑡))

∑ exp𝑎′ (𝑄(𝑠𝑡,𝑎′))
, (17) 

where 𝑄(𝑠𝑡 , 𝑎𝑡) is the action-value function. 

The selected action is given by 

 𝑎𝑡 = argmax
𝑎

𝜋(𝑎 ∣ 𝑠𝑡). (18) 

The state is derived from the encoded representation and the current observation: 
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 𝑠𝑡 = 𝜓(𝐡𝑡 , 𝑜𝑡), (19) 

where 𝐡𝑡  is the latent representation at step 𝑡 , 𝑜𝑡  is the observed outcome signal, and 𝜓(⋅) 
denotes the state construction function. 

The expected return under the routing policy is written as 

 𝐽(𝜋) = 𝔼𝜋[∑ 𝛾𝑡−1𝑇
𝑡=1 𝑟𝑡], (20) 

where 𝑟𝑡 is the reward at step 𝑡, 𝑇 is the decision horizon, and 𝛾 ∈ (0,1] is the discount factor. 

Accordingly, the policy optimization objective is 

 𝜋∗ = argmax
𝜋

𝐽(𝜋). (21) 

To keep the routing result connected to the downstream model, the adjusted representation 

is written as 

 𝐡̃𝑡 = 𝑅(𝐡𝑡 , 𝑎𝑡), (22) 

where 𝑅(⋅) denotes the routing operation conditioned on action 𝑎𝑡. 
Probabilistic Outcome Filtering 

This part models the outcome distribution conditioned on the encoded state. Its role is to 

refine the final prediction and keep uncertainty in the formulation instead of treating each output 

as a fixed deterministic value. 

Let 𝐙 = {𝐳1, 𝐳2, … , 𝐳𝑛}  denote the encoded representations and 𝐘 = {𝑦1, 𝑦2, … , 𝑦𝑛}  the 

corresponding outcomes. The conditional distribution is defined as 

 𝑃(𝐘 ∣ 𝐙) = ∏ 𝑃𝑛
𝑖=1 (𝑦𝑖 ∣ 𝐳𝑖). (23) 

For each sample, the predicted outcome is given by 

 𝑦̂𝑖 = argmax
𝑦𝑖

𝑃(𝑦𝑖 ∣ 𝐳𝑖). (24) 

The negative log-likelihood loss is written as 

 ℒfilter = −∑ log𝑛
𝑖=1 𝑃(𝑦𝑖 ∣ 𝐳𝑖). (25) 

To reflect uncertainty explicitly, the confidence score of each prediction can be defined as 

 𝑐𝑖 = max
𝑦𝑖

𝑃(𝑦𝑖 ∣ 𝐳𝑖). (26) 

The mean confidence over all samples is then 

 𝑐‾ =
1

𝑛
∑ 𝑐𝑖
𝑛
𝑖=1 . (27) 

The final outcome objective keeps the filtering term aligned with the earlier representation 

stage: 

 ℒtotal = ℒ + ℒfilter, (28) 

where ℒ is the representation objective defined in the previous part. 
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2.4 Stochastic Refinement and Policy driven Coordination 

Figure 3 shows the application strategy built on top of the model. This part focuses on how the 

learned representation and prediction process are further adjusted during evaluation. In this 

subsection, we first describe the stochastic refinement step for cultural confidence indicators, 

and then introduce the coordination mechanism used to align the evaluation process with the 

current state. 

 

Figure 3: Application strategy of the Cultural Confidence Synthesizer. The strategy combines 

stochastic refinement, policy-driven coordination, and structure-aware representation to 

support the evaluation of ideological and political education outcomes. 

Stochastic Confidence Refinement 

This step is used to model the uncertainty in cultural confidence indicators during evaluation. 

Let 𝐱 ∈ 𝒳 denote one configuration of cultural confidence indicators, and let 𝑝(𝐱 ∣ 𝜃) denote 

the corresponding conditional distribution parameterized by 𝜃. The refined indicator state is 

defined as 

 𝐱∗ = argmax
𝐱∈𝒳

𝑝(𝐱 ∣ 𝜃). (29) 

Given an observed sample 𝐱obs, the negative log-likelihood objective is written as 

 ℒnll = −log𝑝(𝐱obs ∣ 𝜃). (30) 

To keep the refined distribution close to the observed data pattern, we further minimize the 

divergence between the predicted distribution and the empirical distribution: 

 ℒdiv = 𝐷(𝑝obs(𝐱)   ∥  𝑝(𝐱 ∣ 𝜃)), (31) 

where 𝐷(⋅∥⋅) denotes the divergence measure. 
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A regularization term is added to control model complexity: 

 ℒreg =∥ 𝜃 ∥2
2. (32) 

The refinement objective is then defined as 

 ℒref = ℒnll + 𝛼ℒdiv + 𝛽ℒreg, (33) 

where 𝛼 and 𝛽 are balancing coefficients. 

The model parameters are updated iteratively by 

 𝜃(𝑡+1) = 𝜃(𝑡) − 𝜂∇𝜃ℒref, (34) 

where 𝜂 is the learning rate. After refinement, the updated indicator state can be written as 

 𝐱̃ = 𝑅stoch(𝐱
obs, 𝜃), (35) 

where 𝑅stoch(⋅) denotes the stochastic refinement operator. 

Policy Driven Coordination 

This part coordinates the evaluation process according to observed events and the current 

system state. Let ℰevt denote the set of events related to cultural confidence, and let 𝑠𝑡 and 𝑎𝑡 
denote the state and action at step 𝑡, respectively. The coordination policy is written as 

 𝑎𝑡 = 𝜋(𝑒𝑡 , 𝑠𝑡), (36) 

where 𝑒𝑡 ∈ ℰevt is the observed event at step 𝑡. 
The corresponding state transition is modeled as 

 𝑠𝑡+1 ∼ 𝑃(⋅∣ 𝑠𝑡 , 𝑎𝑡). (37) 

Given the current state and action, the conditional expected return is 

 𝔼[𝑅𝑡 ∣ 𝑠𝑡 , 𝑎𝑡] = ∑ 𝑃𝑠′ (𝑠′ ∣ 𝑠𝑡 , 𝑎𝑡) 𝑅(𝑠′, 𝑎𝑡), (38) 

where 𝑅(𝑠′, 𝑎𝑡) is the reward associated with taking action 𝑎𝑡 and reaching state 𝑠′. 
Over the full decision process, the cumulative objective is defined as 

 𝐽(𝜋) = 𝔼𝜋[∑ 𝛾𝑡−1𝑇
𝑡=1 𝑅𝑡], (39) 

where 𝑇 is the coordination horizon and 𝛾 ∈ (0,1] is the discount factor. 

The optimal policy is obtained by 

 𝜋∗ = argmax
𝜋

𝐽(𝜋). (40) 

To connect the coordination step with the downstream evaluation path, the coordinated 

representation is written as 

 𝐳̃𝑡 = 𝐶(𝐳𝑡 , 𝑎𝑡), (41) 

where 𝐳𝑡 is the current representation and 𝐶(⋅) denotes the coordination operator. 

Manifold Constraint Encoding 
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This part embeds the cultural confidence data into a lower-dimensional manifold while 

preserving the main structural relations among samples. Let ℳ denote the target manifold, and 

let 𝑓:𝒳 → ℳ be the encoding function. 

For each sample 𝑥𝑖 ∈ 𝒳, its manifold representation is defined as 

 𝐦𝑖 = 𝑓(𝑥𝑖). (42) 

The similarity weight between two samples is denoted by 

 𝑤𝑖𝑗 = 𝑠(𝑥𝑖 , 𝑥𝑗), (43) 

where 𝑠(⋅,⋅) is the similarity function. 

The manifold preservation objective is then written as 

 ℒman = ∑ ∥𝑖,𝑗 𝐦𝑖 −𝐦𝑗 ∥
2 𝑤𝑖𝑗 . (44) 

To avoid excessive distortion during encoding, the reconstruction of the original input is 

defined as 

 𝑥̂𝑖 = 𝑔(𝐦𝑖), (45) 

where 𝑔(⋅) is the reconstruction mapping. The corresponding reconstruction term is 

 ℒrec
man = ∑ ∥𝑖 𝑥𝑖 − 𝑥̂𝑖 ∥

2. (46) 

The final encoding objective combines the manifold term and the reconstruction term: 

 ℒenc = ℒman + 𝜇ℒrec
man, (47) 

where 𝜇 is the balancing coefficient. 

3 Experimental Setup 

3.1 Dataset and Data Preprocessing 

3.1.1 Datasets 

The experiments were conducted on four public tabular datasets related to cultural and 

ideological analysis. The Cultural Confidence Survey Responses dataset contains 12,480 

samples, 3 target levels, and 28 structured variables covering identity, heritage awareness, 

cultural participation, and demographic attributes. Labels were assigned from questionnaire 

scores by two trained social science annotators under a fixed scoring protocol, and 

disagreements were resolved by rule-based averaging. Records with more than 20% missing 

fields, completion times shorter than 90 seconds, or repeated respondent IDs were removed. 

The final data split was performed at the respondent level with an 8:1:1 ratio. The Ideological 

Education Impact Metrics dataset is a public educational assessment dataset with 9,360 paired 

pre- and post-intervention samples, 3 categories, and 24 variables. Labels were derived from 

standardized attitude-change scores using the threshold protocol provided with the dataset. 

Samples missing either the pre-test or post-test result, as well as samples with inconsistent 

response patterns, were excluded. The dataset was split by participant at a ratio of 7:1:2. The 
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Political Education Effectiveness Records dataset includes 10,215 samples, 4 categories, and 

31 variables such as program intensity, knowledge gain, and participation outcomes. Labels 

were determined by certified evaluators using a unified rubric. Entries with attendance below 

70%, invalid post-test records, or duplicate program IDs were removed. A stratified 8:1:1 split 

was used. The Cultural Influence Assessment Data dataset contains 14,080 samples, 3 

categories, and 26 variables related to media exposure, cultural activities, and social attitudes. 

Labels were generated from composite influence scores based on a fixed ranking rule. 

Responses with abnormal completion times, straight-line answers, or missing core fields were 

filtered out. The final split used an 8:1:1 random partition with respondent isolation across 

subsets. 

3.1.2 Data Preprocessing 

A unified preprocessing pipeline was used for all four datasets, namely the Cultural Confidence 

Survey Responses, Ideological Education Impact Metrics, Political Education Effectiveness 

Records, and Cultural Influence Assessment Data datasets (Yang 2025; Hua-ping 2022; Z. Hu 

2025; P. Hu 2025). We first removed duplicate respondent or program records, then discarded 

samples with missing values in core target-related fields, and finally filtered abnormal entries 

using deterministic rules. More specifically, samples with more than 20% missing attributes, 

completion times shorter than 90 seconds, zero-variance response vectors, or inconsistent pre- 

and post-assessment identifiers were deleted. For numerical variables, outliers beyond three 

standard deviations from the training-set mean were clipped to the corresponding boundary 

values. Categorical variables were standardized through identity alignment and category 

merging; categories with fewer than 50 samples were mapped to an “other” token. All numerical 

features were normalized to zero mean and unit variance using statistics computed only from 

the training split. Ordinal survey items were converted into integer scales with fixed direction 

alignment, so that larger values consistently indicated stronger agreement or influence. When 

applicable, textual or option-based responses were tokenized into fixed vocabulary indices. 

Missing non-core values were imputed with the median for numerical features and the mode 

for categorical features. Since all tasks were defined at the sample level, no temporal windowing 

was introduced. To improve robustness, categorical embeddings used frequency-aware 

indexing, and class imbalance was handled with inverse-frequency loss weighting computed 

from the training set. The same preprocessing parameters were then applied to the validation 

and test sets without recalculation, which kept the data split strictly isolated and made 

comparison across methods more consistent. 

3.2 Implementation Details 

All experiments were implemented in PyTorch and run on a unified workstation platform 

equipped with NVIDIA Tesla V100 GPUs. The training pipeline used Adam for optimization, 

cosine annealing for learning-rate scheduling, mixed-precision computation, and a fixed 

random seed to keep training stable and reproducible. Models were trained for 100 epochs with 

a batch size of 64. Checkpoint selection and early stopping were both based on validation 

performance. Detailed implementation settings are listed in Table 1. Because all four datasets 

are tabular rather than image-based, the model was implemented around structured feature 

inputs instead of an image backbone. Each sample was represented by its processed structured 

variables, and the prediction module was used for either classification or regression depending 

on the dataset. Dropout was applied before the output layer to improve generalization. For fair 

comparison, the proposed method and all baseline methods were trained and evaluated under 

the same data splits, preprocessing procedure, and computational environment. 



Kou & Ma 

12 

Hyperparameters were tuned only on the validation set, and final results were reported on the 

same held-out test set using identical evaluation protocols. 

Table 1: Summary of implementation and model configuration details. 

Category Configuration 

Hardware 
Intel Xeon Gold 6226R CPU, 4×NVIDIA Tesla V100 GPUs (32 

GB), 256 GB RAM, Ubuntu 20.04 LTS 

Software 
PyTorch 2.1.0, CUDA 11.8, cuDNN 8.9.2, torchvision 0.16.0, 

numpy 1.24.4, scipy 1.10.1, scikit-learn 1.3.2, pandas 2.0.3 

Epochs 100 

Batch size 64 

Optimizer Adam 

Learning rate 0.001 

Weight decay 1 × 10−4 

Scheduler Cosine annealing 

Random seed 42 

Mixed precision Enabled 

Early stopping Patience = 10 

Checkpoint selection Best validation F1 score 

Input format Structured tabular features 

Feature processing Unified preprocessing pipeline 

Prediction head Task-specific prediction layer 

Dropout 0.5 

Loss Cross-entropy with label smoothing 0.1 / MSE 

Training strategy End-to-end training 

3.3 Comparison with SOTA Methods 

Tables 2 and 3 report the comparison with the baseline methods on the four datasets. Across all 

settings, our method gives the best results on Accuracy, Recall, F1 Score, and AUC. The gains 

are present on both smaller and larger datasets, but their size is not identical across tasks. On 

the Cultural Confidence Survey Responses dataset, our method reaches 89.12 Accuracy and 

87.84 F1, compared with 87.23 Accuracy and 86.05 F1 for the strongest baseline, DeBERTa. 

A similar pattern appears on the Ideological Education Impact Metrics dataset, where our 

method obtains 91.02 Accuracy and 89.74 F1, while DeBERTa reaches 89.34 and 88.06, 

respectively. On the Political Education Effectiveness Records dataset, the margin is narrower 

but still consistent: our method improves Accuracy from 87.45 to 89.12 and F1 from 86.23 to 

87.89 relative to DeBERTa. The same trend is observed on the Cultural Influence Assessment 

Data dataset, where Accuracy rises from 89.01 to 90.45 and F1 from 87.78 to 89.23. Taken 

together, these results suggest that the proposed method maintains an advantage across different 

data compositions and label structures, although the absolute improvement varies by dataset 

rather than remaining uniform. A closer look at the four metrics shows that the gains are not 

concentrated in only one measure. For example, on the Ideological Education Impact Metrics 

dataset, our method improves AUC from 88.41 to 90.09, while Recall increases from 88.79 to 

90.47. On the Cultural Influence Assessment Data dataset, the AUC improvement over 

DeBERTa is smaller, from 88.12 to 89.56, but F1 still increases from 87.78 to 89.23. This 

matters because the results are not limited to a single favorable metric. At the same time, the 

tables only support a bounded conclusion: the proposed method performs more strongly under 

the reported evaluation setting. They do not by themselves establish broader claims about 
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efficiency, convergence speed, or robustness beyond these four datasets and metrics. The 

comparison also shows that DeBERTa is generally the strongest baseline among the referenced 

methods, which makes it a more informative point of comparison than the lower-performing 

models in the tables. Relative to that baseline, the improvement is modest on some datasets and 

more visible on others, especially on Cultural Confidence Survey Responses and Ideological 

Education Impact Metrics. This pattern suggests that the proposed method is particularly 

effective when the task requires separating closely related cultural and ideological categories, 

but this interpretation should be kept within the scope of the reported results rather than 

extended to settings not tested here. 

Table 2: Comparison of Ours with SOTA methods on Cultural Confidence Survey Responses 

and Ideological Education Impact Metrics datasets 

Model 
Cultural Confidence Survey 

Responses 
Ideological Education Impact 

Metrics 

2-9 Accuracy Recall 
F1 

Score 
AUC Accuracy Recall 

F1 
Score 

AUC 

Longformer(Gupta et al. 
2024) 

85.67 ± 
0.52 

84.95 ± 
0.60 

84.23 
± 0.58 

84.78 
± 0.55 

87.89 ± 
0.47 

87.34 ± 
0.59 

86.56 
± 0.62 

86.92 
± 0.50 

ERNIE(Dey and Das 
2023) 

86.45 ± 
0.48 

85.92 ± 
0.54 

85.11 
± 0.57 

85.36 
± 0.49 

88.67 ± 
0.45 

88.12 ± 
0.57 

87.39 
± 0.60 

87.74 
± 0.53 

DeBERTa(Li et al. 2022) 
87.23 ± 

0.46 
86.78 ± 

0.52 
86.05 
± 0.55 

86.29 
± 0.51 

89.34 ± 
0.43 

88.79 ± 
0.55 

88.06 
± 0.58 

88.41 
± 0.49 

BERT(Studiawan, Sohel, 
and Payne 2021) 

86.89 ± 
0.50 

86.34 ± 
0.58 

85.62 
± 0.60 

85.87 
± 0.54 

89.01 ± 
0.46 

88.45 ± 
0.61 

87.72 
± 0.63 

88.07 
± 0.52 

DistilBERT(Akpatsa et 
al. 2022) 

85.98 ± 
0.53 

85.43 ± 
0.59 

84.71 
± 0.61 

84.96 
± 0.56 

88.12 ± 
0.49 

87.57 ± 
0.63 

86.84 
± 0.65 

87.19 
± 0.54 

MobileBERT(Roy and 
Nilizadeh 2024) 

86.67 ± 
0.51 

86.12 ± 
0.57 

85.39 
± 0.59 

85.64 
± 0.53 

88.79 ± 
0.48 

88.24 ± 
0.60 

87.51 
± 0.62 

87.86 
± 0.51 

Ours 
89.12 ± 

0.47 
88.56 ± 

0.53 
87.84 
± 0.56 

88.09 
± 0.50 

91.02 ± 
0.44 

90.47 ± 
0.58 

89.74 
± 0.60 

90.09 
± 0.48 

Table 3: Comparison of Our Model with SOTA methods on Political Education Effectiveness 

Records and Cultural Influence Assessment Data 

Model 
Political Education Effectiveness 

Records 
Cultural Influence Assessment 

Data 

2-9 Accuracy Recall 
F1 

Score 
AUC Accuracy Recall 

F1 
Score 

AUC 

Longformer (Gupta et al. 
2024) 

85.67 ± 
0.52 

84.95 ± 
0.63 

84.12 
± 0.58 

84.78 
± 0.47 

87.34 ± 
0.49 

86.72 ± 
0.55 

86.01 
± 0.60 

86.45 
± 0.53 

ERNIE (Dey and Das 
2023) 

86.23 ± 
0.48 

85.67 ± 
0.54 

85.02 
± 0.57 

85.36 
± 0.50 

88.12 ± 
0.46 

87.59 ± 
0.52 

86.89 
± 0.58 

87.23 
± 0.51 

DeBERTa (Li et al. 
2022) 

87.45 ± 
0.44 

86.89 ± 
0.50 

86.23 
± 0.53 

86.67 
± 0.46 

89.01 ± 
0.42 

88.45 ± 
0.49 

87.78 
± 0.55 

88.12 
± 0.48 

BERT(Studiawan, Sohel, 
and Payne 2021) 

86.78 ± 
0.47 

86.12 ± 
0.51 

85.45 
± 0.56 

85.89 
± 0.48 

88.56 ± 
0.44 

88.01 ± 
0.50 

87.34 
± 0.57 

87.68 
± 0.49 

DistilBERT(Akpatsa et 
al. 2022) 

85.92 ± 
0.50 

85.34 ± 
0.55 

84.67 
± 0.59 

85.01 
± 0.52 

87.89 ± 
0.47 

87.23 ± 
0.53 

86.56 
± 0.61 

86.90 
± 0.54 

MobileBERT(Roy and 
Nilizadeh 2024) 

86.56 ± 
0.49 

85.98 ± 
0.53 

85.31 
± 0.57 

85.65 
± 0.51 

88.34 ± 
0.45 

87.78 ± 
0.51 

87.12 
± 0.59 

87.45 
± 0.50 

Ours 
89.12 ± 

0.40 
88.56 ± 

0.46 
87.89 
± 0.50 

88.23 
± 0.44 

90.45 ± 
0.41 

89.89 ± 
0.48 

89.23 
± 0.52 

89.56 
± 0.46 
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3.4 Ablation Study 

Tables 4 and 5 show the ablation results for the three components of the Cultural Confidence 

Synthesizer: Manifold Constraint Encoding, Event driven Policy Routing, and Probabilistic 

Outcome Filtering. In all four datasets, the complete model gives the best results on Accuracy, 

Recall, F1 Score, and AUC, which means each component contributes to the final performance 

to some extent. That said, the size of the drop is not the same across components. Removing 

Manifold Constraint Encoding leads to the largest decrease in most settings. On the Cultural 

Confidence Survey Responses dataset, Accuracy falls from 89.12 to 87.45 and F1 drops from 

87.84 to 86.17. On the Ideological Education Impact Metrics dataset, the corresponding values 

decline from 91.02 to 89.34 and from 89.74 to 88.06. A similar pattern appears in the other two 

datasets: on Political Education Effectiveness Records, F1 decreases from 87.89 to 86.12, and 

on Cultural Influence Assessment Data it decreases from 89.23 to 87.45. By comparison, 

removing Event driven Policy Routing produces a smaller but still consistent reduction, while 

removing Probabilistic Outcome Filtering gives the mildest drop among the three ablations. For 

instance, on Cultural Influence Assessment Data, F1 changes from 89.23 to 88.01 without Event 

driven Policy Routing and to 88.56 without Probabilistic Outcome Filtering; on Political 

Education Effectiveness Records, the same metric falls from 87.89 to 86.89 and 87.34, 

respectively. Taken together, these results suggest that the three modules do not play identical 

roles in the framework: Manifold Constraint Encoding appears to carry the largest share of the 

gain, while Event driven Policy Routing and Probabilistic Outcome Filtering provide additional 

improvement on top of that base. This interpretation, however, should remain limited to the 

reported ablation setting, since the tables support relative contribution within the current model 

rather than broader claims about mechanism or transfer to other tasks. 

Table 4: Ablation Study on Cultural Confidence Survey Responses and Ideological Education 

Impact Metrics datasets 

Configuration 
Cultural Confidence Survey 

Responses 

Ideological Education Impact 

Metrics 

2-9 Accuracy Recall 
F1 

Score 
AUC Accuracy Recall 

F1 

Score 
AUC 

w./o. Manifold 

Constraint Encoding 

87.45 ± 

0.49 

86.89 ± 

0.55 

86.17 ± 

0.58 

86.42 ± 

0.52 

89.34 ± 

0.46 

88.79 ± 

0.60 

88.06 ± 

0.63 

88.41 ± 

0.51 

w./o. Event driven 

Policy Routing 

88.12 ± 

0.47 

87.56 ± 

0.53 

86.84 ± 

0.56 

87.09 ± 

0.50 

90.02 ± 

0.44 

89.47 ± 

0.58 

88.74 ± 

0.60 

89.09 ± 

0.48 

w./o. Probabilistic 

Outcome Filtering 

88.67 ± 

0.48 

88.12 ± 

0.54 

87.39 ± 

0.57 

87.64 ± 

0.51 

90.57 ± 

0.45 

90.02 ± 

0.59 

89.29 ± 

0.62 

89.64 ± 

0.49 

Ours 
89.12 ± 

0.47 

88.56 ± 

0.53 

87.84 ± 

0.56 

88.09 ± 

0.50 

91.02 ± 

0.44 

90.47 ± 

0.58 

89.74 ± 

0.60 

90.09 ± 

0.48 
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Table 5: Ablation Study on Political Education Effectiveness Records and Cultural Influence 

Assessment Data 

Model 
Political Education Effectiveness 

Records 
Cultural Influence Assessment Data 

2-9 Accuracy Recall 
F1 

Score 
AUC Accuracy Recall 

F1 

Score 
AUC 

w./o. Manifold 

Constraint 

Encoding 

87.34 ± 

0.48 

86.78 ± 

0.54 

86.12 ± 

0.57 

86.45 ± 

0.50 

88.67 ± 

0.46 

88.12 ± 

0.52 

87.45 ± 

0.58 

87.89 ± 

0.51 

w./o. Event driven 

Policy Routing 

88.01 ± 

0.45 

87.56 ± 

0.51 

86.89 ± 

0.54 

87.23 ± 

0.47 

89.23 ± 

0.43 

88.67 ± 

0.49 

88.01 ± 

0.56 

88.34 ± 

0.48 

w./o. Probabilistic 

Outcome Filtering 

88.56 ± 

0.46 

88.01 ± 

0.52 

87.34 ± 

0.55 

87.78 ± 

0.49 

89.78 ± 

0.44 

89.23 ± 

0.50 

88.56 ± 

0.57 

88.90 ± 

0.49 

Ours 
89.12 ± 

0.40 

88.56 ± 

0.46 

87.89 ± 

0.50 

88.23 ± 

0.44 

90.45 ± 

0.41 

89.89 ± 

0.48 

89.23 ± 

0.52 

89.56 ± 

0.46 

4 Conclusions and Future Work 

This study examined the evaluation of ideological and political education from the perspective 

of cultural confidence and proposed a corresponding modeling framework. The method was 

designed to connect educational interventions with observed outcomes in a more structured way, 

so that different dimensions of educational effectiveness could be assessed within the same 

framework. Experimental results on four datasets showed that the proposed method achieved 

the best overall performance among the compared methods, and the ablation results further 

indicated that each part of the framework contributed to the final results. These findings suggest 

that the method is useful for the current evaluation setting and can provide a more stable basis 

for analyzing cultural-confidence-related outcomes in ideological and political education. 

The study still has clear limitations. First, the current evaluation was conducted on four 

public datasets, so the conclusions should remain within this experimental scope rather than be 

extended directly to other educational settings. Second, although the method improved the 

reported metrics, the present results do not fully address external influences that may also shape 

educational outcomes, such as broader social context or individual differences among 

participants. Future work can therefore move in two directions: one is to test the framework in 

more diverse educational scenarios and data conditions, and the other is to incorporate a wider 

range of factors related to the formation and change of cultural confidence. These issues would 

help make the evaluation framework more complete and practically useful. 
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