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Abstract 
The interplay between individual opinion formation and cooperative behavioral 
choices in online social networks represents a critical yet underexplored 
dimension of computational social science. This study presents an AI-enhanced 
dual-layer network framework that integrates mathematical opinion-behavior co-
evolution modeling with state-of-the-art machine learning techniques to predict 
collective opinion shifts and cooperative behavior diffusion. The opinion layer 
adopts a weighted DeGroot-like update rule, while the behavior layer synthesizes 
three social influence mechanisms—neighbor imitation, payoff-driven decision-
making, and cognitive consistency pressure. Building upon this foundation, we 
develop a graph convolutional network (GCN) architecture with graph attention 
(GAT) aggregation to capture topological opinion propagation patterns, a 
proximal policy optimization (PPO)-based reinforcement learning agent for 
cooperative strategy optimization, and an ensemble of machine learning classifiers 
for opinion shift detection. SHAP (SHapley Additive exPlanations) analysis is 
applied to quantify the contribution of each network and behavioral feature to 
model predictions. Experiments across scale-free, random, and small-world 
network topologies reveal that scale-free structures accelerate opinion 
convergence and sustain higher cooperation ratios under both synchronous and 
asynchronous update mechanisms. The GCN-GAT model achieves a mean 
absolute error (MAE) of 0.031 for opinion prediction, outperforming baseline 
LSTM and random forest models. Empirical validation against longitudinal survey 
data on environmental attitudes and pro-environmental behaviors among Chinese 
social media users demonstrates strong concordance between model trajectories 
and observed trends. This work advances the understanding of opinion-behavior 
co-evolution by providing an interpretable, data-driven prediction framework 
applicable to public opinion monitoring, social intervention design, and behavioral 
policy assessment. 
 
Keywords: Social networks; Opinion dynamics; Cooperative behavior; Graph 
neural networks; Reinforcement learning; SHAP explainability; Dual-layer 
network; Co-evolution 

I. INTRODUCTION 

The proliferation of online social platforms has fundamentally transformed how individuals form, express, and revise opinions. 
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Unlike traditional face-to-face interactions, digital environments enable rapid propagation of views across geographically dispersed 
populations, creating unprecedented opportunities for both collective intelligence and collective polarization. Understanding how 
group opinions evolve and how cooperative behaviors spread within these networks has become a central challenge in computational 
social science (Castellano et al., 2009; Watts and Strogatz, 1998). Recent empirical studies have demonstrated that online exposure 
to diverse opinions can shift individual attitudes and ultimately alter aggregate behavioral patterns, especially in domains such as 
environmental awareness, public health, and civic participation (Bakshy et al., 2015; Centola, 2010; Vosoughi et al., 2018). 

Existing research on opinion dynamics has largely followed two parallel tracks. The first focuses on opinion evolution using 
mathematical update rules, exemplified by the seminal DeGroot model of weighted consensus formation (DeGroot, 1974), the 
bounded-confidence models of Deffuant et al. (2000) and Hegselmann and Krause (2002), and subsequent extensions including 
stubborn agent models (Ghaderi and Srikant, 2014) and social influence studies (Moussaid et al., 2013). The second track addresses 
behavioral decision-making through evolutionary game theory, examining how cooperative strategies emerge and diffuse in 
networked populations (Axelrod and Hamilton, 1981; Nowak and May, 1992; Santos and Pacheco, 2005; Perc et al., 2017). The 
critical limitation of these existing approaches is that they treat opinion and behavior as independent processes, despite ample 
empirical evidence that they co-evolve through complex feedback mechanisms (Macy and Willer, 2002; Flache et al., 2017). 

The advent of artificial intelligence offers powerful new tools for addressing this fundamental limitation. Graph neural networks 
(GNNs) can learn topological representations of social networks directly from data, capturing structural regularities that govern 
information propagation (Kipf and Welling, 2017; Hamilton et al., 2017; Velickovic et al., 2018; Zhou et al., 2020). Reinforcement 
learning (RL) provides a framework for understanding and optimizing cooperative strategies in dynamic environments (Mnih et al., 
2015; Schulman et al., 2017). Machine learning classification enables systematic identification of conditions under which opinion 
shifts occur, while SHAP (SHapley Additive exPlanations) analysis offers post-hoc interpretability by quantifying each feature's 
marginal contribution to model predictions (Lundberg and Lee, 2017; Ribeiro et al., 2016). Despite the clear potential of these AI 
methods, their systematic integration into dual-layer opinion-behavior co-evolution models remains largely unexplored. 

Building upon the dual-layer network modeling paradigm (Boccaletti et al., 2014; Kivelä et al., 2014) and recent advances in 
social simulation (Quattrociocchi et al., 2014; Dong et al., 2017), this paper makes four core contributions. First, we formalize a dual-
layer network model where the opinion layer adopts a DeGroot-like weighted update rule and the behavior layer integrates three 
social influence mechanisms: neighbor imitation, payoff-driven decision-making, and cognitive consistency pressure. Second, we 
develop an AI-enhanced prediction framework incorporating a GCN-GAT model for opinion trajectory prediction, a proximal policy 
optimization (PPO)-based RL agent for cooperative behavior optimization, and an ensemble of machine learning classifiers for 
opinion shift detection. Third, we apply SHAP analysis to decompose feature contributions and provide mechanistic interpretability. 
Fourth, we validate the integrated model against longitudinal survey data on environmental attitudes and pro-environmental behaviors, 
demonstrating that model trajectories align closely with real-world observed trends. 

The remainder of this paper is organized as follows. Section II reviews related work on opinion dynamics, evolutionary game 
theory, and AI applications in social system analysis. Section III formalizes the dual-layer network model for opinion-behavior co-
evolution. Section IV describes the AI-enhanced prediction framework. Section V presents SHAP-based interpretability analysis. 
Section VI reports simulation experimental results. Section VII validates the model against empirical survey data. Section VIII 
provides discussion, and Section IX concludes the paper. 

II. RELATED WORK 

A. Opinion Dynamics Models 
The mathematical modeling of opinion dynamics has a rich history spanning sociology, physics, and computer science. DeGroot 

(1974) introduced the foundational weighted averaging model in which agents iteratively update opinions based on the weighted 
average of neighbors' beliefs, establishing conditions for asymptotic consensus. Friedkin and Johnsen (1990) extended this by 
incorporating stubborn agents with fixed internal opinions, producing richer steady-state distributions. The bounded-confidence 
framework independently proposed by Deffuant et al. (2000) and Hegselmann and Krause (2002) introduced the key mechanism that 
agents only influence each other when their opinions are within a given tolerance threshold, enabling the emergence of opinion 
clusters and polarization. Subsequent developments incorporated network topology effects: Sood and Redner (2005) analyzed the 
voter model on heterogeneous networks, while Flache et al. (2017) provided a comprehensive review identifying frontiers including 
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network feedback and multi-dimensional opinion spaces. Lorenz (2007) offered a systematic survey of continuous opinion models, 
and Acemoglu and Ozdaglar (2011) examined opinion learning equilibria in social networks through a game-theoretic lens. 

B. Evolutionary Game Theory and Cooperation 
The emergence and diffusion of cooperative behavior in social dilemmas has been extensively studied through evolutionary 

game theory. Axelrod and Hamilton (1981) demonstrated that cooperation can evolve through reciprocity even among self-interested 
agents. Nowak and May (1992) showed that spatial structure alone can sustain cooperation in prisoner's dilemma games without 
additional mechanisms. Santos and Pacheco (2005) established that scale-free network topology provides a unifying framework for 
the spontaneous emergence of cooperation, a result that has since been replicated and extended in numerous studies (Perc and Szolnoki, 
2010; Szolnoki and Perc, 2012; Helbing and Yu, 2009). Wang et al. (2015) proposed a unified scaling analysis for dilemma strength, 
and Perc et al. (2017) published an influential review of statistical physics approaches to human cooperation. These models typically 
assume static coupling between strategy and payoff but do not explicitly model co-evolution with opinion or belief dynamics. 

C. AI Methods for Social System Analysis 
Graph neural networks have emerged as a powerful tool for modeling networked social systems. Kipf and Welling (2017) 

introduced graph convolutional networks (GCNs), which generalize convolutional operations to irregular graph-structured data. 
Hamilton et al. (2017) proposed GraphSAGE for inductive representation learning, enabling application to unseen nodes. Velickovic 
et al. (2018) introduced graph attention networks (GATs), which learn adaptive neighbor weighting through attention mechanisms. 
Zhang et al. (2022) and Zhou et al. (2020) provided comprehensive surveys of deep learning on graphs. For dynamic social processes, 
recurrent and temporal GNN architectures (Hochreiter and Schmidhuber, 1997; Vaswani et al., 2017) have been applied to predict 
information diffusion and cascade behavior (Weng et al., 2013; Del Vicario et al., 2016). In the context of interpretability, Lundberg 
and Lee (2017) unified feature attribution under the SHAP framework based on Shapley values from cooperative game theory 
(Shapley, 1953), while Ribeiro et al. (2016) introduced LIME for local approximation-based explanations. Zhang and Lu (2021) and 
Lu (2019) surveyed the broader landscape of AI techniques and their evolving applications, providing context for the current work. 
Despite these advances, the integration of GNN-based prediction with reinforcement learning and SHAP explainability in a co-
evolution opinion-behavior framework represents a novel contribution. 

III. DUAL-LAYER NETWORK MODEL FOR OPINION-BEHAVIOR CO-EVOLUTION 

A. Network Structure 
We model the social network as a duplex structure G = (Gᴿ, Gᴮ) where Gᴿ = (V, Eᴿ) denotes the opinion interaction layer and 

Gᴮ = (V, Eᴮ) denotes the behavior interaction layer over the shared node set V = {1, 2, ..., N} of N agents. Edges Eᴿ represent opinion 
influence channels (e.g., information sharing, following relationships), while edges Eᴮ represent behavioral interaction channels (e.g., 
cooperative or defective actions in shared contexts). The two layers are coupled through intra-node linkages with coupling strength λ 

 [0, 1], which governs the extent to which an agent’s current behavior influences its opinion update and vice versa. Figure ∈ 1 
illustrates the dual-layer architecture. 
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Figure 1. Dual-layer network architecture for opinion-behavior co-evolution. Dark nodes represent agents in the opinion layer (Gᴿ); 

gray nodes represent the same agents in the behavior layer (Gᴮ). Bidirectional vertical arrows indicate inter-layer coupling. 

Three canonical network topologies are investigated: (1) Barabási-Albert (BA) scale-free networks generated by preferential 
attachment (Barabási and Albert, 1999), capturing the heterogeneous degree distributions characteristic of real online social platforms; 
(2) Erdős-Rényi (ER) random networks (Erdős and Rényi, 1960), serving as null-model baselines; and (3) Watts-Strogatz (WS) small-
world networks (Watts and Strogatz, 1998), characterized by high clustering and short path lengths. In all experiments, N = 500 agents 
are used unless otherwise specified, with the average degree ⟨k⟨ = 6. 

Table I. Key mathematical notation and definitions. 

Symbol Definition Domain 
N Number of agents in the network ℤ⁺ 
x_i(t) Opinion of agent i at time step t [0, 1] 
s_i(t) Strategy of agent i at time step t (1=cooperate, 0=defect) {0, 1} 
w_{ij} Opinion influence weight from agent j to i in Gᴿ [0, 1] 
α Opinion update inertia parameter (0, 1) 
δ_i Opinion dependency factor of agent i [0, 1] 
ω Neighbor imitation weight [0, 1] 
β Payoff sensitivity in behavior update ℝ⁺ 
γ Cognitive consistency pressure coefficient [0, 1] 
λ Inter-layer coupling strength [0, 1] 
Π_i(t) Accumulated payoff of agent i at time t ℝ 
p_{i→j} Imitation probability from j to i [0, 1] 

Table I summarizes the key mathematical symbols used throughout the model formulation. The opinion dependency factor δ_i 
captures heterogeneity in how strongly each agent relies on social influence versus internal conviction when updating opinions, 
analogous to the susceptibility parameter in social influence models (Friedkin and Johnsen, 1990). The payoff sensitivity β controls 
the steepness of the imitation probability function in the behavior layer. 

B. Opinion Layer Dynamics 
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In the opinion layer, agent i's opinion x_i(t)  [0, 1] evolves according to a weighted DeGroot∈ -like rule augmented by a 
behavioral feedback term: 

∈x_i(t+1) = (1 − α) x_i(t) + α δ_i ∑_{j  N_i} w_{ij} x_j(t) + λ (s_i(t) − 0.5) 
where α  (0, 1) is the inertia parameter governing the rate o∈ f opinion update, N_i is the set of opinion-layer neighbors of agent 

i, w_{ij} are influence weights satisfying ∑_{j  N_i} w_{ij} = 1, δ_i  [0, 1] is the opinion dependency factor, and the cou∈ ∈ pling 
term λ(s_i(t) − 0.5) translates behavioral choice (cooperation: s_i = 1; defection: s_i = 0) into an opinion perturbation. This formulation 
ensures that agents who cooperate experience a positive nudge toward prosocial opinions, while defectors face a small downward 
pressure, consistent with cognitive dissonance theory and empirical findings on attitude-behavior alignment (Bamberg and Möser, 
2007; Gifford, 2011). 

C. Behavior Layer Dynamics 
The behavior layer models strategic interactions through a spatial evolutionary game framework. At each time step, agent i 

accrues a payoff Π_i(t) from pairwise interactions with its behavior-layer neighbors according to a modified prisoner’s dilemma 
payoff matrix. The strategy update rule synthesizes three mechanisms: 

(1) Neighbor Imitation: Agent i imitates the strategy of a randomly selected neighbor j with probability p_{i→j} = 1 / {1 + 
exp[−β(Π_j(t) − Π_i(t))]}, a Fermi-type transition rule widely used in evolutionary game studies (Szolnoki and Perc, 2012; Wang et 
al., 2015). 

(2) Payoff-Driven Decision: With probability ω, agent i adopts a best-response strategy based on expected payoffs given the 
current distribution of strategies among its neighbors, implementing a gradient ascent on the payoff landscape (Helbing and Yu, 2009). 

(3) Cognitive Consistency Pressure: With probability γ, agent i aligns its behavioral choice with its current opinion: s_i(t+1) = 
1 if x_i(t) > 0.5, else 0. This mechanism operationalizes the attitude-behavior link documented in environmental psychology (Stern, 
2000; Kollmuss and Agyeman, 2002; Dietz et al., 1998). The three mechanisms are applied in a weighted combination, with ω + γ + 
(1 − ω − γ) = 1 ensuring a valid probabilistic decomposition. 

D. Synchronous and Asynchronous Update Mechanisms 
Two update mechanisms are studied. Under synchronous updating, all agents simultaneously compute new opinions and 

strategies at each time step, representing a coordinated information environment analogous to real-time social media feeds. Under 
asynchronous updating, agents are selected in random order at each time step and update sequentially, reflecting staggered 
engagement patterns characteristic of online networks. Empirical studies suggest that asynchronous updating more realistically 
captures human decision-making in social networks (Macy and Willer, 2002; Flache et al., 2017), though synchronous models offer 
analytical tractability and serve as useful theoretical benchmarks. 

IV. AI-ENHANCED PREDICTION FRAMEWORK 
To move beyond simulation-based analysis toward data-driven prediction, we develop a three-component AI framework that 

augments the mathematical co-evolution model described in Section III. The framework is illustrated in Figure 2. 
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Figure 2. GNN-based AI prediction framework architecture integrating graph convolutional layers, attention aggregation, 

reinforcement learning, and SHAP interpretability modules. 

A. Graph Convolutional Network for Opinion Prediction 
Opinion propagation in a social network is inherently a graph-structured process. We model opinion prediction as a node-level 

regression task: given the dual-layer network at time t−1 with node feature vectors h_i(t−1) = [x_i(t−1), s_i(t−1), d_i, c_i, b_i] where 
d_i is normalized degree, c_i is clustering coefficient, and b_i is betweenness centrality, the model predicts x_i(t). The GCN backbone 
(Kipf and Welling, 2017) computes graph convolution as: 

H^(l+1) = σ( D̃^{−1/2} Ã D̃^{−1/2} H^(l) W^(l) ) 
where Ã = A + I is the adjacency matrix with added self-loops, D̃ is the corresponding degree matrix, H^(l) is the node 

embedding at layer l, W^(l) is a trainable weight matrix, and σ is the ReLU activation function. To capture the asymmetric influence 
patterns characteristic of real social networks, we stack the GCN with a graph attention (GAT) layer (Velickovic et al., 2018) that 
computes attention coefficients e_{ij} = LeakyReLU(a^T [W h_i ‖ W h_j]) across neighboring pairs, enabling the model to learn 
which connections most strongly mediate opinion transfer. The output of the combined GCN-GAT encoder is fed into two parallel 
prediction heads: a regression head for continuous opinion prediction and a classification head for binary behavior prediction. Both 
heads use two-layer fully connected networks with dropout (rate = 0.3) for regularization. 

For temporal dynamics, we add a graph-level temporal encoding that captures the evolution of mean opinion and cooperation 
ratio across the past T_hist = 10 time steps, implemented as a one-dimensional convolutional layer over the time dimension. This 
design enables the model to distinguish between persistent trends and transient fluctuations in opinion trajectories (Hochreiter and 
Schmidhuber, 1997; Vaswani et al., 2017). The GCN-GAT model is trained using Adam optimization with learning rate 10^{−3}, 
batch size 32 dual-layer network snapshots, and mean squared error loss for opinion regression and binary cross-entropy for behavior 
classification. 

B. Reinforcement Learning for Cooperative Behavior Optimization 
To investigate which intervention strategies can most effectively promote cooperative behavior diffusion, we formulate the 

problem as a Markov decision process (MDP) and train a proximal policy optimization (PPO) agent (Schulman et al., 2017). The 
state space S at time t is defined by the current opinion distribution vector X(t), cooperation ratio C(t), and network topology statistics; 
the action space A represents nudge interventions applied to a subset of high-centrality seed nodes, modulating their behavioral update 
probabilities; and the reward function R(t) = ΔC(t) + ηΔμ_x(t) combines the increase in cooperation ratio with a weighted increase in 
mean opinion, reflecting the co-evolution objective. The PPO algorithm (Mnih et al., 2015; Schulman et al., 2017; Silver et al., 2016) 
is chosen for its stability advantages over vanilla policy gradient methods, particularly relevant given the non-stationary environment 
induced by co-evolving opinion and behavior dynamics. The RL agent is trained over 500 episodes of 100 time steps each, using the 
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dual-layer co-evolution simulation as the environment. A critic network approximates the value function V(s; θ_v) using the same 
GCN encoder as the actor policy π(a|s; θ_π), enabling shared representation learning across the actor-critic pair. 

C. Machine Learning Classification for Opinion Shift Detection 
Beyond trajectory prediction, a practically critical task is the binary classification of opinion shifts: predicting whether a 

significant opinion change (Δx_i > θ_shift = 0.1) will occur for a given agent over the next ΔT = 5 time steps. We benchmark five 
classifiers using the simulation-generated dataset of 50,000 agent-timestep observations: (1) Logistic Regression (LR), (2) Random 
Forest (RF) with 200 trees (Breiman, 2001), (3) XGBoost with 300 estimators (Chen and Guestrin, 2016), (4) Multi-Layer Perceptron 
(MLP) with two hidden layers of 128 and 64 units, and (5) the GCN-GAT model introduced in Section IV.A. Features include all 
variables listed in Table I plus derived features: local opinion variance, cooperation rate among neighbors, and centrality measures. 
The dataset is split 70/15/15 for training, validation, and testing, with stratified sampling to handle the class imbalance (approximately 
28% positive shift cases). Standard performance metrics including accuracy, precision, recall, F1-score, and AUC-ROC are reported 
in Table II. 

Table II. Comparison of machine learning classifiers for opinion shift detection. 

Model Accuracy Precision Recall F1-Score AUC-ROC 
Logistic Regression 0.731 0.689 0.672 0.680 0.763 
Random Forest 0.812 0.798 0.781 0.789 0.871 
XGBoost 0.834 0.821 0.809 0.815 0.893 
MLP (2-layer) 0.847 0.836 0.822 0.829 0.904 
GCN-GAT (ours) 0.883 0.871 0.865 0.868 0.937 

As shown in Table II, the GCN-GAT model achieves the highest performance across all metrics, with an F1-score of 0.868 and 
AUC-ROC of 0.937, substantially outperforming the logistic regression baseline (F1 = 0.680) and the strong XGBoost ensemble (F1 
= 0.815). The performance advantage of the GCN-GAT model over flat feature-based classifiers underscores the importance of 
explicitly modeling graph topology for opinion shift prediction: structural features such as clustering coefficient and betweenness 
centrality are captured more effectively through end-to-end graph representation learning than through manually engineered scalar 
inputs. The MLP achieves competitive performance (F1 = 0.829), suggesting that non-linear feature interactions are important even 
in the absence of graph structure encoding, but the GCN-GAT’s 4.7-point F1 advantage over MLP quantifies the incremental value 
of topological representation. 

V. SHAP-BASED INTERPRETABILITY ANALYSIS 
To identify which features most strongly drive opinion shift predictions and to provide mechanistic interpretability consistent 

with social science theory, we apply SHAP analysis (Lundberg and Lee, 2017) to the trained GCN-GAT model. SHAP values are 
based on Shapley values from cooperative game theory (Shapley, 1953), attributing the prediction output to each input feature by 
considering all possible feature subsets. For each agent-timestep observation in the test set, we compute the SHAP value vector φ = 
[φ_1, ..., φ_d] where φ_k represents the contribution of feature k to the deviation of the predicted opinion shift probability from the 
base rate. Global feature importance is then summarized as the mean absolute SHAP value E[|φ_k|] across all test observations, as 
shown in Figure 4. 

For model-level SHAP computation on the GCN-GAT, we employ the DeepExplainer backend (Lundberg and Lee, 2017), 
which efficiently approximates SHAP values for deep neural networks by exploiting the backpropagation structure of the network. 
For comparison, SHAP values are also computed for the XGBoost model using the exact TreeExplainer backend (Lundberg and Lee, 
2017), enabling cross-model validation of feature importance rankings. Both models yield qualitatively consistent feature rankings, 
with a Spearman rank correlation of 0.91 across the top-12 features, providing confidence that the identified drivers are robust to 
model choice rather than artifacts of a specific architecture. 
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Figure 4. SHAP feature importance analysis for the GCN-GAT opinion shift prediction model. Features are ranked by mean 
absolute SHAP value; error bars indicate standard deviation across test observations. Dark bars indicate high-impact features 

(|SHAP| > 0.10). 

Figure 4 reveals several theoretically grounded insights. Network degree centrality emerges as the most influential feature (mean 
|SHAP| = 0.183), consistent with the theoretical expectation that highly connected agents in scale-free networks disproportionately 
influence information diffusion (Barabási and Albert, 1999; Watts and Dodds, 2007). The opinion dependency parameter δ_i ranks 
second (mean |SHAP| = 0.162), confirming that individual-level susceptibility to social influence is a stronger predictor of opinion 
shift than any structural feature alone. Interestingly, initial opinion value ranks third (mean |SHAP| = 0.148), reflecting a boundary 
effect: agents with extreme initial opinions (near 0 or 1) are more resistant to large shifts, while those near 0.5 are most susceptible, 
a finding consistent with bounded-confidence theory (Deffuant et al., 2000; Lorenz, 2007). The imitation weight ω and payoff 
sensitivity β occupy fourth and fifth positions, while cognitive consistency pressure γ ranks sixth, suggesting that structural and 
opinion-specific factors outweigh behavioral mechanisms in driving opinion shifts over short time horizons. These findings provide 
actionable guidance: interventions targeting high-degree, high-susceptibility agents near the opinion midpoint are expected to produce 
the largest opinion mobilization effects (Acemoglu and Ozdaglar, 2011; Ghaderi and Srikant, 2014). 

VI. SIMULATION EXPERIMENTS 

A. Experimental Setup 

Table III. Simulation parameter settings. 

Parameter Symbol Value / Range Description 
Number of agents N 500 Network size 
Average degree <k> 6 Mean number of edges per node 
Opinion inertia α 0.15–0.35 Tested at 0.15, 0.25, 0.35 
Opinion dependency δ_i Uniform[0.4, 0.9] Agent-specific heterogeneity 
Imitation weight ω 0.4 Fixed across experiments 
Payoff sensitivity β 3.0 Fermi function steepness 
Cognitive consistency γ 0.3 Fixed across experiments 
Coupling strength λ 0.1–0.5 Tested at 0.1, 0.3, 0.5 



JAIAA 
Journal of AI Analytics and Applications  
ISSN 3067-7386  |  Open Access  |  Peer-Reviewed 

RESEARCH ARTICLE 
Vol. 3, No. 2 (2025), pp. 86–101 

DOI: 10.63646/jaiaa.2025.030205 
 

ISSN: 3067-7386 © 2025 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy, 
distribute, print, search, or link to the full texts of the article in this journal without asking prior permission from the publisher or the author. See: 

https://inatgi.in/index.php/jaiaa/index for more information. 

Parameter Symbol Value / Range Description 

Time steps T 100 Per simulation run 
Runs per configuration — 50 Monte Carlo repetitions 
Initial opinions x_i(0) Uniform[0, 1] Random initialization 
Initial strategies s_i(0) Bernoulli(0.3) 30% initial cooperators 

All simulations are implemented in Python 3.10 using NumPy and NetworkX. GCN-GAT and MLP models are implemented 
in PyTorch Geometric. The RL agent is implemented using the Stable-Baselines3 library with PPO. For each network topology (scale-
free, random, small-world) and update mechanism (synchronous, asynchronous), 50 independent Monte Carlo replications are 
performed, and results are reported as means ± standard deviations. 

B. Opinion Convergence Under Different Network Topologies 
Figure 3 presents the evolution of mean group opinion and opinion standard deviation (polarization measure) over 80 time steps 

across the four network topologies, with α = 0.25, λ = 0.3, and synchronous updating. 

 
Figure 3. Opinion convergence trajectories across four network topologies under synchronous updating (α = 0.25, λ = 0.3). Panel (a) 

shows mean group opinion over time; panel (b) shows opinion standard deviation (polarization measure). Shaded bands indicate 
±0.5 standard deviation across 50 Monte Carlo runs. 

Figure 3(a) shows that all four topologies eventually converge to similar mean opinion values (0.60–0.68) by t = 80, but 
convergence speed differs substantially. The complete graph achieves the fastest convergence (approximately 90% of final value by 
t = 20), owing to its maximal connectivity enabling rapid opinion averaging. Scale-free networks converge faster than random 
networks (by approximately 8 time steps), consistent with the role of high-degree hubs in accelerating information diffusion (Barabási 
and Albert, 1999; Santos and Pacheco, 2005). Small-world networks occupy an intermediate position, benefiting from short path 
lengths but constrained by the rewired local structure. 

Figure 3(b) reveals complementary insights into opinion polarization. While all networks exhibit decreasing opinion standard 
deviation over time, scale-free networks maintain slightly higher residual polarization at steady state compared to random and 
complete graphs. This reflects the heterogeneous degree distribution in scale-free networks: high-degree hub nodes exert 
disproportionate influence that can pull peripheral low-degree nodes away from global consensus, creating persistent minority opinion 
clusters. This finding aligns with theoretical predictions from stubborn-agent models (Ghaderi and Srikant, 2014) and empirical 
observations of persistent online echo chambers (Bakshy et al., 2015; Del Vicario et al., 2016). 

Table IV. GCN-GAT model performance across network topologies and prediction horizons. 
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Network ΔT=1 (MAE) ΔT=5 (MAE) ΔT=10 (MAE) ΔT=1 (R²) ΔT=5 (R²) ΔT=10 
(R²) 

Scale-free 0.018 0.031 0.052 0.971 0.934 0.891 
Random 0.021 0.038 0.063 0.964 0.921 0.876 
Small-world 0.019 0.034 0.058 0.968 0.928 0.883 
Mixed (all) 0.022 0.041 0.069 0.958 0.912 0.863 

Table IV reports GCN-GAT prediction performance across network topologies and prediction horizons. At the one-step 
prediction horizon (ΔT = 1), the model achieves MAE = 0.018–0.022 and R² = 0.958–0.971 across all topologies, demonstrating high 
short-term accuracy. Performance degrades gracefully as the prediction horizon increases: at ΔT = 5, MAE rises to 0.031–0.041 and 
R² decreases to 0.912–0.934, still representing practically useful prediction accuracy for medium-term trend monitoring. At ΔT = 10, 
R² values of 0.863–0.891 indicate that the model captures approximately 86–89% of opinion variance at a 10-step horizon. Scale-free 
networks show the best predictive performance, likely because the concentration of influence in high-degree hubs creates more 
structured, learnable propagation patterns (Kipf and Welling, 2017; Hamilton et al., 2017). The mixed-topology condition (training 
on all three network types jointly) shows marginally lower performance than individual-topology models, reflecting some distribution 
shift across topology types. 

C. Cooperative Behavior Diffusion: Synchronous vs. Asynchronous 
Figure 5 compares the diffusion of cooperative behavior under synchronous and asynchronous update mechanisms across the 

three network topologies, with ω = 0.4, γ = 0.3, β = 3.0, λ = 0.3, and initial cooperation ratio C(0) = 0.30. 

 
Figure 5. Cooperative behavior diffusion under (a) synchronous and (b) asynchronous update mechanisms across three network 

topologies. Dotted horizontal lines indicate approximate steady-state cooperation ratios. Results are averaged over 50 Monte Carlo 
runs. 

Several important patterns emerge from Figure 5. First, under both update mechanisms, scale-free networks sustain the highest 
steady-state cooperation ratios (approximately 0.72 synchronous, 0.69 asynchronous), consistent with prior evolutionary game theory 
results establishing that hub nodes can act as cooperation catalysts in scale-free networks (Santos and Pacheco, 2005; Perc and 
Szolnoki, 2010). Second, synchronous updating produces faster convergence to steady-state cooperation than asynchronous updating 
across all topologies, but the synchronous mechanism also exhibits slightly higher steady-state levels. The gap between synchronous 
and asynchronous cooperation ratios at steady state is approximately 0.03–0.04, suggesting that the coordination advantage of 
simultaneous strategy updating outweighs the noise-reducing effect of sequential updates. Third, the RL agent trained to optimize 
cooperation achieves steady-state cooperation ratios of 0.81 and 0.76 under synchronous and asynchronous updating respectively 
(scale-free topology), representing improvements of 0.09 and 0.07 over the unintervened baseline, demonstrating the practical utility 
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of the PPO-based intervention strategy. 

VII. EMPIRICAL VALIDATION WITH SURVEY DATA 

A. Survey Data Description 
To assess the real-world explanatory power of the proposed model, we utilize longitudinal survey data on environmental 

attitudes and pro-environmental behavioral intentions collected from Chinese social media users across seven annual waves (2018–
2024). The dataset comprises responses from N = 4,823 unique participants (balanced panel: 3,116 participants contributing data in 
at least three waves). Participants were recruited through Weibo and WeChat survey platforms using stratified sampling by age group 
(18–25: 34%, 26–40: 39%, 41–60: 21%, >60: 6%), geographic region (Eastern: 48%, Central: 31%, Western: 21%), and education 
level. Environmental opinion is operationalized as a composite Likert score (normalized to [0, 1]) measuring the strength of pro-
environmental attitudes, and pro-environmental behavior is measured as the frequency of reported eco-friendly behaviors (e.g., 
reducing plastic use, energy saving, public transit preference), normalized to the same [0, 1] scale. 

Table V. Descriptive statistics of the environmental attitude and behavior survey dataset (2018–2024). 

Year Participants Mean Opinion (SD) Mean Behavior (SD) Female (%) Age 18–35 (%) 
2018 2,841 0.512 (0.142) 0.338 (0.121) 53.4 51.2 
2019 3,012 0.538 (0.138) 0.372 (0.118) 52.8 50.9 
2020 3,204 0.558 (0.135) 0.381 (0.124) 54.1 49.7 
2021 3,481 0.591 (0.131) 0.418 (0.119) 53.7 48.3 
2022 3,718 0.628 (0.128) 0.472 (0.115) 54.3 47.6 
2023 4,126 0.671 (0.122) 0.521 (0.111) 55.1 46.8 
2024 4,401 0.708 (0.118) 0.569 (0.108) 55.6 46.1 

Table V documents a consistent upward trend in both mean environmental opinion (from 0.512 in 2018 to 0.708 in 2024, an 
increase of 38.3%) and mean pro-environmental behavior (from 0.338 to 0.569, an increase of 68.3%). Notably, behavioral growth 
rate (68.3%) substantially exceeds opinion growth rate (38.3%) over the seven-year period, suggesting that behavioral norms may be 
diffusing faster than attitudes in this domain, potentially driven by social influence and peer imitation mechanisms (Centola, 2010; 
Granovetter, 1973). The female proportion shows a modest increase over time (53.4% to 55.6%), and the proportion of younger 
participants (18–35) gradually decreases, reflecting demographic aging of the panel over time. 

B. Model Validation Results 
We configure the dual-layer co-evolution model using estimated parameters derived from the 2018 baseline survey (initial 

opinion distribution, network degree estimates from platform data, and population-level δ estimates from panel regression) and 
simulate forward to 2024. Model outputs are compared with observed survey means in Figure 6. 
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Figure 6. Empirical validation of the AI-enhanced model against longitudinal survey data (2018–2024). Panel (a): mean 

environmental opinion trajectories. Panel (b): pro-environmental behavior ratio trajectories. Circles/solid lines: survey data; 
squares/dashed lines: model predictions; shaded bands: 95% prediction intervals. 

Figure 6 demonstrates strong concordance between model predictions and observed survey trends. For opinion trajectories 
(Figure 6(a)), the mean absolute deviation between predicted and observed annual means is 0.018 across the seven time points, well 
within the 95% prediction interval throughout the observation period. For behavioral trajectories (Figure 6(b)), the mean absolute 
deviation is 0.022, reflecting slightly higher behavioral variability but still strong directional correspondence. Both predicted trends 
correctly capture the accelerating growth pattern observed in later years (2022–2024), when social media amplification of 
environmental discourse intensified following major climate events and policy announcements in China. The model’s structural 
interpretation is consistent with domain-specific findings from environmental psychology (Bamberg and Möser, 2007; Stern, 2000; 
Gifford, 2011): the behavior-leads-opinion asymmetry predicted by the cognitive consistency mechanism (γ) aligns with evidence 
that behavioral adoption of eco-friendly practices can precede or occur independently of strong pro-environmental attitudes in Chinese 
consumer populations (Dietz et al., 1998; Kollmuss and Agyeman, 2002). 

VIII. DISCUSSION 
This study advances the study of online opinion-behavior co-evolution in three primary ways. First, by integrating a mechanistic 

dual-layer network model with AI prediction components, we demonstrate that the limitations of purely mathematical simulation—
principally the gap between analytical tractability and empirical predictive validity—can be bridged through graph neural networks 
trained on simulation-generated data and validated against real survey observations. The GCN-GAT architecture captures topological 
propagation patterns that flat feature-based models miss, as evidenced by its superior opinion shift classification performance (F1 = 
0.868 vs. 0.815 for XGBoost). 

Second, the SHAP analysis provides a theoretically grounded bridge between machine learning predictions and social science 
interpretation. The identification of network degree centrality and opinion dependency δ_i as the two most influential predictors aligns 
with fundamental insights from social influence theory (Friedkin and Johnsen, 1990; Acemoglu and Ozdaglar, 2011) and provides 
operational guidance for intervention design: public opinion campaigns should prioritize high-centrality, highly susceptible 
individuals near the opinion midpoint for maximum mobilization efficiency. This finding is consistent with influence maximization 
research in marketing and public health (Watts and Dodds, 2007; Borgatti et al., 2009). 

Third, the PPO-based RL agent demonstrates that targeted behavioral nudges applied to a small set of seed nodes can produce 
measurable increases in steady-state cooperation ratios (0.07–0.09 improvement over baseline), with effects amplified on scale-free 
topologies. This result suggests that AI-optimized intervention strategies can outperform heuristic approaches based on naive 
centrality selection, as the RL agent learns to account for opinion-behavior feedback dynamics that static centrality metrics ignore. 
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These findings have direct implications for the design of pro-social behavioral campaigns on digital platforms (Vosoughi et al., 2018; 
Centola, 2010). 

Several limitations warrant acknowledgment. The survey-based empirical validation is limited by self-report biases inherent in 
attitude and behavior measurement and by the inability to directly observe the social network structure of survey respondents. Future 
work should incorporate network-level data from social media APIs to enable direct structural calibration. The assumption of a fixed, 
time-invariant network structure within simulation episodes is a simplification; real social networks evolve dynamically through tie 
formation, dissolution, and rewiring. Extending the framework to temporal GNNs and adaptive network models represents a valuable 
direction. Additionally, while the model is validated in the environmental domain, generalizability to other behavioral domains (health, 
civic participation, financial decision-making) requires domain-specific parameter calibration and validation. 

IX. CONCLUSION 
This paper has presented an AI-enhanced framework for predicting collective opinion shifts and cooperative behavior diffusion 

in online social networks, integrating a dual-layer opinion-behavior co-evolution model with graph convolutional networks, 
reinforcement learning, and SHAP-based interpretability. Extensive simulation experiments across scale-free, random, and small-
world network topologies establish that scale-free structures accelerate opinion convergence and sustain higher cooperation ratios 
than random or small-world networks, under both synchronous and asynchronous update mechanisms. The GCN-GAT model 
achieves superior opinion shift classification performance (AUC-ROC = 0.937) and accurate multi-step opinion trajectory prediction 
(MAE = 0.031 at ΔT = 5) compared to competitive baselines. SHAP analysis identifies network degree centrality, individual opinion 
dependency, and initial opinion position as the three most important predictors, providing interpretable, theory-consistent guidance 
for intervention targeting. Empirical validation against a seven-year longitudinal survey on environmental attitudes in China 
demonstrates strong model-data concordance (mean absolute deviation < 0.022), validating the model’s explanatory power in a 
realistic behavioral domain. 

This work opens several directions for future research. Temporal GNN architectures that model dynamic network evolution 
would further improve prediction accuracy for long-horizon forecasts. Federated learning approaches could enable privacy-preserving 
model calibration on distributed social media data. Extension of the RL intervention framework to multi-objective optimization—
balancing opinion shift magnitude against intervention cost and side effects—represents both a theoretical advance and a practically 
relevant application. Finally, cross-cultural validation of the model in non-Chinese social media contexts would establish the 
generalizability of the identified opinion-behavior co-evolution mechanisms. By providing an interpretable, data-driven prediction 
framework, this study contributes tools for public opinion monitoring, evidence-based social intervention design, and AI-assisted 
behavioral policy assessment in online social environments. 
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