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ABSTRACT The stochastic nature of youth social media polarization poses challenges for traditional
early-stage prediction. This study constructs a heterogeneous temporal network to represent multifaceted
interactions among users, text, and hashtags, treating the evolution of online opinion as a spatiotemporal
signal-propagation process in networked communication environments. Based on the DyGCN-GRU
framework, the model captures the spatiotemporal propagation patterns of public-opinion evolution, inte-
grates sentiment kurtosis, semantic variance, and community opposition density to generate polarization-
intensity sequences, and finally employs a Transformer decoder to predict polarization risk. The network
incorporates platform-specific embeddings, youth-oriented semantic features, and behavioral attributes to
improve the detection of weak early signals. Experimental results on Weibo and Zhihu data show that
the proposed method achieves an F1-score of 0.915, a root mean square error of 0.068, and an early-
warning lead time of 11.3 minutes. The results verify the model’s ability to quantitatively perceive and
dynamically predict early risks of youth public-opinion polarization, and provide a technical basis for
online risk monitoring and intelligent information-governance systems.

INDEX TERMS public opinion polarization,dynamic graph convolutional network,heterogeneous tem-
poral network,signal propagation,transformer

I. INTRODUCTION

SOCIAL media has become the core digital arena for
young people to express social concerns and participate

in public discussions. Platforms such as Weibo and Zhihu,
with their instant interaction and algorithm recommendation
mechanisms, have greatly lowered the threshold for infor-
mation dissemination and opinion aggregation, but at the
same time, they have also given rise to negative phenomena
such as “information cocoons” and “echo chamber effects,”
causing the public opinion ecology to rapidly slide towards
emotional extremes and opinion opposition under specific
topics [1-2]. This polarization of public opinion not only
distorts the rational basis of public discussion, but also may
trigger online violence, group conflicts, and even offline
social risks [3-4].

This article proposes a spatiotemporal joint prediction
framework that integrates dynamic graph convolutional net-
works and gated recurrent units. The main contributions are
as follows:

(1) A heterogeneous temporal network representation
method for youth social media is constructed, which maps
the three entities of users, text posts, and topic tags into
dynamic heterogeneous composition snapshot sequences,
preserving the semantic and structural information of diverse

interactions.
(2) A multidimensional feature fusion strategy was de-

signed, incorporating BERT semantic embedding and ag-
gressive semantic intensity quantification, combined with
user behavior attributes, to enhance the model’s sensitivity
to early polarized weak signals.

(3) A dual-mode architecture of DyGCN-GRU was pro-
posed, which differentiated the modeling of neighborhood
interaction weights through a multi-head attention mecha-
nism, and utilized gated recurrent units to transfer polar-
ization evolution memory across windows, achieving joint
modeling of spatiotemporal propagation patterns.

(4) The polarization intensity sequence can be generated
by integrating three interpretable indicators, namely emo-
tional kurtosis, semantic variance, and community oppo-
sition density, and using Transformer decoder to predict
polarization risk, which has been effectively validated on
real datasets.

The organizational structure of this article is as follows: it
reviews the relevant work on polarization analysis of social
media public opinion and deep learning prediction methods;
This article elaborates on the complete method flow of
constructing heterogeneous temporal networks, extracting
multidimensional features, dynamically modeling DyGCN-
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GRU, and predicting Transformer decoders; This article
validates the performance of the model through comparative
experiments, ablation experiments, and sensitivity analysis,
summarizes the entire text, and looks forward to future
research directions.

II. RELATED WORK
As social media gradually becomes the core field for
emotional expression and viewpoint collision among young
people, the problem of information fragmentation and algo-
rithmic amplification driven polarization of public opinion
is becoming increasingly severe [5]. Juditha [6] classified
user generated content into emotional categories and an-
alyzed the interaction patterns between different opinion
groups. Javed and Javed [7] integrated relevant theories and
empirical research from communication, political science,
and computer science to construct a mechanism model of
how algorithms influence public opinion. Prabayanti and
Nabilah [8] explored how digital cultural practices reflect the
specific emotions and demands of young Indonesians, and
analyzed the phenomenon of public opinion polarization it
has triggered. Ashraf et al. [9] explored how the design and
dissemination mechanisms of social media platforms not
only shape public opinion, but also promote the formation
of political polarization. Siddique and Tariq [10] conducted
a comparative analysis of the differences between social
media and traditional media in shaping public opinion and
their impact on the democratic process.

The massive unstructured data generated by social media
contains rich information on public sentiment and market
trends. Choudhary [11] used sentiment analysis algorithms
based on natural language processing and machine learning
to process, classify, and mine trends in text data from social
media. Swastiningsih et al. [12] pointed out that digital
media such as social media far exceed traditional media in
terms of information dissemination speed, interactivity, and
personalization, but they are also more prone to information
fragmentation and emotionalization as a result. Petrova and
Tapsoba [13] proposed combining media data analysis and
public opinion monitoring for early warning and dynamic
prediction of conflicts. The popularity of public opinion
generated by social media platforms such as Weibo is highly
dynamic and complex. Jiang et al. [14] proposed a Weibo
public opinion popularity analysis and prediction model that
integrates BERT model and X-means algorithm. Peng and
Wang [15] fine tuned the GPT-3 model to generate text
content that matches social platform features, and combined
BERT and LSTM models to perform sentiment analysis
and temporal modeling prediction on the generated text
and real data. The existing work focuses on the identifi-
cation or post attribution of polarization phenomena, lack-
ing operable prediction mechanisms for future short-term
windows. This article constructs a heterogeneous temporal
network to dynamically represent the diverse interactions
between users, text, and topic tags. The DyGCN-GRU dual-
mode architecture is introduced to collaboratively capture

spatiotemporal propagation patterns, and multidimensional
polarization tendency indicators are integrated to achieve
risk probability output for future windows.

III. METHOD
This study collected 14 hot topics that sparked widespread
discussions on Weibo and Zhihu platforms from January
2024 to June 2025, covering multiple fields such as social
livelihood, cultural and entertainment hotspots, and techno-
logical controversies. The raw data was obtained through
the platform’s public API, and after deduplication, desensi-
tization, and filtering of invalid accounts, a total of 286000
active users and 3.3 million valid interaction records (includ-
ing original posts, comments, shares, and references) were
retained. Each event is divided into continuous windows in
chronological order, with the first 80% of the windows used
for training, 10% for validation, and 10% for testing.

A. CONSTRUCTION OF HETEROGENEOUS TEMPORAL
NETWORKS AND WINDOW SEGMENTATION
In response to the instantaneous and high-frequency char-
acteristics of youth social media interaction, the system
performs graph mapping based on Weibo and Zhihu data. To
mitigate cross-platform common-sense bias, we introduce
a platform-specific embedding layer Ep to account for
the inherent differences in discourse styles (e.g., the emo-
tional volatility of Weibo vs. the structured argumentation
of Zhihu). This ensures that the heterogeneous temporal
network preserves platform-specific interaction logic while
modeling global polarization trends [16-17]. The network
node set is defined as three entities: users, text posts, and
topic tags, while the edge set covers forwarding, comment-
ing, mentioning, and semantic similarity associations be-
tween texts. The definition of heterogeneous timing diagram
structure is:

Gt = (V, Et, ϕ, ψ). (1)

Gt is the heterogeneous timing diagram within the
time window t; V is a set of nodes; Et is the set
of edges within the time window t; ϕ : V →
{user, post, hashtag} is the node type mapping function;
ψ : Et → {retweet, comment,mention, similarity} is an
edge type mapping function. To capture weak signals during
the budding stage of public opinion, a fixed-step sliding
window with a granularity of ∆t = 5 minutes is used to
discretize the interaction flow. This granularity ensures that
the “burstiness” of youth interactions is captured without
over-smoothing, thereby providing a logical basis for the
11.3-minute lead time by allowing the model to detect shifts
across at least two prior windows before a peak occurs. The
time interval covered by the kth time window is:

Wk = [t0 + (k − 1)∆t, t0 + k∆t), ∆t = 5 min. (2)
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t0 is the starting time; ∆t is the window step size. Within
each time window, the establishment of interactive relation-
ships follows strict temporal logic, which only preserves
the evolutionary contributions of the current window and
historical windows to the current state. For cross window
long-range dependencies, maintaining a global node index
table ensures consistency in the identification of the same
user across different time windows. In the preprocessing
stage, a deep first search algorithm is used to identify and
eliminate meaningless zombie account nodes, retaining only
active entities that have generated at least one effective
interaction during the observation period [18].

Through the above method, the original social communi-
cation is transformed into a series of heterogeneous graph
snapshots with spatiotemporal topological properties. Table
1 shows the statistical characteristics of 14 hot topic event
data after window segmentation.

Figure 1 shows the evolution heatmap of the emotional
polarity distribution of a hot topic event within a continuous
time window. From the graph, it can be observed that in the
early stages of the event outbreak (windows 1-6), emotional
polarity exhibits a relatively dispersed distribution pattern;
As the discussion deepens (window 7-15), positive and neg-
ative emotions gradually gather towards both ends, forming
a bimodal pattern; From window 16-20, the expression of
emotions in the middle position significantly decreased, and
a polarization trend was initially formed. This evolutionary
pattern provides a visual basis for subsequent quantification
of polarization intensity [19].

B. MULTIDIMENSIONAL FEATURE EXTRACTION AND
STATE MAPPING
The feature extraction module is divided into two paral-
lel branches: semantic feature vectorization and behavioral
attribute discretization. To tailor the model to the youth de-
mographic, the semantic branch integrates a custom lexicon
of youth-specific internet slang and meme-based sentiment
weights, which are often precursors to polarization in this
group. Additionally, we incorporate “reply-to-post” ratios as
a behavioral attribute to reflect the high-frequency interac-
tion habits characteristic of younger users on Weibo and
Zhihu. At the semantic level, the pre-trained BERT base
model is called to embed 768 dimensional features into
each interactive text, followed by the insertion of a Softmax
regression layer with 128 hidden neurons to calculate the
probability distribution of sentiment polarity [20-21]. The
distribution is:

q = Softmax(Ws · BERT(x) + bs). (3)

q is the probability distribution vector of emotional polar-
ity; Ws is the fully connected layer weight matrix; x is the
input text; bs is the bias term. The intensity of aggressive
semantics is quantified by trained irony and hate speech
detectors, which output scalar values between 0 and 1, de-
noted as stox. At the level of behavioral characteristics, the

system automatically calculates the user’s posting frequency
f , average reply response delay d, and the structural density
of the attention list κ within the current window. After layer
normalization, all features are fused into node initial state
vectors through concatenation operators:

h(0)v = Concat (q, stox,LayerNorm([f, d, κ])) . (4)

h
(0)
v is the initial state vector of node v; f is the frequency

of user posts; d is the average reply response delay; κ
is the density of the attention list structure. This vector
not only contains the instantaneous emotional intensity
expressed by the youth group, but also implicitly expresses
the level of user activity in the social relationship chain. This
high-dimensional feature representation method ensures that
the model can capture subtle psychological changes and
social preferences of young users in specific topics, thereby
enhancing the model’s sensitivity to early polarization risk
perception [22-23].

C. DYGCN-GRU DYNAMIC INTERACTION
PROPAGATION MODELING
The core of dynamic evolutionary modeling lies in alter-
nating the execution of spatial convolution and temporal
cyclic updates. On the spatial dimension, the Dynamic
Graph Convolutional Network (DyGCN) adopts a three-
layer stacked structure, with each layer embedded with a
multi-head attention mechanism. The number of attention
heads is set to 8, and differential modeling of polarization
propagation paths is achieved by calculating the attention
weights of different interaction types (such as support,
opposition, and reference) between neighboring nodes [24].
The attention coefficient of node v to neighbor u in layer l
is:

α(l)
v,u =

exp
(
LeakyReLU

(
aT

[
W (l)h

(l−1)
v ∥W (l)h

(l−1)
u

]))
∑

k∈N(v) exp
(
LeakyReLU

(
aT

[
W (l)h

(l−1)
v ∥W (l)h

(l−1)
k

])) .
(5)

α
(l)
v,u is the attention coefficient of node v to neighboring

node u in the l-th layer; a is the learnable parameter vector
of the attention mechanism; The superscript T is transposed;
W (l) is the weight matrix of the l-th layer; h(l−1)

v and
h
(l−1)
u are the eigenvectors of nodes v and u in the l − 1st

layer, respectively; N(v) is the set of neighboring nodes
of node v. The spatially aggregated features are fed into
a dual layer gated recurrent unit (GRU), whose hidden
layer dimension is consistent with the input vector, for
transmitting and updating the temporal memory of nodes.
The update mechanism of GRU is:

zt = σ(Wzut + Uzst−1 + bz). (6)

zt is the update gate vector; σ is the sigmoid function; Wz

and Uz are weight matrices; ut is the input of the current
time step (i.e. the node features after spatial aggregation);
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TABLE 1. Statistical Characteristics of Heterogeneous Time Series Diagrams after Sliding Window Segmentation

Indicator Mean Std Dev Min Max

Number of nodes per window 1,247 386 412 2,893
Number of edges per window 5,831 1,724 1,856 13,427
Proportion of user nodes 68.3% 5.2% 57.1% 76.8%
Proportion of post nodes 26.5% 4.8% 18.3% 35.2%
Proportion of hashtag nodes 5.2% 1.3% 2.6% 7.9%

FIGURE 1. Evolution of emotional polarity distribution

st−1 is the hidden state of the previous time step; bz is the
bias term.

rt = σ(Wrut + Urst−1 + br). (7)

rt is the reset gate vector; Wr and Ur are weight matrices;
br is the bias term.

s̃t = tanh(Whut + Uh(rt ⊙ st−1) + bh). (8)

s̃t is a candidate hidden state; Wh and Uh are weight
matrices; bh is the bias term.

st = (1− zt)⊙ st−1 + zt ⊙ s̃t. (9)

st is the final hidden state of the current time step. The
introduction of GRU enables the model to remember the
polarization trend in the preceding window and smooth out
the burst interactions in the current window. In each layer
of computation, the dropout rate is set to 0.3 to prevent
overfitting, and the learning rate is dynamically adjusted
using the cosine annealing algorithm. This spatiotemporal
collaborative architecture can accurately depict how young
people form opinion clusters through interaction in a short

period of time, and achieve exponential diffusion of polar-
ized emotions in complex network structures [25-26]. Figure
2 shows the variation curves of training loss and validation
loss with epochs.

The training loss and validation loss decrease rapidly in
the first 15 epochs, followed by a slower and more stable
decline rate; The validation accuracy steadily increased from
the initial 51.2% to 91.5%, indicating that DyGCN-GRU can
effectively learn polarization propagation patterns from time
series diagrams and has good generalization ability.

D. POLARIZATION TENDENCY INDEX FUSION AND
SEQUENCE GENERATION
After obtaining the spatiotemporal feature representation of
the nodes, the system quantifies the polarization state of the
subgraph through three physical indicators. Firstly, calculate
the kurtosis of the emotional distribution to measure whether
opinions are highly concentrated towards extreme poles:

Kurt =
1
N

∑N
i=1(pi − p̄)4(

1
N

∑N
i=1(pi − p̄)2

)2 − 3. (10)

pi is the sentiment polarity value of the i-th sample; p̄ is
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FIGURE 2. Training Process Performance

the mean of emotional polarity. Next, calculate the semantic
variance (V arsem) to reflect the degree of loss of viewpoint
diversity. Within the context of youth discourse, V arsem is
defined as the statistical dispersion of BERT-based semantic
vectors representing youth subculture keywords and slang.
A decreasing V arsem indicates “semantic homogenization,”
where diverse expressions collapse into repetitive polarized
slogans, mathematically represented as the average squared
Euclidean distance between node embeddings:

V arsem =
1

M

∑
i<j

(
∥hi − hj∥2 − d̄

)2
. (11)

M is the number of node pairs; hi and hj are the
eigenvectors of nodes i and j, respectively; d̄ is the average
semantic distance between all nodes. Finally, potential op-
posing clusters are identified through community discovery
algorithms, and the ratio of inter cluster edge density to intra
cluster edge density is calculated:

R =
ρinter
ρintra

=
|Einter|/(|Cinter|)
|Eintra|/(|Cintra|)

. (12)

R is the ratio of inter cluster edge density to intra cluster
edge density; ρinter and ρintra are the inter cluster and intra
cluster edge densities, respectively; |Einter| is the number of
edges between clusters; |Cinter| is the number of possible
connections between clusters; |Eintra| is the number of
edges within the cluster; |Cintra| is the number of possible
connections within the cluster. These three indicators form
a three-dimensional evaluation vector, which is then con-
nected to a fully connected layer containing 256 neurons.
Nonlinear fusion is performed using the ReLU activation
function, and finally mapped to a continuous polarization
intensity scalar Pt. As the time window slides, the system
automatically generates a polarization intensity sequence
{P1, P2, . . . , PT }. As a macroscopic representation of polar-
ization evolution, this sequence effectively shields redundant
noise from underlying interactions and compresses complex

topological changes into dynamic curves with temporal cor-
relations. This logical closed loop enhances the interpretabil-
ity of polarization evaluation. Specifically, to distinguish
structural polarization from transient intense debates, we
define polarization as the convergence of high sentiment
kurtosis (ideological extremity) and high community op-
position density (structural fragmentation). Unlike general
debates where viewpoints may overlap, our model triggers
a polarization warning only when the semantic variance
exceeds a sociologically-grounded threshold of 0.65, indi-
cating a breakdown in cross-cluster communication. This
significantly enhances the quantification accuracy of the
state evaluation [27-28].

E. TRANSFORMER PREDICTION DECODER AND
WARNING OPTIMIZATION
The sequence prediction stage adopts a decoder model
based on Transformer architecture. The model receives the
polarization intensity sequence of the first 6 time windows
(30 minutes in total) as encoding input, and uses self
attention mechanism to capture the nonlinear fluctuation
patterns inside the sequence [29-30]. The decoder directly
outputs the polarization probability values ŷT+1:T+2 for the
next 2 windows (i.e. the next 10 minutes) through causal
mask control. To ensure objective supervision, we define
“Polarization Risk” as a tri-level gradient rather than a
binary state: Level I (Low, Pt < 0.4), representing normal
debate; Level II (Moderate, 0.4 ≤ Pt ≤ 0.7), signaling
emerging echo chambers; and Level III (High, Pt ≥ 0.7),
defined as a “risk event” where community opposition
density exceeds structural stability, necessitating algorithmic
intervention. Samples were labeled based on these historical
intensity thresholds to train the risk classifier. To solve the
problem of uneven distribution of polarized samples, the loss
function adopts weighted cross entropy, setting the penalty
weight of moderately polarized samples to 1.5 times that
of low polarized samples. Weighted cross entropy loss is
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defined as:

(13)

L is the value of the weighted cross entropy loss function;
wyi is the weight corresponding to the real category yi; ŷi is
the probability that the i-th sample predicted by the model
belongs to that category. The number of layers in the Trans-
former is set to 4, and the dimension of the forward feedback
network is 512. During the training process, the Adam opti-
mizer is used for parameter updates, with an initial learning
rate set at 1e-4. This decoder no longer relies on complex
regression assumptions, but learns the premonitory features
of polarization bursts through the evolutionary trajectories of
massive historical events, thereby providing high confidence
warning prediction values during the golden window period
before the polarization phenomenon is officially formed
[31]. Table 2 presents the polarization intensity grading
criteria and corresponding sample distribution and weight
settings.

IV. RESULTS AND DISCUSSION
A. PREDICTIVE PERFORMANCE ANALYSIS
To verify the effectiveness of the DyGCN-GRU combined
with Transformer decoder (hereinafter referred to as “this
model”) proposed in this article in predicting the polar-
ization of youth social media public opinion, four baseline
models were selected for comparative experiments: ARIMA
(differential order=1, autoregressive order=2, moving aver-
age order=2), LSTM (hidden layer 128 dimensions, dropout
rate 0.2, learning rate 1e-3), ST-GCN (spatial convolution
layer 3, temporal convolution kernel size 3), and linear
regression. All models were run under the same train-
ing/validation/test set partitioning, and the average of 5
rounds of cross validation was taken as the final result. Table
3 summarizes the quantitative performance of each model
on the above indicators.

Compared to the suboptimal ST-GCN, the F1 score of
this model improved by 16.6% (from 0.785 to 0.915), the
warning advance increased by 2.8 minutes, and the MAE
and RMSE decreased by 41.6% and 39.3%, respectively.
Traditional time series models ARIMA and linear regres-
sion lack the ability to model the topology and nonlinear
interactions of social networks, resulting in large prediction
errors in the polarization intensity transition window and
warning lead times generally less than 5 minutes. LSTM
can capture long-term dependencies, but is not sensitive to
graph structure information. Its F1 score and warning lead
are between traditional models and graph neural network
models. ST-GCN introduces spatial convolution to further
improve performance, but has not yet been specifically
designed for attention differentiation and emotional kurtosis
in polarized propagation. This model effectively identifies
the formation of early polarization clusters through the
multi-head attention mechanism of DyGCN and dynamic

updates of GRU, combined with polarization tendency fu-
sion indicators, thereby achieving earlier and more accurate
early warning.

This article extracted F1 score fine-grained data from
different polarization levels of each model on the test set,
as shown in Figure 3.

Figure 3 reveals a common pattern: the F1 score of all
models in high polarization scenarios is lower than that in
low polarization scenarios, indicating that the deeper the
polarization degree, the greater the difficulty of prediction.
However, this model achieved 0.851 under difficult high
polarization conditions, while ST-GCN was only 0.672, in-
dicating that the proposed method has stronger robustness to
extreme polarization states. In addition, the linear regression
model’s F1 score dropped to 0.412 under high polarization,
almost losing its predictive ability, once again confirming
that relying solely on linear assumptions is not sufficient for
the nonlinear evolution prediction task of public opinion.

B. ABLATION EXPERIMENT
On the test set, DyGCN was removed sequentially (replaced
with a regular GCN), BERT features (replaced with TF
IDF), multi-head attention (replaced with average pooling),
and GRU (only static GCN was retained). The training was
conducted for 50 epochs with a fixed window step size of
5 minutes. The performance of each variant was recorded
as shown in Table 4 below.

The complete model significantly outperforms all ablation
variants in all indicators. After removing DyGCN, F1 score
decreased by 10.3% and warning advance decreased by
2.6 minutes, indicating that dynamic graph convolution is
crucial for capturing polarization propagation paths. The re-
moval of BERT features resulted in the largest performance
degradation (a 13.2% decrease in F1 score), indicating that
semantic embedding is essential for early recognition of
sentiment polarity. After removing the multi-head attention
mechanism, the model still retains some spatial aggregation
ability, but the F1 score drops to 0.858, confirming that
differentiated neighborhood weight allocation can effec-
tively suppress noise interference. After retaining only static
GCN and removing GRU, the model lost cross window
temporal memory, and the warning advance was reduced
to 7.2 minutes, further demonstrating the core role of
temporal cycle updates in predicting polarization evolution.
Each module collaborates with each other to support the
superior performance of the model in high accuracy and
early warning.

C. SENSITIVITY ANALYSIS
This article sets three different sliding window granularities:
1 min, 5 min (default), and 15 min. Other hyperparam-
eters (DyGCN GRU structure, BERT features, multi-head
attention, etc.) can be fixed and subjected to 5 rounds of
cross validation on the test set. Table 5 summarizes the key
performance indicators (mean ± standard deviation) of the
model on the test set at different time granularities.
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TABLE 2. Polarization Intensity Grading and Loss Weight

Polarization Level Intensity Range Sample Proportion Loss Weight

Low Polarization [0, 0.4) 58.3% 1.0
Moderate Polarization [0.4, 0.7) 34.1% 1.5
High Polarization [0.7, 1.0] 7.6% 2.0

TABLE 3. Performance Comparison of Different Models

Model F1-score MAE RMSE Early Warning Lead Time (min)

ARIMA 0.624 0.157 0.203 4.2
LSTM 0.713 0.112 0.146 6.8
ST-GCN 0.785 0.089 0.112 8.5
Linear Regression 0.587 0.178 0.231 3.1
Proposed 0.915 0.052 0.068 11.3

FIGURE 3. F1 score at different polarization levels

TABLE 4. Ablation Experiment Comparison Results

Model Variant F1-score MAE RMSE Early Warning Lead Time (min)

Proposed (full) 0.915 0.052 0.068 11.3
w/o DyGCN (replace with GCN) 0.821 0.097 0.126 8.7
w/o BERT features (use TF-IDF) 0.794 0.112 0.143 7.9
w/o Multi-head Attention (avg pooling) 0.858 0.078 0.101 9.5
w/o GRU (static GCN only) 0.802 0.105 0.134 7.2

TABLE 5. Model performance at different time granularities

Time Granularity F1-score MAE RMSE Early Warning Lead Time (min)

1 min 0.928± 0.012 0.047± 0.005 0.061± 0.004 8.6± 0.8

5 min 0.915± 0.009 0.052± 0.004 0.068± 0.005 11.3± 0.6

15 min 0.874± 0.015 0.073± 0.007 0.094± 0.008 10.5± 0.9

From Table 5, it can be seen that the 1-minute granular- ity achieved the highest F1 score (0.928) and the lowest
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MAE/RMSE, but its warning advance was significantly
lower than that of the 5-minute granularity (only 8.6 min-
utes). This is because the overly narrow time window
captures a large amount of instantaneous interactive noise.
Although the model has higher fitting accuracy for polar-
ization states, it needs to accumulate enough continuous
windows to form a stable polarization trend judgment,
resulting in a relatively late warning triggering time. The
F1 score of 5-minute granularity is slightly lower than that
of 1-minute granularity (0.915 vs 0.928), but the warning
advance reaches 11.3 minutes, about 2.7 minutes earlier than
that of 1-minute granularity, while maintaining a low level
of error (MAE=0.052). Although the 15 minute granularity
reduces computational overhead, due to the coarse window,
the key transient features of polarization germination are
lost, resulting in a decrease in F1 score to 0.874, a significant
increase in MAE/RMSE, and a reduction in early warning.
Taking into account both accuracy and timeliness, 5 minutes
is the optimal time granularity.

V. CONCLUSION
This article proposes an end-to-end prediction framework
that integrates heterogeneous temporal networks, DyGCN-
GRU dynamic propagation modeling, and Transformer de-
coders to address the early prediction challenges of polariza-
tion in youth social media public opinion. This framework
achieves high-precision early warning of polarization risks.
However, this study still has certain limitations: The data
sources are limited to Weibo and Zhihu platforms, and
may overlook polarization patterns in other social media
platforms; The computational complexity of the model is
high, and real-time deployment still needs to be optimized.
Future work can explore cross platform heterogeneous data
fusion and lightweight graph neural network architecture,
and introduce causal inference methods to reveal the deep
driving mechanisms of polarization bursts, further enhanc-
ing the interpretability and generalization ability of early
warning.
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