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ABSTRACT — Rumors and low-reliability sources spread very quickly on social media and can have serious impacts on society.
Many existing methods rely heavily on textual content or static propagation structures, thus limiting their ability to capture
the dynamic interaction between information and users over time. In this study, we propose MTF-GCN, a multi-perspective
time-based consolidation model for rumor detection and information verification at the document level. Each event is
represented by two dynamic graphs: (i) propagation graphs constructed from reply and reshare relationships, and (ii) user
graphs based on profile and interaction characteristics. The diffusion process is divided into three time phases of early,
intermediate, and late, which are then processed using graph convolution layers and synthesized through a compact time-
consolidation mechanism. The representations obtained from the propagation branch and the user branch are further
combined to perform binary classification. Experiments on Weibo, Pheme, and ReCOVery datasets showed that MTF-GCN
achieved high accuracy (97.75%, 95.22%, and 93.10%, respectively) and was particularly strong in recalling untrusted
content. These results suggest that multi-perspective spatio-temporal modeling, combined with a simple time-based
consolidation mechanism, is effective and suitable for early-warning and misinformation-monitoring systems.

Keywords — Rumor detection, fact-checking, social media, graph neural networks, multiview spatio-temporal modeling, user
interaction

I. INTRODUCTION

Social media has become the main channel for receiving and sharing information, but at the same time, it has also
increased the speed of spreading rumors and unreliable sources. Misinformation can distort public opinion, erode
public trust, and lead to serious consequences in sensitive contexts such as crises or elections. Therefore,
automatically detecting rumors and assessing the credibility of news remains an important but challenging task,
because text on social networks is often short, noisy, and very diverse in expression, making it difficult for models,
based only on content, to fully capture the context. Recent studies show that authenticity is not only determined
by content, but also reflected in how information spreads and how users interact with it. The structure and pacing
of responses, reshares, and comments indicate whether an assertion is being passively amplified or actively
debated. Graph-based models, which represent events through propagation trees and user engagement networks,
have proven highly effective in detecting rumors, especially when integrating spatio-temporal perspectives.
However, most existing methods are focused on microblog data and rely on static graphs or complex consolidation
mechanisms, which limit their applicability for assessing the reliability of news at the document level. This
motivates the need for a simpler and more unified framework that can model the temporal evolution of both
information propagation and user behavior.

In this work, we propose MTF-GCN (Multiview Temporal Fusion Graph Convolutional Network), which represents
each event using two dynamic graphs, one for message propagation and one for user interactions, segments the
diffusion process into temporal stages, and integrates them through a lightweight fusion mechanism in a shared
latent space. Experiments on Weibo, Pheme, and ReCOVery show that MTF-GCN achieves competitive or state-of-
the-art performance, with particularly high recall on unreliable content, making it well-suited for early warning
in misinformation monitoring systems.

II. RELATED WORK

A. CONTENT-BASED RUMOR DETECTION

Early work on rumor detection framed the task as text classification at the post- or event-level, relying on hand-
crafted linguistic features such as n-grams, sentiment cues, punctuation patterns, and simple engagement
statistics, combined with conventional classifiers (e.g., SVMs, logistic regression, and random forests). While some
studies considered temporal variations in textual features, these approaches largely relied on manual feature
design and provided limited contextual modeling [1], [2].

With the rise of deep learning, later methods moved toward direct content encoding using convolutional and
recurrent neural networks. CNN models are capable of capturing local patterns in short text, while RNNs and


mailto:suongtpm@huflit.edu.vn

Tieu Phung Mai Suong, Nguyen Thi Thuy A 55

LSTMs model sequential dependencies [3], often augmented by attention mechanisms to highlight words related
to authenticity. These models reduce the effort of manual feature extraction and work efficiently when there is
enough labeling data. However, due to their primari focus on textual content, they fail to articulate the viral
dynamics and user behavior — factors that play a central role in the spread of rumors on social media.

B. PROPAGATION-BASED AND SPATIO-TEMPORAL MODELS

To overcome the limitations of content-only models, a second research direction integrated the propagation
structure and information over time. Ma et al. (IJCAI 2016) approached rumor detection as a chain-layering
problem [4], in which social contextual features are gradually synthesized over time and modeled using
regression neural networks, enabling early detection even when only part of the propagation process is observed.
Building on this formulation, Song et al. further explored credibility-aware early detection [5], explicitly
optimizing model performance under limited visibility of the propagation process. Another prominent direction
represents rumor events as propagation trees or graphs. Early work employed recursive neural networks [6] to
model parent-child relations in reply trees, allowing both bottom-up and top-down information flow. More
recently, graph neural networks such as BiGCN [7] have been applied to propagation structures, capturing
directional diffusion patterns and yielding consistent improvements over flat sequence-based approaches.
Subsequent studies extend this paradigm by incorporating edge directions, timestamps, or continuous-time
diffusion dynamics to better model structural and temporal dependencies [8]. Despite their effectiveness, many
propagation-based methods treat users as anonymous nodes and do not explicitly model user attributes or
interaction behaviors. Moreover, most existing studies focus on microblog rumor detection, with limited
investigation into whether propagation-based modeling can generalize to document-level fact-checking or news
credibility assessment.

C. MULTIVIEW, USER-AWARE, AND KNOWLEDGE-ENHANCED MODELS

A subsequent research direction incorporates multiview modeling and explicit user information. Some methods
construct propagation graphs and user interaction graphs simultaneously, allowing event representations to
capture both information diffusion patterns and user behavioral characteristics. Architectures such as User-
Reply-GCN follow this paradigm, while multiview fusion frameworks integrate textual content, propagation
structure, and user features through attention- or gating-based mechanisms [9]. UMLARD is a representative
example that shows that systematic multiview fusion improves robustness across datasets. Knowledge-enhanced
methods further extend this line of work by incorporating external evidence or structured knowledge. Dual
dynamic graph models, such as DDGCN [10] and the multiview spatio-temporal framework MST [11], represent
each event using multiple evolving graphs, typically combining propagation-centric and user- or knowledge-
centric views, and have demonstrated strong performance in early rumor detection.

Inspired by these approaches, MTF-GCN adopts a simplified temporal fusion strategy and is designed to support
both rumor detection and news credibility assessment.

III. PROBLEM FORMULATION AND OVERVIEW OF MTF-GCN

A. PROBLEM DEFINITION

We consider a set of social media events E = {e, ..., e,}, where each event corresponds to a discussion thread
initiated by a root post and followed by subsequent responses. For an event e;, the root post and its replies are
characterized by their identifiers, authors, textual content, and timestamps. All posts associated with the same
event form a propagation tree that reflects how information spreads across the platform.

We focus on two closely related tasks. The first is rumor detection, where each event is labeled as either a rumor
or a non-rumor. The second is news credibility assessment, in each news article and its associated social context,
is labelled as reliable or unreliable. Although both problems use binary labels, the semantic meanings of these
labels are different. The goal is to learn a classifier that maps each event to its corresponding label by
simultaneously exploiting three sources of information: the text content, the structure and timing of propagation,
and the characteristics and user interactions, to achieve good generalization to unseen events.

B. OVERVIEW OF MTF-GCN

The MTF-GCN represents each event using two mutually complementary dynamic graphs and clearly models their
progression over time. The model framework comprises three stages: feature extraction, multi-perspective time-
graph learning, and event-level layering. In the feature extraction stage, posts are encoded into text embeddings,
while users are represented by dense vectors derived from profile attributes, forming node features for a
propagation graph and a user interaction graph. For each event, both graphs are constructed dynamically and
segmented into early, middle, and late diffusion stages. Graph convolutional layers are applied to each temporal
snapshot to learn view-specific representations, which are then aggregated by a lightweight temporal fusion
module. Finally, the fused propagation and user representations are concatenated and passed through fully
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connected layers to produce classification scores. By jointly modeling content, propagation dynamics, and user
behavior over time, MTF-GCN provides a unified framework applicable to both rumor detection and document-
level news credibility assessment.
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Figure 1: Overall framework of the proposed MTF-GCN model

IV. FEATURE REPRESENTATION

A. TEXTUAL FEATURE EXTRACTION

For each event, the textual content of posts provides the primary semantic signal. The root post is encoded with
a transformer-based language model that maps the input text to a dense sentence-level embedding. This
representation is then projected into a lower-dimensional space to facilitate integration with other graph features.
Response posts are encoded similarly when text is available, using the same preprocessing pipeline. For extremely
short or missing content, a fallback representation, such as the root embedding or a default vector, is used to
ensure feature consistency across nodes. Optionally, response representations are enriched with averaged word-
level embeddings to better capture local lexical cues in short messages. As a result, every post in the event is
represented by a compact semantic vector, which constitutes the textual component of node features used in the
propagation view of the model.

B. USER FEATURE EXTRACTION

Beyond textual content, user profiles provide useful signals about an account’s tendency to spread reliable or
unreliable information. For each user involved in an event, we extract a compact set of numerical and binary
attributes that summarize social connectivity, account status, and basic profile characteristics, such as account
age and activity indicators. Since these attributes vary in scale and distribution, simple preprocessing is applied.
Count-based features are log-scaled to reduce the influence of outliers, and all features are normalized before
being concatenated into a single user feature vector. This vector is then linearly projected into the same latent
space as the textual embeddings. The resulting user representations capture general signals of behavior and
status and are used to characterize nodes in user interaction graphs.

C. COMBINED NODE INITIALIZATION

The dynamic graphs in MTF-GCN use these two types of characteristics in a mutually complementary way. In the
propagation graph, each node corresponds to a post in the event and is initialized using semantic embedding
obtained from the text encoder. This representation emphasizes the connection between the messages as well as
the change of content as the discussion progresses over time. In the user graph, nodes are aligned with the same
set of posts, but the features attached to them come from the projected user profiles, reflecting who is
participating rather than what is being said. For the root post, we keep its semantic representation available not
only as the node feature in the propagation graph but also as a separate global descriptor of the event. This vector
can later be injected into deeper layers of the network, for example by concatenation with intermediate node
states, so that the influence of the original claim remains accessible throughout the graph convolution process. By
initializing nodes in this way, MTF-GCN starts from a rich joint representation in which textual content and user
characteristics are clearly separated yet easily combinable during subsequent multiview temporal learning.
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V. DYNAMIC GRAPH CONSTRUCTION

A. TEMPORAL SEGMENTATION INTO STATES

An event is not only a static tree of posts but also a process that evolves over time. To capture this temporal
dimension, we divide each event into three consecutive states based on its posting time. The duration of the event
is determined from the original post to the final response, which is then divided evenly into three segments: the
early stage (from the original post to one-third of the duration), the intermediate stage (from one-third to two-
thirds of the duration), and the late stage (from two-thirds to the end).

For each time period, we construct a corresponding sub-event that includes only posts that appear during that
period. The early state reflects the initial reactions to the information given, the intermediate state captures how
the discussion develops as the event gains attention, and the late state represents the end of the exchange, which
may include corrections, confirmation or deterioration of interest levels. This segmentation creates three
"snapshots"” of the same event, each differing in the posts and links triggered at each stage.

B. PROPAGATION GRAPH CONSTRUCTION

In the propagation view, each event is represented as a graph, where the nodes correspond to the posts in the
discussion stream, including the original post and all responses. The edges encode the reply and re-share
relationships between posts, and are treated as scalar edges. Self-loops are added to all nodes so that each post
can preserve its own information during graph convolution. This propagation graph is instantiated across the
three temporal states defined earlier. For each state, only posts whose timestamps fall within the corresponding
time interval, along with the edges between them, are retained, yielding three propagation graphs for the early,
middle, and late stages of the event. To enable efficient batch training, very large events are truncated and smaller
ones are padded to a fixed maximum number of nodes at the indexing stage, while preserving the temporal
structure. As a result, the model operates on a dynamic propagation graph evolving over three discrete snapshots,
while remaining compatible with standard graph neural network operations.

C. USER INTERACTION GRAPH CONSTRUCTION

In parallel with the viral perspective, we build a second dynamic graph that focuses on user information. The user
interaction graph uses the same node structure as the propagation graph, so each node still corresponds to a post
in the event, but is tied to a user embedding that is inferred from the author's profile attributes. The edges in the
user graph are inherited from reply and re-share relationships between posts, reflecting the interaction between
the respective authors.

The same three-phase time segmentation is applied, creating user graphs for the early, intermediate, and late
stages. By aligning the node set and time segment between the two views, the model maintains a common
structural framework, and allows the propagation graph and user graph to encode complementary information
sources to each other, thereby supporting multi-perspective time representation learning.

VI. MULTIVIEW TEMPORAL GRAPH LEARNING WITH MTF-GCN

A. DUAL GRAPH CONVOLUTIONAL LAYERS

After constructing the dynamic propagation and user graphs for each temporal state, MTF-GCN applies graph
convolutional layers to update node representations in both views. For each state, we use a two-layer graph
convolution module with non-linear activations, residual connections, and explicit access to the root post
representationln the propagation graph, the nodes are initialized using the semantic features obtained from the
text encoder, whereas in the user graph, they carry profile-based features. The first graph convolution synthesizes
information from neighboring nodes to create intermediate representations. The root post representation is then
broadcast to all nodes and concatenated with these intermediate features, allowing each node to combine local
neighborhood information with a global event context. A second convolution is then applied to the concatenated
features, followed by a residual mapping to the projected input. Leaky ReLU and dropout are used for non-
linearity and regularization, with batch normalization optionally applied to stabilize training.

This module is applied identically to both the propagation and user graphs at each temporal segment, yielding
refined node representations that capture local structural patterns and a global, root-anchored view of the event.

B. TEMPORAL FUSION VIA CONCATENATION

For each viewpoint, the previous stage produces three episodes of node representations corresponding to early,
intermediate, and late states. The MTF-GCN combines these representations into a single representation that
summarizes the progression over time of the event. Instead of using a complex cross-attention mechanism, we
adopt a simple time-fused module based on concatenation and linear transformations.
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Specifically, the representations in each time state are first projected through separate linear layers to return to
the same comparable space. The resulting embedding is then joined in the characteristic direction and passed
through a final linear layer, followed by the activation function. This approach creates a compact unified
performance that both captures the differences between time periods and is easy to optimize during the training
process.

Compared to the multi-head attention mechanism, this concatenation-based fusion method has a lighter
structure, uses fewer parameters, and avoids the fine-tuning of attention-specific hyperparameters. Despite its
simplicity, the method is expressive enough to capture the critical temporal dynamics needed to distinguish fast-
escalating events from those that develop more slowly or peak at a later stage.

C. DUAL-VIEW FUSION AND CLASSIFICATION HEAD

After consolidation over time, each event is represented by two fixed-size vectors, summarizing the evolution
over time of the propagation graph and the user interaction graph. For each view, mean pooling on nodes is
applied to achieve event-level embedding, which reduces local noise while preserving global patterns of structure
and activity.

The propagation and user-level embedding are then concatenated and fed into a compact feed-forward layer of
two fully connected layers. The first layer performs nonlinear transformation in combination with dropout,
allowing interaction between features from two perspectives. The second layer maps the hidden representation
to two output scores, which are then converted into predicted probabilities via a softmax function.

The same layer head is shared for different math tasks. For Weibo [1] and Pheme [6], the outputs correspond to
rumored and non-rumored events, while for ReCOVery [12], they represent unreliable and credible news. Because
the architecture does not depend on the specific semantics of the label, MTF-GCN can be easily applied to many
different datasets, thereby demonstrating the flexibility of a unified model framework for misinformation
detection.

VII. EXPERIMENTAL SETUP

A. DATASETS

We evaluate MTF-GCN on three datasets covering both rumor detection and news reliability assessments. Weibo
[1], a Chinese microblog benchmark, contains 4,664 events (2,313 rumors and 2,351 non-rumors), each consisting
of a source post and its replies and reposts, with about 800 posts per event on average. Pheme [6] is an English
Twitter dataset of breaking-news discussions, including 297 rumor threads with 4,519 tweets in total (around 15
tweets per event), and is used in a standard binary rumor detection setting. ReCOVery [12] focuses on COVID-19
news credibility and comprises 2,029 English news articles labeled as reliable or unreliable, together with
140,820 related tweets; in this dataset, each article is treated as an event, making it a document-level fact-
checking task.

Table 1. Summary of datasets used in the experiments

Dataset Domain Language | Task Instances El(;ssl:we Avg. context size

Weibo [1] Microblog Chinese Rumor 4,664 Rumor ~ 816 posts
detection

Pheme [6] Microblog English Rumor 297* Rumor =~ 15 tweets
detection

ReCOVery [12] | News + Social | English News 2,029 Unreliable = 70 tweets
credibility

*Number of English rumor threads in the Pheme rumour scheme; non-rumor threads are added following
standard preprocessing.

B. IMPLEMENTATION DETAILS

For Weibo and Pheme, source posts and replies are parsed from the original JSON files, normalized, and grouped
by event. For ReCOVery, each news article is linked to its associated tweets via URLs and treated as a single event.
Posts are ordered chronologically, with the number of nodes per event capped by truncating large events and
padding smaller ones while preserving temporal order. Missing user metadata is filled with default values.

Each dataset is split into training, validation, and test sets usinga 70/10/20 ratio. The model is trained with Adam,
a small learning rate, and weight decay for up to 20 epochs, with early stopping based on validation performance.
Batch size is set to a few hundred events. A shared configuration is used across experiments, with node
embeddings projected into a moderate-dimensional space and two graph convolutional layers applied in both
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propagation and user views. Dropout is used for regularization, and the text encoder is fine-tuned jointly with the
graph layers. Key hyperparameters are summarized in Table 2.

Table 2. Main hyperparameters of MTF-GCN

Hyperparameter Value

Text / user embedding size | 128
Hidden size in GCN layers 128
Number of GCN layers 3

Maximum nodes per event | 100

Dropout rate 0.2
Optimizer Adam
Learning rate 5x107°
Weight decay 1x107*
Batch size 256
Maximum epochs 20

Early stopping patience 5

Train / Val / Test split 0.7/01/0.2

VIII. RESULTS AND ANALYSIS

A. OVERALL PERFORMANCE ON RUMOR DETECTION

As shown in Table 3, MTF-GCN consistently outperforms DDGCN [10] on both Weibo and Pheme, with clear and
meaningful performance gaps. On Weibo, the improvement is moderate (around 2-3 percentage points),
indicating a stable gain even on a relatively well-structured dataset. Precision and recall remain closely aligned,
and F1 scores for the rumor and non-rumor classes are nearly symmetrical, suggesting minimal class bias. On
Pheme, the margin becomes substantially larger, with approximately 10 percentage points gains in both accuracy
and macro-F1 compared to DDGCN. This wider gap highlights MTF-GCN's greater robustness under noisier, more
heterogeneous conditions. Although a slight difference appears between rumor and non-rumor F1 on Pheme, the
imbalance remains limited and does not affect overall stability. The consistent gains across both datasets,
especially the larger improvement on Pheme, confirm the effectiveness of jointly modeling propagation dynamics
and user interactions within a unified temporal graph framework for rumor detection.

Table 3. Overall performance on Weibo and Pheme

Dataset | Model Accuracy | F1 Pre Recall F1 Non-rumor F1 Rumor
DDGCN [10] | 0.948 0950 | 0953 |0948 |- -

Weibo ?’(IIIES?CN 0.9775 09775 | 0.9775 | 09775 | 0.9775 0.9730
DDGCN [10] | 0.855 0.844 | 0846 | 0841 |- -

Pheme | MTF-GCN 0.9522 0.9485 | 0.9474 | 0.9496 | 0.9623 0.9348

(ours)

B. PERFORMANCE ON FACT-CHECKING

On the ReCOVery dataset, MTF-GCN demonstrates strong generalization in document-level verification. The
model achieves over 93% accuracy and above 92% macro-F1, demonstrating stable and competitive overall
performance. A class-wise analysis shows a clear but meaningful asymmetry. The Unreliable class reaches an F1
of around 95%, noticeably higher than the Reliable class (approximately 89%). This gap reflects a conservative
prediction bias, in which the model prioritizes detecting unreliable content. Such behavior is desirable in early-
warning or risk-sensitive scenarios, since overlooking unreliable information is typically more costly than issuing
false alarms.

Compared to SAFE [12], whose macro-F1 remains around 75%, MTF-GCN yields a substantial improvement -
nearly 17 percentage points in macro-F1 - along with consistent gains across both classes. This margin indicates
that integrating propagation dynamics and user-interaction modeling provides a clear advantage for document-
level information verification, positioning MTF-GCN as an effective filtering component in practical fact-checking
systems.
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Table 4. Overall performance on ReCOVery dataset

Model Reliable F1 | Unreliable F1 | macro-F1 | Accuracy
SAFE [12] 0.833 0.672 0.753 -
MTEF-GCN (Ours) | 0.8889 0.9500 0.9209 0.9310

IX. DISCUSSION

C. IMPACT OF TEMPORAL STATES AND GRAPH SIZE

MTF-GCN models the progression of events through three temporal states - early, intermediate, and late.
Combining all posts into a single static graph makes it impossible for the model to distinguish between events
with similar structures but different propagation rates, which in turn leads to poorer performance, especially in
early detection. Using only two states yields limited improvement, whereas finer segmentation increases
computational cost and yields sparse, low-information graphs. Thus, the three-time states achieve an effective
balance between temporal resolution and model robustness.

A similar trade-off applies to graph size. Events that are too large incur high computational costs and complicate
batching. By limiting the number of buttons per event and selecting posts in chronological order, the model
preserves representative context while maintaining a stable training process. In fact, moderate graph size limits
capture most of the benefits of graph-based modeling, whereas larger graphs yield only gradual improvements.

D. PRACTICAL CONSIDERATIONS AND APPLICATIONS

Beyond performance on the evaluation metrics, MTF-GCN is designed for practical implementation. By working
on incomplete discussions and explicitly modeling the early spread phase, the model supports early warning of
rumors on social media platforms, allowing it to flag potentially harmful events before they reach their peak
spread. In assessing the reliability of news, MTF-GCN assigns each article a trust score based on the social context
and the behavior of users who share it. This score can be used to prioritize items that need manual verification,
where high recall for untrusted content helps ensure that the majority of problematic cases are reviewed.

The model also adds value by identifying abnormal or coordinated propagation patterns, as it intelligently
integrates profile information and user interactions. From a systems perspective, MTF-GCN still ensures
computational efficiency, with lightweight graph components and predictable memory usage, making the model
suitable for large-scale, real-time, or batch monitoring pipelines.

X. CONCLUSION AND FUTURE WORK

In this work, we introduce MTF-GCN, a unified framework for rumor detection and news credibility assessment
on social media. Each event is modeled by two complementary dynamic graphs that capture message propagation
and user interactions, along with a set of temporal states. Graph convolutional layers operate across views and
time, and a lightweight temporal fusion module summarizes event evolution. Experiments on Weibo, Pheme, and
ReCOVery show that MTF-GCN consistently achieves strong performance, matching or outperforming competitive
baselines and generalizing well to document-level credibility assessment, with high recall for unreliable content.

Future work may explore integrating external knowledge and explicit fact-checking evidence, improving
interpretability by identifying influential users and key posts, and extending the framework to support multi-class
veracity labels for real-world misinformation monitoring.
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MTF-GCN: MANG TiCH CHAP PO THI HO'P NHAT THEO THO'I GIAN PA GOC
NHIN CHO PHAT HIEN TIN PON VA KIEM CHO’'NG THONG TIN TREN MANG
XA HOI
Tiéu Phung Mai Swong, Nguyén Thi Thiy A

TOM TAT —Tin don va cac ngudn thong tin c¢6 do tin ciy thip lan truyén rit nhanh trén mang xa hdi va c6 thé giy ra nhirng
tac ddong nghiém trong dén xa hdi. Nhiéu phuwong phap hién c6 phu thudc chti yéu vao ndi dung van ban hodc cu tric lan truyén
tinh, do d6 con han ché trong viéc ndm bt sw twong tic dong gitra thong tin va ngudi dung theo thoi gian. Trong nghién ctru
nay, chiing t6i dé xudt MTF-GCN, mot md hinh hgp nhit theo thoi gian da géc nhin cho bai todn phat hién tin don va kiém
chirng thong tin & mitc tai liéu. Mdi sw kién dwoc biéu dién bing hai d6 thi dong: (i) dd thi lan truyén dwoc xay dung tir quan
hé tra 1o va chia sé lai, va (ii) do thi ngwoi dung dwa trén dic diém ho so va twong tac. Qud trinh lan truyén dwoc chia thanh
ba giai doan thdi gian gobm sém, trung gian va mudn; sau dé dwoc xt Iy bing cac 16p tich chap db thi va téng hop thong qua
mot co ché hop nhét theo thoi gian gon nhe. Cac biéu dién thu dugc tir nhanh lan truyén va nhanh ngudi dung tiép tuc dwoc
két hop dé thwc hién phan loai nhi phan. Thwc nghiém trén cic bo dir liéu Weibo, Pheme va ReCOVery cho thdy MTF-GCN dat
d6 chinh xac cao (lan lwgt 97,75%, 95,22% va 93,10%), dic biét manh trong viéc phat hién ndi dung khéng dang tin ciy. Nhirng
két qua nay cho thiy viéc mé hinh héa khong gian-thdi gian da géc nhin két hop véi co ché hgp nhit theo thoi gian don gidn
12 hiéu qua va pht hgp cho cic hé thdng canh bdo sém va gidm sat thong tin sai 1éch.

Tir Khéa — Phét hién tin don, kiém chirng thong tin, mang x hoi, mang no-ron do thi, mo6 hinh héa khong gian-thi gian da
goc nhin, twong tac ngwoi dung.

ThS. Tiéu Phung Mai Swong nhin
bing Thac si Khoa hoc may tinh tai
trweong Pai hoc Khoa hoc tw nhién TP.
H6 Chi Minh vao nam 2017. Hién nay,
cd la gidng vién tai Trwong Pai hoc
Ngoai ngit - Tin hoc TP. H6 Chi Minh
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ThS. Nguyén Thi Thiy A nhan bing thac
sT nganh Khoa hoc may tinh tai treong DH
Khoa hoc tw nhién, PHQG-HCM vao nam
2018. Hién tai Thac si Thiy A dang la giang
vién tai khoa Cong nghé thong tin, treong
DH Ngoai ngtt - Tin hoc TP. H6 Chi Minh
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