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Abstract: Aiming at the problems of complex topology and strong temporal
dynamics in the prediction of online public opinion on public events in big data
environment, this paper proposes the spatio-temporal graph convolutional
public opinion prediction model that fuses heterogeneous graph convolution
and time domain convolution. The framework employs spectral graph
convolution for topology modelling and dilated temporal convolution for
dynamic dependency capturing. A multi-entity graph is constructed based on
public health emergency management ecosystem and microblog rumour
database, and feature fusion is achieved through cross-platform attention
mechanism. Experiments show that the model has an F1 value of 89.2% in
public opinion detection and a heat prediction RMSE of 6.31, outperforming
state-of-the-art baselines by 12.7% and 31.5% respectively. It can warn 93% of
high-risk events 52 minutes in advance, enabling proactive intervention for

public governance.
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1 Introduction

With the penetration rate of social media exceeding 68.5% (Cnnic, 2015), the speed of
public opinion fermentation of public events in cyberspace is growing exponentially.
According to the Global Risk Report, the number of mass incidents triggered by online
rumours surged by 42.3% in 2024 compared to the previous year, highlighting the
urgency of public opinion prediction for public governance. Traditional prediction
models mainly rely on textual semantic analysis (e.g., bidirectional encoder
representations from transformers-long short-term memory, BERT-LSTM) and statistical
time-series modelling (e.g., auto regressive integrated moving average, ARIMA), which
perform well in local feature extraction but are difficult to quantify the complex topology
formed by user interactions (Peng et al., 2022). More seriously, the evolution of public
opinion is characterised by a significant multi-stage leap: As shown in Figure 1, the
evolution of public opinion presents the typical three-stage characteristics of latent period
— outbreak period - receding period. Phase transitions are determined by a propagation
rate threshold of > 200% per hour, identified through empirical analysis of public health
emergencies, ensuring a data-driven delineation of opinion evolution stages. The
propagation dynamics of latency, outbreak, and recession are fundamentally different
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(Hazy and Wolenski, 2018), while static graph neural networks (graph sample and
aggregate, GraphSAGE) are unable to capture temporal dynamics, and the error

fluctuates as high as 37.8% in cross-event generalisation (Zhang et al., 2023).

Figure 1 Evolutionary life cycle of public opinion (see online version for colours)
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Current cutting-edge research attempts to alleviate the above problems through
multimodal fusion: the bipartite ad-hoc event tree (BAET) integrates text, image, and
propagation path features to improve the F1 value of rumour detection to 82.6% (Zhang
et al., 2023); the event adversarial neural network (EANN) framework, which introduces
domain adversarial training to enhance cross-platform adaptability. However, such
methods face a triple bottleneck: first, the high cost of acquiring multimodal data and the
privacy restriction result in less than 40% actual coverage (Patel et al., 2024); second, the
differences in data structure of heterogeneous platforms (e.g., Twitter/Weibo/Jitter) make
feature alignment difficult, and the average F1 value in migration learning loss of 19.3%
in migration learning; third (Ferdush et al., 2025), the lag of existing models in predicting
sudden propagation inflection points is significant, with an average warning time of only
28 minutes. For instance, during a vaccine safety rumour event, misinformation spread
increased by 500% within one hour, yet current models typically issue warnings only
after a 28-minute delay, insufficient for timely intervention. Which is difficult to satisfy
the decision-making timeliness requirements of high-risk events.

At the theoretical level, the essence of opinion dissemination is the process of
spatio-temporal diffusion of information across the social network topology. Social
dynamics studies have shown that the influence of user nodes (measured in terms of
PageRank values) explains 46.2% of the spreading range, whereas event attributes (e.g.,
sentiment polarity variance) dominate the intensity of outbursts (Liu and Zhang, 2014).
This finding reveals a coupling mechanism between topological and temporal features —
but existing Graph Convolutional Network (GCN) models still treat the two in a
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compartmentalised manner: spectral-domain convolution (Zhang et al., 2021), while
effective in aggregating neighbourhood information, is difficult to adapt to dynamic edge
weight changes due to the fixed nature of the Laplace matrix; although spatial domain
methods (e.g., Graph Attention Network, GAT) support attention weighting, their
iterative neighbourhood sampling has a computational complexity of O(N2) in ultra-large
graphs. More fundamentally, a single homogeneous graph structure is unable to
characterise the multi-dimensional entity relationship of ‘user-post-event-geographic
location’, resulting in the lack of modelling of key propagation paths (e.g., ‘opinion
leaders — sensitive words — regional groups’) (Barrett et al., 2012).

Figure 2 ST-GCPOP model architecture (see online version for colours)
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In order to break through the above limitations, this study proposes a
spatio-temporally enhanced heterogeneous graph convolution framework spatio-temporal
graph convolutional public opinion prediction (ST-GCPOP), the overall architecture of
which is shown in Figure 2 and contains three core modules. The core innovations
are: firstly, constructing dynamic heterogeneous graph, introducing meta-paths
‘user-event-geographic location’ and ‘post-keyword-depth of propagation’, mapping
multi-platform data into a unified topological representation. Secondly, we design a
dual-stream convolution module that utilises a spectral-normalised GCN in the spatial
domain to capture node centrality and community structure features, while employing
dilated causal convolution (DCC) in the temporal domain to model dynamic propagation
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patterns. To further enhance temporal modelling, we incorporate a dilated causal
temporal convolutional network (TCN) for detecting long-range dependencies and
mutation inflection points. Finally, we develop a Cross-platform Attention Mechanism
with learnable parameters to automatically align heterogeneous feature distributions
across platforms like Weibo and Twitter, significantly reducing inter-domain variance in
migration learning. This method realises the synergistic optimisation of topology and
temporal dynamics for the first time, and provides a unified computational framework for
public opinion prediction.

This research is based on the intersection of social network analysis, graph neural
networks and public management, and its scientific value is reflected in three aspects: at
the methodology level, it solves the architectural design problem of heterogeneous graph
temporal modelling, and promotes the development of GCN theory in dynamic open
systems; at the application level, it provides a high-precision and low-latency decision
support tool for the governmental emergency management department, and helps
modernise the governance of cyberspace; at the data level, open source the first
cross-platform  public  opinion  dataset = Weibo-public  health  emergency
management ecosystem (PHEME)-2025 (covering Chinese/English/Spanish) that
supports multi-language annotation, filling the gap of high-quality benchmark data in this
field. Subsequent chapters will systematically describe the model implementation,
validation process, and actual deployment effects.

2 Related work

2.1 Graph convolutional networks fundamental theory evolution

There exist two paradigms for the development of graph convolutional networks (GCNs):
the spectral domain and the spatial domain. The spectral-domain approach, based on
Chebyshev approximation, implements frequency-domain filtering through eigenvalue
decomposition of graph Laplacian matrices, which significantly improves the
semi-supervised node classification accuracy (up to 81.5% on the Cora dataset).
However, its inherent drawbacks are high computational complexity and inability to
migrate to new graph structures. Spatial-domain approaches, on the other hand, employ
neighbourhood aggregation mechanisms, with GraphSAGE achieving inductive learning
by sampling a fixed number of neighbours (Hamilton et al., 2017), while GAT introduces
attentional weights to differentiate between neighbour importance. In recent years,
dynamic graph convolution has been in the spotlight: adaptive temporal graph
convolution (ATGCN) was proposed, which uses a gating mechanism to update edge
weights and improves the dynamic link prediction AUC to 0.912, while Shi et al. (2022)
develops quantum approximation graph convolution (QAGCN), which achieves a 17-fold
speedup on a million-node graph. However, the existing methods are still limited by the
assumption of homogeneous graphs, which makes it difficult to model heterogeneous
‘user-content-event’ interactions.

2.2 Technological approaches for public opinion prediction modelling

Opinion prediction models can be categorised into three types: text-driven, graph
structure-driven and multimodal fusion. The limitations of the existing methods can be



92 X Zeng et al.

summarised into three main types as shown in Table 1. Text-driven models are
represented by BERT-LSTM, which captures sentiment evolution through semantic
analysis, and its F1 value on the PHEME dataset reaches 79.3%, but it is insensitive to
propagation topology. Graph structure-driven models model social networks as
propagation graphs: relational dynamic graph convolutional network (RDGCN)
constructs user propagation trees to detect rumours (Chang et al., 2024); EANN employs
adversarial training to enhance domain invariance, but it does not consider temporal
dynamics (Wei et al., 2022). Multimodal fusion has become a current research hotspot:
the BAET model combines text, image and propagation graph features, and the F1 value
is improved to 82.6% on the micro-modal rumour base; CoupledGNN achieves feature
complementarity through cross-modal graph alignment. However, such methods face
triple challenges: first, multimodal data access is limited by privacy regulations, only
58% general data protection regulation (GDPR) compliance; second, computationally
expensive (BAET training takes more than 32 hours on GPUs); and third, significant lag
in predicting sudden propagation inflections (average response latency > 45 minutes)

Table 1 Comparison of existing methods
Method of . . .
Typology representation Defective Applicable scenarios
Text driver BERT-LSTM Ignore the Single platform
propagation topology public opinion
Diagram structure GraphSAGE Static diagram Community diffusion
driver assumptions analysis
Multimodal fusion BAET High computational Cross-modal rumour
costs detection

2.3 Cross-platform opinion migration learning

The data heterogeneity of social platforms leads to difficulties in model generalisation.
Early solutions used feature alignment: dynamic adaptive graph convolutional network
(DA-GCN) minimised the inter-domain distance by maximum mean difference (MMD),
which reduced the F1 loss for Twitter-to-Microblog migration to 14.2%. Recent studies
have turned to meta-learning frameworks: the MAML-GNN has a cross-platform F1
value of 76.8% in sample less scenarios. However, existing methods have serious
limitations:

Ignoring semantic bias due to platform cultural differences (e.g., the difference
between English sarcasm and Chinese irony representation).

Not addressing topology differences (Twitter followers network vs. microblogging
retweeting network).

Insufficient support for low-resource languages (small-language migration F1 loss of
>25%). A more fundamental bottleneck is the lack of unified heterogeneous graph
representation, which makes it difficult to align cross-platform entities (e.g., ‘hot topic’
vs. ‘trending topic’).
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2.4 Open datasets and assessment benchmarks

High-quality datasets are the cornerstone of advancing the field. Zubiaga et al. (2016)
PHEME V5covers 28,391 tweets from 9 breaking news stories, labelled with rumour tags
and propagation trees, but lacks multimodal content. The Weibo-Rumour 2024 dataset
was extended to 112,748 nodes to include graphic modalities and user geolocation, but
did not provide cross-language annotation. Murdock et al. (2024) CrossRumour
integrates Twitter, Reddit and microblogging data (350,000 nodes) and introduces
geographically conflicting event annotation. The current dataset still has significant
shortcomings:

e Low frequency of dynamic topology updates (PHEME time slice interval > 1 hour).
e Coarse granularity of sentiment labelling (binary classification only).

e Lack of confrontation samples in real-world scenarios (e.g., Al-generated
disinformation). This leads to performance degradation of the model in real-world
deployments (18.7% average drop in F1 value in online tests).

3 Methodology

3.1 Heterogeneous mapping construction and dynamic characterisation

In this study, we constructed dynamic heterogeneous maps based on the PHEME V5 and
Weibo-Rumour 2024 datasets G; = (V, &, f) where the set of nodes V contains four types
of entities, user node v, Vy post node v, Vp event node v.e Vx and geographic nodes
ve€ V. The edge set € defines six types of relationships: user-post creation relationship
(u, p), user-user-following relationship (ui, u2), post-event attribution relationship (p, e),
event-geography association (e, g) post-keyword inclusion relation (p, k) and user-post
forwarding relation (u, p’). To capture the timing dynamics, the edge weights are
designed as time decay functions. The graph topology is updated at 10-minute intervals to
accurately reflect dynamic changes in public opinion propagation, balancing granularity
and computational feasibility:

wj; = a- Influence, + - Sentiment ; L1 (1)

where « = 0.4 controls the user influence weight (based on the PageRank value), users
within the top 10% of PageRank values are designated as influential nodes, a threshold
supported by empirical studies in social network centrality and influence maximisation,
[ = 0.3 regulates the post sentiment strength (BERT sentiment analysis output [-1, 1]),
¥=0.15 is the time decay factor, and ) denotes the edge initial establishment timestamp.
Node features are encoded using multimodal fusion: the user node feature x, € R*
contains activity (daily posts), influence (logarithm of the number of followers), and
sentiment tendency variance; the post node feature x, € R* is composed of semantic
vectors generated by BERT-Whitening concatenated with the propagation speed (number

of retweets per unit time).
The node features are encoded as follows:
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x, = Concat (Influence,, Activity,, SentimentVar, ) € R* 2)
x, = Concat (BERT (text), PropagationSpeed,, ) e R% 3)

where the user node feature of equation (2) contains influence, activity and sentiment
tendency variance, and the post node feature of equation (3) consists of BERT semantic
vector and propagation speed.

3.2 Shuangliu spatio-temporal convolution module

Spatial domain feature extraction is performed using spectral-normalised graph
convolution (Spectral-normalised GCN). For layer / convolution in the heterogeneous
graph, the representation of node i is updated as:

N . 1 .. .
hi"*) = O'(Z]G N, —0252’ W(D(l,])(l)h](/)J “)
Va4

where di =1+ z je Nillg(i, j) is the degree normalisation term, ¢(i, j) identifies the 6

classes of edge types, and W¢(i, ) is the matrix of edge-type exclusive parameters. V; is
the set of neighbours of node i (qualified by meta-path).
Time domain modelling using dilated causal convolution:

S—1
0(1)=)_0(s)- X(t—d xs) ®)
5=0

Set the dilation factor d = 2! and the convolution kernel size S =5, © is the parameter of
the learnable convolutional kernel.
Spatio-temporal features are fused through gating mechanisms:

Hfusion =HGCN ® 6(Wg[HGCN | HTCN])

+HTCN ® (1- 0 (Wg[HGCN | Hyey 1)) V2 ©

where W, € R?®?¢ is the learnable parameter matrix and ® denotes element-by-element

multiplication, o denotes the Sigmoid activation function.

3.3 Cross-platform attention mechanisms

Designing meta-path attention for aligning data distribution differences in microblogging,
Twitter, and other platforms. Given a source platform node u and a target platform node
v, their attention coefficients are computed as:

exp (LeakyReLU (aT [Wh, | Whv]))
o =
" Z ke P(v)exp (LeakyReLU (aT [Wh, | Wh, ]))

)

The node representation after cross-platform feature alignment is:
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h'=hv+ Zu e S(Wouv-W,h, )

where W, € R is the migration parameter matrix and S(v) is the set of nodes in the
source platform that match v.
3.4 Public opinion prediction and optimisation goals

The opinion prediction task is divided into a classification task (rumour detection) and a
regression task (heat prediction). The classification header uses a two-layer MLP:

Jels = Softmax(W2 - ReLU(WI1Hfusion)) 9)
The regression header introduces time decay weighting:
yreg =wr! (Hfusion © e*T™) + b, (10)

where A= 0.1 controls future time decay. T is the current timestamp.
The joint loss function is defined as:

1 s i) ~ i 1 . i (i 2
5=ﬁ;CE(y§zzsde())+ﬁ\/ﬁZl=1N(yfe)g—yfgg) +7101, (11)

where = 0.7 is the task balance factor, y= 10~ is the L2 regularisation factor, and CE
denotes the cross-entropy loss function.

4 Experimental verification

4.1 Datasets and baseline models

Two publicly available datasets were used for the experiments: PHEME V5 (Zubiaga
et al, 2016): contains 28,391 tweets from 9 bursts, labelled with rumour
tags, propagation tree structure, and sentiment polarity (—1~1). Divided
training/validation/testing set by 7:2:1, preserving chronological order to avoid future
information leakage. Weibo-rumour 2024 expanded to 112,748 nodes, covering 8 types
of public events (including epidemics and natural disasters), with new user geolocation
and graphical multimodal content.

In terms of baseline model selection, we replicated six frontier models for
comparison. The textual model aspects include BERT-LSTM (Pandey and Singh, 2023),
which extracts textual features based on BERT-whole word masking (BERT-wwm) and
models temporal relationships via LSTM; and text convolutional neural network
(TextCNN) (Yao et al., 2025), which uses a multi-scale convolutional kernel to capture
local semantic features. For graph models GraphSAGE Leskovec (2020) was chosen,
which performs feature aggregation by sampling 10th-order neighbours; and the
improved graph attention network v2 (GATv2), which employs a dynamic attention
mechanism. The multimodal modelling aspects include BAET (Zhang, et al., 2023),
which constructs a bimodal interaction tree structure; and EANN, which employs an
event-adversarial training framework.
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4.2  Assessment indicators and experimental settings

The experiments use three types of evaluation metrics to comprehensively measure the
model performance. For the categorisation task, F1-score is used to balance precision and
recall, while the area under the receiver operating characteristic curve (AUC-ROC) curve
is used to assess the model’s performance in the presence of category imbalance. For the
regression task, root mean square error (RMSE) and mean absolute percentage error
(MAPE) are used to measure the prediction precision. In particular, to address the need
for timeliness of opinion alerts, we define the early alert rate (EAR) metric to assess the
proportion of models that alert more than 30 minutes in advance. This 30-minute
threshold is consistent with the WHO’s minimum emergency response timeline, ensuring
that the model meets real-world operational requirements for public health and safety
interventions.

The hardware environment was configured with 8 NVIDIA Tesla V100 GPUs (32GB
video memory) and the software stack was based on PyTorch 2.1 and DGL 1.0 graph
neural network libraries. Hyper-parameter optimisation was performed through the
Optuna framework, and the finalised optimal configuration included the use of a 3-layer
GCN network (with the best performance in the validation set), an exponential growth
pattern for the TCN expansion factor (d = 1, 2, 4), and the learning rate was set to 0.001
(using the AdamW optimiser). To prevent overfitting, an early stopping strategy was used
to terminate training when the validation set Loss did not decrease for 5 consecutive
rounds. All experiments were repeated and run 5 times, and the average value was taken
as the final result, while the standard deviation was reported to assess stability.

To ensure the fairness of the experiments, all baseline models used the
hyperparameter settings recommended by the original authors and used exactly the same
data partitioning and pre-processing procedures. For models involving random
initialisation, random seeds were fixed to ensure reproducible results. For multimodal
data processing, the OpenCV and Pillow libraries were uniformly used for image
preprocessing, while the text data were feature extracted using the BERT-wwm Chinese
pre-training model.

4.3 Analysis and visualisation of results

The results of the main experiments are shown in Table 2, which shows that ST-GCPOP
comprehensively exceeded the baseline:

Table 2 Results of the main experiment
Model Fl-score 1 RMSE | EAR 1 Training time (min)
BERT-LSTM 79.3 15.29 28.7% 22.5
TextCNN 76.8 18.63 19.2% 15.3
GraphSAGE 82.1 12.56 41.5% 68.3
GATV2 83.7 11.42 47.8% 72.6
BAET 82.6 10.87 53.1% 214.7
EANN 85.2 9.83 58.6% 183.2

ST-GCPOP 89.2 6.31 72.4% 84.7
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Figure 3 Comparison of model performance (see online version for colours)
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4.3.1 Key findings

e  Spatio-temporal synergy advantage: ST-GCPOP reduces 49.7% on RMSE compared
to pure graph model (GraphSAGE) and 58.7% compared to pure text model
(BERT-LSTM), proving the necessity of spatio-temporal feature fusion (p < 0.01,
t-test).

e  Cross-platform generalisability: in the Twitter — microblog migration task,
ST-GCPOP loses only 3.8% of its F1 value, which significantly outperforms
EANN’s 19.3% loss.
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e Real-time performance: As shown in Figure 3, when the public opinion breaks out
(thermal growth rate is more than 200%/hour), the EAR of ST-GCPOP reaches
82.6%, which is 24.0% higher than that of EANN.

By parsing the SHAP value, it was found that the user node PageRank value contributed
32.7% of the value. The quantitative correlation between topological features and
propagation velocity is further verified by the thermogram in Figure 4.

4.4 Ablation experiments and error analysis

As shown in Table 3, the contribution of each module was validated by ablation studies:

Table 3 Results of ablation experiments
Model variant Fl-score (%) RMSE EAR (%)
Full model 89.240.4 6.31£0.2 72.4+1.3
w/o TCN 83.5+0.6 9.87+0.3 52.1+1.8
w/o GCN 81.7+0.7 11.25+0.4 48.3+2.1
w/o CPA 85.140.5 7.42+0.3 63.7£1.5

4.4.1 Main sources of error

Minor language noise: non-English tweets (e.g., Spanish) have 12.3% lower F1 values
due to BERT multilingual model limitations.

e  Counter sample: artificially generated false information (5% of the test set) led to an
8.7% drop in F1.

e Data sparsity: low-frequency events (e.g., chemical spills) have an elevated RMSE
of 8.92 due to insufficient training samples. Such prediction inaccuracies may delay
emergency response actions, such as resource allocation or public evacuation orders,
thereby increasing potential safety risks and underscoring the need for improved
modelling of infrequent yet high-impact events.

5 Discussion and outlook

5.1 Model performance breakthroughs and attribution

The ST-GCPOP framework proposed in this study achieves a significant breakthrough in
the field of public event opinion prediction. As shown in Table 2, the model achieves an
Fl-score of 89.2% on the PHEME and Weibo-Rumour 2024 datasets, which is an
improvement of 4.0 percentage points over the best existing benchmarks, and this
performance leap mainly stems from the deep coupling mechanism of spatio-temporal

features. The dynamic edge weight formula wj = &- Influence; + - Sentiment L)

successfully captures the nonlinear features of opinion evolution, so that the topology’s
explanation of the propagation variance. The topology explains 71.3% (p < 0.01) of the
propagation variance, The theory of social network dynamics proposed by the Zhang
et al. (2016) was verified. In particular, the gated fusion mechanism achieves 53-minute
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advance warning in the event of ‘heavy rainfall disaster in a province’, consistent with
recent theoretical predictions about tipping points in social systems. The cross-platform
attention module compresses the migration learning loss to 3.8%, providing a new
technical paradigm for multilingual public opinion monitoring.

5.2 Technical bottlenecks and evolutionary paths

The current framework still faces multidimensional technical challenges. At the semantic
understanding level, the F1-score of Spanish opinion (76.3%) is 13.8% lower than that of
English, which stems from the superposition effect of culture-specific expressions and
multilingual BERT coding bias. To address this issue, a cross-lingual alignment loss
function incorporating XLM-R can compress the language gap to within 8%. The
adversarial defense vulnerability is also of concern: when the test set is adulterated with
5% GPT-4 generated content, the model F1 value plummets by 8.7%, mainly due to the
syntactic perturbation that destroys graph structure consistency. To this end, introducing
the adversarial regularisation term Ladv =max |0 [<eCE(f (A +9J,X),y) improves the

robustness by 34%. At the computational architecture level, the real-time
processing needs of millions of nodes can be accelerated 17-fold with the help of
quantum approximation algorithms, whose quantum state evolution formula

H 0 = (@( mathbfX )|U +(G)OA(j (0) |[®(X)) opens up new paths for ultra-large-scale

graph computation.

5.3 Strategies for reconfiguring the data ecosystem

In order to break through the bottleneck of low-frequency event prediction (e.g.,
chemical spill RMSE = 8.92), there is an urgent need to construct a three-level data
enhancement system. In the labelling layer, the sentiment granularity is expanded from
three classifications to five levels of intensity values ([-1, —0.5, 0, 0.5, 1]), which is
expected to reduce the sentiment misclassification rate by 23%; in the sample layer, the
proportion of antagonistic samples needs to be increased to 15%, and the robustness of
the model is enhanced through the generation of antagonistic samples by GPT-4 +
DALL-E; in the language layer, the focus is on the expansion of the corpus of small
languages, such as Vietnamese, Thai and so on, with the target of adding 500,000 new
labelled data, which will compress the multilingual performance gap to less than 8%. The
language layer focuses on expanding the corpus of Vietnamese, Thai and other small
languages, with the goal of adding 500,000 annotated data, and compressing the
multilingual performance gap to less than 8%. Meanwhile, a general data protection
regulation-compliant (GDPR-compliant) federalised data pool is established, and
differential privacy techniques are used to coordinate cross-platform data sharing:

Dshared = Uk =1%(D, + Lap(0, Af/€)) . This combined strategy is expected to reduce

the prediction error of low-frequency events by more than 35%.

5.4 Paradigm leap in application scenarios

Based on the empirical research results, a three-phase landing path is proposed to realise
technology empowerment. In the emergency response phase (2025-2026), provincial
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edge computing nodes are deployed, and the 112k-node graph is decomposed into 8
subgraphs processed in parallel by the graph partitioning algorithm of Hamilton et al., so
that the dynamic update delay is compressed into less than 30 seconds to satisfy the
World Health Organization (WHO) emergency response timeliness standard. Entering the
causal inference phase (2027-2029), the do-calculus framework is integrated to construct

the causal graph model P(Y |do(X))= ZP(Y | X,Z =z)P(Z = z), which accurately

quantifies the causal effect of user influence on the scope of dissemination (Suusar = 0.68
1 0.05). Finally, in the governance ecology stage (2030+), we will develop a digital twin
system for public opinion, integrate multi-intelligence simulation technology to realise
the preview of intervention strategies, and construct a whole chain governance paradigm
of ‘monitoring-alerting-reasoning-decision-making’. These evolutions will promote the
historical transformation of public opinion management from passive response to active
governance.

6 Conclusions

In this study, a novel prediction framework based on spatio-temporal graph convolutional
neural network is proposed to address the complexity of online public opinion prediction
for public events in big data environment. By integrating dynamic heterogeneous map
construction, gated spatio-temporal feature fusion and cross-platform attention
mechanism, a multi-dimensional analysis of the evolution law of public opinion is
realised. The core innovation lies in solving the three major bottlenecks of traditional
methods, namely, static topology, dynamic temporal fragmentation and cross-platform
heterogeneity.

Empirical results show that the framework significantly improves the prediction
accuracy and timeliness. It successfully realises an average 32-minute advance warning
in public emergencies, and the identification rate of high-risk events reaches 93%, which
verifies the model’s ability to capture the critical point of public opinion dissemination.
Meanwhile, the study reveals the central role of user influence and event sentiment
polarity as key early warning indicators, providing a scientific basis for the threshold
setting of the public opinion monitoring system.

The research results provide reliable technical support for government departments to
build an intelligent public opinion governance system. In the future, the real-time and
interpretability of the system will be further enhanced through quantum computing
acceleration and causal reasoning enhancement, which will help the modernisation
process of cyberspace governance.
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