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2024 ACM A.M. Turing Award: Richard S. Sutton and Andrew G.

Barto for Reinforcement Learning

Matjaz Gams
Jozef Stefan Institute, Jamova 39, 1000 Ljubljana, Slovenia
E-mail: matjaz.gams@ijs.si

Editorial

Abstract: The 2024 ACM A.M. Turing Award (the “Nobel Prize of Computing”) was awarded to
Andrew G. Barto and Richard S. Sutton “for developing the conceptual and algorithmic foundations
of reinforcement learning.” Announced on 5 March 2025, the honor not only celebrates nearly five
decades of pioneering scholarship but also signals that reinforcement learning (RL) has moved from
the periphery of artificial-intelligence research to its very center —most visibly through its role in

training large-language models (LLMs).

1 From unfashionable curiosity to
mainstream core

In the early 1980s, when Barto and Sutton began
formalising how agents learn from trial-and-error reward
signals, prevailing Al paradigms favoured rule-based
expert systems and supervised pattern recognition. Their
insistence that evaluation rather than instruction should
drive intelligence proved prescient [1]. Today,
temporal-difference learning, policy-gradient methods
and the option framework first articulated in their work
underpin systems ranging from AlphaGo [2] to the
reinforcement learning from human feedback (RLHF)
pipelines that help align modern LLMs [3].

A pair of interviews in the June 2025 issue of
Communications of the ACM capture the laureates’
outlook [4],[5]. “In RL, the feedback you get is either a
reward or a penalty, rather than instructions about what
you should have done,” Sutton notes—underscoring the
distinctive challenges of sparse feedback, delayed credit
assignment and sustained exploration [5].

For many readers, the gateway to the field was
Reinforcement Learning: An Introduction by Sutton and
Barto [1]. First published in 1998 and freely available in a
revised second edition since 2018, the textbook’s blend of
rigorous proofs and intuitive cartoons demystified Markov
decision processes, eligibility traces and function
approximation long before “deep RL” became common
parlance.

2 Explaining ML through games

An early hardware demonstration of machine learning was
Marvin Minsky’s SNARC (1951-52), an analog device
that let a ‘rat’ learn a maze by reward signals,
foreshadowing today’s reinforcement-learning agents.
Although rudimentary, the device presaged the formal
theory of RL later developed by Sutton and Barto:
behaviour is shaped by maximising cumulative reward
through trial and error.

Modern chess engines embrace the same principle at
planetary scale. AlphaZero, for instance, starts with
random parameters and improves solely by playing
millions of games against itself. Each iteration:

e Chooses moves with a combined policy-and-value
neural network that estimates both the probability of
promising actions and the expected game outcome.

e  Guides exploration using Monte-Carlo tree search
(MCTS) where network evaluations bias search
toward fruitful branches.

e Learns by minimising a temporal-difference loss: the
gap between the predicted value and the eventual
result (win = +1, draw = 0, loss = -1).

This closed feedback loop (an instance of Sutton’s
policy-iteration and TD-learning algorithms) [1] quickly
eclipses classical alpha-beta engines reliant on
handcrafted heuristics. After four hours of self-play,
AlphaZero surpassed Stockfish 8 and ultimately achieved
a 3500+ Elo rating [6]. As Savage concludes, it has proven
to be “a rewarding line of work” [4]. This leap dwarfs the
earlier breakthrough in 2015, when the Deep Q-Network
(DQN) first matched human scores on dozens of Atari
games, showing that end-to-end pixel learning was
possible [7].

3 Why the Turing award matters

1. Conceptual Unity. RL provides a single mathematical
framework that spans robotics, operations research and
behavioral neuroscience; dopaminergic prediction-error
signals in primate brains can be modeled almost
equation-for-equation by temporal-difference learning

[1].

2. Practical Impact. RL is already saving
megawatt-hours  of electricity by autonomously
optimising Google data-centre cooling loops—cutting
energy use by up t040%[8]. The same
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learning-while-deployed  paradigm now  produces
state-of-the-art chip floor-plans for the latest Tensor
Processing Units in under six hours, an optimisation task
that previously required weeks of expert effort [9]. NASA
test-beds are likewise exploring RL for on-board
spacecraft guidance and fault recovery.

3. Ethical Imperative. Reward-driven systems can
amplify undesirable incentives as easily as beneficial
ones; mis-specified reward functions have led
experimental robots to spin in circles or exploit physics
simulators. Developing reward specifications that
faithfully encode human intent and auditing agents during
deployment remains an urgent research frontier [5].

Barto and Sutton describe themselves as “still unsatisfied”
with our theoretical understanding of generalization in
RL—a humility that both belies their achievements and
challenges the community to push further. Their work
reminds us that intelligence is an active process: agents
must do in order to learn. With the Turing Award as
validation, reinforcement learning is poised to tackle
domains where static models fall short, such as
climate-smart energy grids, adaptive therapeutics,
large-scale social simulations.

4  Conclusions

The Association for Computing Machinery (ACM) as the
world’s largest computing society presents the Turing
Award annually since 1966. If Alan Turing is often
compared to Albert Einstein for his transformative impact
on 20th-century science, then the ACM A.M. Turing
Award is rightly seen as computing’s counterpart to the
Nobel Prize. By recognising Barto and Sutton in 2024, the
award committee has affirmed that learning from reward
is a foundational principle for intelligent systems. Their
ideas power today’s most advanced RL agents, shape the
training of LLMs and chart the road toward autonomous
systems that learn safely and continually. As they
themselves like to remind us, “the best is yet to come.”

M. Gams
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Special issue on “The 13th International Symposium on Information and
Communication Technology—SOICT 2024

Since 2010, the Symposium on Information and
Communication Technology— SOICT has been organized
annually. The symposium provides an academic forum for
researchers to share their latest research findings and
identify future challenges in computer science. The best
papers from SOICT 2015, SOICT 2016, SOICT 2017,
SOICT 2019, SOICT 2022, SOICT 2023, and SOICT
2024 have been extended and published in the special
issues “SOICT 2015,” “SOICT 2016,” “SOICT 2017,”
“SOICT 2019,” “SOICT 2022, “SOICT 2023,” and
“SOICT 2024” of the Informatica Journal, Vol. 40, No. 2
(2016), Vol. 41. No. 2 (2017), Vol. 42, No. 3 (2018), Vol.
44, No. 2 (2020), Vol. 47. No. 3 (2023), and No. 3 (2025),
respectively.

In 2024, SOICT was held in Furama resort Danang, from
December 13-15. The symposium covered major areas of
research including Al Foundations and Big Data,
Networking and  Communication  Technologies,
Multimedia Processing, Software Engineering, Al
Applications, Generative Al, Applied Operations
Research and Optimization, Recent Advances in Cyber
Security.

Among 224 submissions from 24countries, 84 papers were
accepted for oral presentation at SolCT 2024 and 66 papers
for posters. Among them, the following four papers were
carefully selected, after further extension and additional
reviews, for inclusion in this special issue.

The first paper, “Context-Enriched Dynamic Graph Word
Embeddings for Robust NLP Applications” by Truong X.
Tran, Ryan E. Himes, and Hai-Anh Tran, extends their
prior SOICT 2024 work by introducing a dynamic graph-
based word embedding framework that integrates syntactic
and positional relationships. The proposed ARMA+ELMo
Graph Dynamic model demonstrates robust performance
across diverse NLP tasks such as sentiment analysis, topic
classification, and named entity recognition.

The second paper, “Enhanced Cardio Care: Explainable
Vision Transformer Multimodal Pipeline for Cardiac
Abnormalities Detection Using Electrocardiogram Image
Reports” by Ngoc M. To, Vu Q. Vo, Quoc Cuong Ngo,
Dinesh Kumar, Minh N. Dinh, Dang V. Nguyen, and Dan
V. B. Do, presents an enhanced version of the Cardio Care
pipeline for ECG-based cardiac diagnosis. The study
addresses the challenge of paper-based ECG image
archives common in resource-limited healthcare settings
by developing a mobile-friendly diagnostic pipeline
capable of analyzing both ECG signals and scanned ECG
images. Experimental results show that ViT achieves the
best classification performance, with macro F1-scores of
0.99 and 0.81 on both public (Mendeley) and private (Tam
Duc Cardiometabolic) datasets, respectively. Furthermore,
the integration of Grad-CAM-based visualization

enhances interpretability, demonstrating strong potential
for scalable and cost-effective cardiac screening in
underserved healthcare environments.

The third paper, “New Local Search Strategy for the
Minimum s-Club Cover Problem” by Thanh Pham Dinh,
Tuan Anh Do, Son Nguyen Hung, and Thai Nguyen Duc,
introduces an innovative local search algorithm tailored for
integration within evolutionary multitask optimization
frameworks. The authors design a hybrid search strategy
that combines greedy and exhaustive mechanisms, where
the greedy component efficiently selects clubs, while the
exhaustive component optimizes vertex relocation
decisions. Experimental evaluations on DIMACS
benchmark datasets show that the proposed algorithm
delivers competitive performance, demonstrating its
potential as a robust component in hybrid evolutionary
approaches for complex network optimization problems.
The fourth paper, “Analysis of Behavioral Facilitation
Information During Disasters Based on Reader Attributes
and Personality Traits” by Akiyo Nadamoto, Kosuke
Wakasugi, Yu Suzuki, and Tadahiko Kumamoto,
examines how personality traits influence the perception
of behavioral facilitation messages on social media during
natural disasters. Using typhoon-related posts from X
(formerly Twitter), the study classifies messages into four
categories, including suggest, inhibition, encouragement,
and wish, and analyzes responses across the Big Five
personality  traits.  Results illustrate  consistent
interpretation patterns linked to personality and
demographics, offering insights for more targeted and
effective disaster communication.

We hope that readers will find this Special Issue a useful
collection of papers.
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Understanding the contextual relationships between words is essential for effective natural language pro-
cessing (NLP). Our prior work, published in SOICT 2024, introduced a dynamic word embedding ap-
proach that integrates static embeddings with dynamic representations learned from a next-word predic-
tion model and enriched by an undirected graph capturing both syntactic and positional word relation-
ships. This hybrid embedding framework—comprising ELMo-Like Dynamic, ARMA Graph Dynamic, and
ARMA+ELMo Graph Dynamic variants—demonstrated promising results on standard text classification
tasks. In this extended study, we significantly broaden the experimental evaluation to validate the gen-
eralizability and effectiveness of our approach. We incorporate a wider range of NLP tasks—including
sentiment analysis, disaster tweet classification, topic categorization, spam detection, named entity recog-
nition, and intent classification—across multiple benchmark datasets. Comparative analysis against both
static embeddings (Word2Vec, GloVe, FastText) and transformer-based models (BERT, DistilBERT) shows
that our ARMA+ELMo Graph Dynamic variant consistently delivers competitive or superior performance.
Notably, our method achieves a classification accuracy of 93.2% on the AG News topic classification task
and an F1-score of 94.2% on the CoNLL-2003 named entity recognition benchmark—results that match or
exceed those of larger pretrained models. These findings reinforce the contextual richness and practical
utility of the proposed embedding framework across diverse NLP applications.

Povzetek: NLP Studija uvaja dinamicne grafne vektorje besed, ki zdruzijo ELMo in ARMA z grafi
sintakticno-pozicijskih odnosov, kar izboljsa klasifikacijo in zaznavanje entitet ter preseze staticne pristope,

konkurencno z BERT.

1 Introduction

Natural Language Processing (NLP) has seen substantial
advancements due to the development of effective word
embedding techniques. These embeddings map discrete
tokens to continuous vector spaces, enabling machines to
process and analyze human language. Traditional embed-
ding models such as Word2Vec [1] and GloVe [2] represent
words in fixed vector spaces, independent of their vary-
ing usage across different contexts. While these static em-
beddings capture general semantic relationships, they of-
ten fall short in modeling polysemy and nuanced contex-
tual dependencies—challenges that are crucial for complex
tasks such as sentiment classification, question answering,
and named entity recognition.

Contextual embeddings such as ELMo [3] and BERT [4]
address these limitations by producing word representa-

tions that are dependent on the surrounding context. These
models typically employ deep neural architectures to cap-
ture sequential or bidirectional dependencies. However,
they often overlook the syntactic structure of sentences and
tend to model context in a linear fashion. Incorporating syn-
tactic and positional dependencies through graph structures
can provide a richer and more structured representation of
context, particularly for long-range dependencies and non-
sequential word relationships.

In our previous work [5], presented at SOICT 2024, we
proposed a novel dynamic word embedding framework that
combines static word embeddings with dynamic features
extracted from deep next-word prediction models. To en-
hance contextual representation, we introduced an undi-
rected graph-based structure that integrates both depen-
dency parsing and word order information. This hybrid rep-
resentation allowed us to generate embeddings that evolve
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based on sentence context while preserving the semantic
stability of static embeddings. Three variants of our method
were proposed: ELMo-Like Dynamic, ARMA Graph Dy-
namic, and ARMA+ELMo Graph Dynamic, each incor-
porating different mechanisms for feature extraction and
graph integration.

In this extended work, we aim to rigorously validate the
effectiveness and generalizability of our embedding frame-
work across a wide range of NLP tasks and datasets. The
experimental evaluation is expanded by:

— Applying our models to additional tasks including
topic classification and domain-specific text analysis.

— Comparing with stronger baselines such as Fast-
Text [6] and BERT [4].

Our results demonstrate that the proposed dynamic
graph-based embeddings are not only competitive with but
in many cases outperform static and contextual baselines,
particularly in classification settings that benefit from ex-
plicit modeling of word relationships.

The remainder of this paper is organized as follows. Sec-
tion 2 surveys related work on word embedding and graph-
based models. Section 3 presents the details of our pro-
posed framework. Section 4 describes the datasets, tasks,
and expanded experimental evaluations. Section 5 provides
additional analyses and insights. Finally, Section 6 con-
cludes the paper and outlines potential directions for future
research.

2 Related work

2.1 Static word embeddings

Word embeddings have been fundamental to natural lan-
guage processing (NLP), transforming discrete textual data
into continuous vector spaces. Early models, such as
Word2Vec by Mikolov et al. [1], introduced efficient algo-
rithms to generate embeddings based on contextual word
co-occurrence. Specifically, the continuous bag-of-words
(CBOW) and skip-gram models created fixed embeddings
for words, capturing semantic relationships via linear con-
text windows. However, these embeddings are static and
fail to capture context-dependent meanings [2].

To further improve embedding quality, GloVe [2] in-
corporated global statistics of word occurrences and co-
occurrences, providing richer semantic representations than
Word2Vec. Nonetheless, like Word2Vec, GloVe embed-
dings remain context-invariant, limiting their effectiveness
in tasks involving polysemy and complex semantic con-
texts.

2.2 Dynamic and contextualized word
embeddings

Contextualized word embeddings emerged to address the
shortcomings of static models. ELMo [3] proposed

T.X. Tran et al.

deep contextualized embeddings derived from bidirec-
tional Long Short-Term Memory networks (Bi-LSTMs).
ELMo generates embeddings dynamically, conditioned
on sentence-level context, significantly improving perfor-
mance on various NLP tasks by addressing polysemy and
capturing nuanced semantics.

Further advancements came with transformer-based
models like BERT [4]. Utilizing self-attention mechanisms,
BERT captures context from both directions simultane-
ously, achieving superior results across a broad range of
NLP tasks, including question answering, sentiment analy-
sis, and named entity recognition. Despite their impressive
results, transformer-based embeddings such as BERT pri-
marily focus on capturing linear contextual dependencies,
largely ignoring explicit syntactic and positional relation-
ships among words.

2.3 Graph-based word embeddings

Graph-based models have gained traction due to their abil-
ity to represent complex relationships explicitly. Levy
and Goldberg [7] demonstrated that dependency-based em-
beddings, leveraging syntactic structures, significantly im-
prove representation quality. Subsequently, Graph Neu-
ral Networks (GNNs) became popular for capturing syn-
tactic and semantic relations in text. Jiang et al. [8] in-
troduced Graph Learning-Convolutional Network (GLCN)),
which generalized convolutional neural networks to graph
structures and showed promise in modeling structured tex-
tual data.

Recent approaches like ARMAConv [9] further refined
GNN architectures by integrating autoregressive moving
average (ARMA) filters. This enabled efficient capture of
long-range dependencies and robust representation of noisy
relationships. These methods typically employ directed de-
pendency edges. In contrast, our previous work [5] pro-
posed an undirected graph model combining consecutive
word relationships and dependency edges, which facilitated
better bidirectional contextual understanding.

2.4 Positioning our work

In our previous research [5], we introduced dynamic graph-
based word embeddings combining static embeddings and
dynamic contextual representations learned from next-
word prediction tasks. Unlike traditional static embed-
dings or purely transformer-based methods, our approach
integrates structural graph-based context explicitly with se-
quential context provided by recurrent architectures. The
resulting embedding framework (ELMo-Like Dynamic,
ARMA Graph Dynamic, ARMA+ELMo Graph Dynamic)
was validated on standard text classification tasks.

In this extended work, we significantly enhance the em-
pirical rigor and scope of our evaluations. We broaden the
set of evaluation tasks to include sentiment analysis, dis-
aster tweet classification, topic categorization, spam detec-
tion, named entity recognition, and intent classification—
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allowing us to assess the generalizability of our method
across diverse NLP applications. We also compare our
framework against stronger baselines, including FastText
and transformer-based models such as BERT and Distil-
BERT. The results consistently validate the robustness and
versatility of our proposed embedding approach.

3 Methodology

The proposal aims to generate contextually rich dynamic
word embeddings by combining static embeddings with
context-aware representations obtained from deep neural
network (DNN) models trained on next-word prediction
tasks. To further enrich these dynamic representations, we
incorporate a graph-based structure that explicitly captures
syntactic and positional relationships between words. The
overall approach involves three primary stages: graph con-
struction from text sequences, training of a next-word pre-
diction model, and the extraction and integration of dy-
namic embeddings.

3.1 Graph representation of word sequences

We start by converting a text sequence 1" = wy, ws, . .., W;
into an undirected graph G(T') = (V, E), explicitly rep-
resenting contextual relationships among words. Specifi-
cally, the vertex set V' contains embedding vectors corre-
sponding to individual words, and the edge set E captures
syntactic and positional relationships between words:

V={ve, |i€{l,2,....t}},

E = Consec(T") U Depend(T") O

Each vertex v,, represents the embedding vector of word
w € T. The set Consec(T') consists of edges that con-
nect pairs of consecutive words in the sequence, thereby
preserving the linear positional information crucial for se-
quential contexts. Specifically, for each pair of consecutive
words (w;, w;41), an undirected edge is established, explic-
itly capturing positional relationships.

The second component, Depend(T), incorporates syn-
tactic relationships obtained from dependency parsing. To
construct these edges, we employ a dependency parser
(e.g., SpaCy), which identifies grammatical relations be-
tween words in a sentence. Each pair of words connected
by a grammatical dependency is linked by an undirected
edge, reflecting syntactic associations such as subject-
object, modifier-head, and other dependency relationships.

Unlike conventional dependency graphs, which use di-
rected edges indicating grammatical directionality, our
model utilizes undirected edges. This choice facilitates cap-
turing bidirectional syntactic relationships, ensuring that in-
formation can flow equally in both directions within the
neural network model. As a result, our graph representa-
tion provides richer contextual signals to downstream em-
bedding learning models.
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Figure 1: The ELMo-like baseline (left), ARMA (middle),
and ARMA+ELMo (right) models for next word predic-
tion.

For instance, consider the sentence: “The student read
the book.” Dependency parsing identifies relationships
such as “student” as the subject of “read” and “book” as the
object of “read”. Our undirected graph connects these pairs
symmetrically, allowing contextual features of “student”
and “book” to influence each other effectively through the
intermediate node “read”.

The combined positional and syntactic edges result in a
more comprehensive and nuanced graph representation, ef-
fectively enhancing the contextual understanding of each
word within the sequence. This richer graph structure sup-
ports our downstream embedding models in learning more
effective and contextually meaningful word embeddings.

3.2 Next-word prediction model

The next-word prediction step involves training a DNN
model to predict the subsequent word in a sequence, given
its preceding context. Initially, input words in each se-
quence are transformed into static embeddings, such as
those generated by the Word2Vec model. These embed-
dings provide stable semantic anchors which serve as input
to our prediction model. Subsequently, the neural model
leverages the previously constructed graph representation
(as detailed in the prior subsection) to further enrich the
learned contextual representations.

Formally, given a word sequence T' = wy, wo, . . ., Wy,
our model is trained to maximize the log-likelihood of
correctly predicting each word w; based on the contex-
tual information encapsulated in the graph representation
G(wy,...,w;—1). This objective is represented mathemat-
ically as:

1 t
max - ;logp(wi | Glwr, ... wiz1)) @
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To realize this, the neural network computes the probabil-
ity of the next word w; by evaluating the similarity between
the embedding vector of w; and the embeddings of words
represented in the contextual graph G. Higher similarity
indicates greater contextual relevance, thus enhancing pre-
diction accuracy. Specifically, we define this probability
through a softmax function over embedding similarities:

Sy v exp(u], )
. awi—l)) =

p(w; | G(wy, .. =
' ZkeW eXp(U];eri)

A3)

where v,,,, 1s the embedding vector of the predicted word
w;, V represents the set of vertex embeddings present in the
context graph, and W denotes the complete set of embed-
dings for all vocabulary words.

To train this next-word prediction model, we utilize the
Wikipedia Sentences dataset, which comprises a large cor-
pus of sentence-level textual data. To ensure robust and
meaningful predictions, we preprocess the dataset metic-
ulously by expanding contractions, removing punctuation
and numeric values, converting text to lowercase, and elim-
inating duplicates. We further limit the vocabulary to fre-
quent words (occurring more than ten times), ensuring com-
putational efficiency without sacrificing representational
richness. This preprocessing step results in a vocabulary
of approximately 189,000 unique words.

Each sentence in the corpus is subsequently transformed
into multiple context-target training pairs, wherein each
word within the sentence serves sequentially as a predic-
tion target, given its preceding context. Consequently, our
final dataset for model training contains around 138 million
context-target pairs, providing ample diversity and context
variations to effectively train the neural network.

Through this comprehensive training process, the result-
ing prediction model learns deep contextual relationships
between words, thus laying the groundwork for extract-
ing meaningful and contextually sensitive dynamic embed-
dings.

3.3 Dynamic embedding extraction

Following the successful training of our next-word predic-
tion models, we extract dynamic embeddings from the in-
termediate layers of these models. This step is crucial as it
enables us to capture context-dependent nuances and varia-
tions in word usage across different textual scenarios, going
beyond the limitations of purely static embeddings.

To perform dynamic embedding extraction, we identify
and isolate context-sensitive representations from the inter-
nal neural network layers. Specifically, for models employ-
ing recurrent architectures (e.g., Bi-LSTMs), we utilize the
hidden states generated by each layer. For models involv-
ing graph neural network components (e.g., ARMAConv),
we extract node-level embedding representations resulting
from the graph convolutional operations. These intermedi-
ate representations inherently encode rich contextual infor-
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Figure 2: The process of extracting word embeddings
from ELMo-like baseline (left), ARMA (middle), and
ARMA+ELMo (right)

mation due to their training objective of predicting subse-
quent words.

More explicitly, consider the following extraction proce-
dure for each model variant:

— ELMo-Like Dynamic Embedding: Dynamic em-
beddings are derived by combining outputs from mul-
tiple Bi-LSTM layers (Left figures in Fig. 1 and
2). We perform a summation of these intermediate
hidden-state outputs from each layer, subsequently
passing them through a non-linear activation function
(such as hyperbolic tangent, tanh). This aggregation
ensures the embedding captures hierarchical contex-
tual information from different abstraction levels.

— ARMA Graph Dynamic Embedding: Dynamic em-
beddings are directly obtained from the output node
representations produced by the ARMAConv graph
layer (Middle figures in Fig. 1 and 2). These node-
level embeddings explicitly capture syntactic and po-
sitional contexts encoded through the graph struc-
ture. Subsequently, these node embeddings are passed
through a tanh activation to further refine their repre-
sentational quality.

— ARMA+ELMo Graph Dynamic Embedding: For
this hybrid variant, dynamic features are created by
combining outputs from both the ARMAConv layer
and multiple Bi-LSTM layers (Right figures in Fig. 1
and 2). Specifically, we aggregate node embeddings
from the ARMAConv output with sequential embed-
dings from Bi-LSTM layers, followed by a non-linear
transformation using a tanh activation. This combined
embedding effectively integrates both sequential and
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graph-based contextual insights, resulting in a more
comprehensive dynamic representation.

Finally, to form the complete dynamic embedding, we
concatenate these dynamically learned contextual features
with the original static embeddings (e.g., Word2Vec embed-
dings). This step creates a hybrid embedding representa-
tion that retains the foundational semantic information pro-
vided by static embeddings while enriching it with contex-
tually aware dynamics. Formally, the final embedding vec-
tor U finq for each word is defined as:

VUfinal = [Ustatic; Udynamic] (4)

where vg44tic denotes the static embedding vector (such
as those from Word2Vec), and vgynamic represents the
newly obtained dynamic embedding vector.

By adopting this hybrid embedding extraction approach,
our methodology benefits from robust semantic stability
alongside the flexibility and context-awareness necessary
for addressing a wide range of NLP tasks effectively.

3.4 Proposed variants

To comprehensively evaluate our framework, we introduce
three model variants differing primarily in their neural ar-
chitectures and integration of graph-based context:

— ELMo-Like Dynamic: Employs a two-layer Bi-
LSTM structure similar to ELMo. Dynamic embed-
dings are generated from the combined outputs of both
Bi-LSTM layers.

— ARMA Graph Dynamic: Incorporates the ARMA-
Conv layer, a GNN structure specifically designed to
handle graph-based textual data. Dynamic embed-
dings are extracted directly from the ARMAConv out-
put.

— ARMA+ELMo Graph Dynamic: Integrates AR-
MAConv with the ELMo-like Bi-LSTM architecture,
combining graph-based and sequential contexts. The
dynamic features are obtained by merging outputs
from both ARMAConv and Bi-LSTM layers.

4 Experiments and results

This section presents an expanded empirical evaluation of
our proposed dynamic graph-based embedding framework.
In addition to replicating the experiments from our previ-
ous study [5], we broaden the evaluation to include mul-
tiple new NLP tasks, additional datasets, and modern em-
bedding baselines. The goal is to rigorously examine the
effectiveness, generalizability, and practicality of our ap-
proach across a wide spectrum of language understanding
tasks.
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4.1 Experimental setup

All experiments are conducted using Python and Tensor-
Flow/Keras frameworks. For graph-based components, we
utilize the Spektral library [10]. Static embeddings are
generated using pre-trained Word2Vec and GloVe mod-
els, while contextual baselines (e.g., BERT, FastText) are
sourced from HuggingFace Transformers and Gensim. All
models are trained using the Adam optimizer with a learn-
ing rate of 0.001 and a batch size of 64.

4.1.1 Diverse NLP tasks and datasets

To comprehensively evaluate our embeddings, we consider
six different NLP tasks, each with distinct characteristics
and challenges:

— Sentiment Analysis: We employ the Emotion dataset
[11], consisting of text labeled with six emotions: joy,
sadness, anger, fear, love, and surprise.

— Disaster Tweet Detection: The dataset comprises
tweets labeled as disaster-related or not [12]. This task
assesses embedding performance on noisy, short, and
informal text.

— Topic Classification: We utilize the AG News dataset
[13], containing news articles classified into four ma-
jor categories: World, Sports, Business, and Sci-
ence/Technology.

— Spam Detection: For this binary classification task,
we use the SMS Spam Collection dataset [14], com-
posed of SMS messages labeled as spam or ham (non-
spam).

— Named Entity Recognition (NER): The CoNLL-
2003 dataset [15] is selected to test our embeddings
in a structured prediction context, where entities are
labeled as Person, Organization, Location, and Mis-
cellaneous.

— Intent Classification: We leverage the SNIPS dataset
[16], comprising user queries labeled according to
their intended actions, providing insights into the gen-
eralization of our embeddings in dialogue systems.

Each dataset is partitioned into standard training, valida-
tion, and testing sets as recommended by the original au-
thors. Table 1 summarizes key statistics of each dataset.

In subsequent subsections, we present detailed evalua-
tion results and analyses for each task and dataset, compar-
ing our approach against various baseline models.

4.1.2 Baseline comparison

To rigorously validate the effectiveness of our proposed
dynamic embeddings, we compare our approach against
multiple widely-used embedding methods. These baselines
span both static and contextual embedding paradigms:
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Table 1: Summary of NLP tasks and datasets used for expanded evaluation
Dataset Task Classes  Total Samples
Emotion [11] Sentiment Analysis 6 20,000
Disaster Tweets [12] Binary Classification 2 7,613
AG News [13] Topic Classification 4 120,000
SMS Spam [14] Spam Detection 2 5,574
CoNLL-2003 [15] Named Entity Recognition 4 22,137 sentences
SNIPS [16] Intent Classification 7 14,484
— Static Embeddings:

— Word2Vec [1]: A widely-used static embedding
model that captures semantic relationships based
on linear context windows.

— GloVe [2]: Utilizes global word co-occurrence
statistics, producing embeddings effective in
capturing global semantic relationships.

— FastText [6]: Enhances static embeddings by in-
corporating subword information, making it ro-
bust to out-of-vocabulary words and morpholog-
ically rich languages.

— Contextual Embeddings:

— BERT [4]: A transformer-based model that gen-
erates context-aware embeddings by considering
bidirectional sentence context, setting state-of-
the-art results in various NLP tasks.

— DistilBERT [17]: A lightweight and compu-
tationally efficient variant of BERT, retaining
much of its performance while being faster to
train and deploy.

Each baseline embedding is evaluated using the same
neural architecture and hyperparameter settings as our
dynamic embedding models. Performance comparisons
across different NLP tasks are presented in subsequent sub-
sections, providing comprehensive insights into the relative
strengths and limitations of our embedding approach.

4.2 Sentiment classification results

We first evaluate our embeddings on sentiment classifica-
tion using the Emotion dataset [11], containing texts labeled
with six distinct emotions: joy, sadness, anger, fear, love,
and surprise. We compare our dynamic graph embeddings
with both static (Word2Vec, GloVe, FastText) and contex-
tual (BERT, DistilBERT) baselines. Four neural classifiers
(CNN, Bi-LSTM, CNN+Bi-LSTM, ARMAConv) are em-
ployed for each embedding type.

Table 2 summarizes the classification accuracy for each
embedding and classifier combination. Our proposed dy-
namic embeddings (particularly the ARMA+ELMo Graph
Dynamic variant) consistently outperform static baselines
and demonstrate competitive performance compared to
strong contextual embeddings.

Table 2: Sentiment classification accuracy (%) for vari-
ous embedding and classifier combinations on the Emotion
dataset. Bold indicates the best performance in each col-

umn.
Embedding CNN  Bi-LSTM CNN+Bi-LSTM ARMAConv
Word2Vec [1] 80.60 92.40 91.15 90.50
GloVe [2] 80.70 92.50 89.35 89.50
FastText [6] 82.45 92.80 90.80 91.20
BERT [4] 88.30 93.20 92.45 91.80
DistilBERT [17] 87.80 92.95 92.10 91.55
ELMo-Like Dynamic (Ours) 87.75 92.45 91.70 90.55
ARMA Graph Dynamic (Ours) 86.50 92.55 91.40 90.05
ARMA+ELMo Graph Dynamic (Ours)  89.05 93.15 92.65 92.10

We also examine the learning behavior across embed-
dings through validation accuracy curves shown in Fig. 3.
Our dynamic embeddings (particularly ARMA+ELMo
Graph Dynamic) achieve higher initial accuracy and con-
verge more quickly, illustrating improved training effi-
ciency and robustness to overfitting compared to static em-
beddings.
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Figure 3: Validation accuracy curves during training on
sentiment classification with different embeddings using
Bi-LSTM classifier.

The results indicate clear advantages for contextu-
ally enriched dynamic embeddings in capturing subtle
emotional nuances compared to static approaches. Al-
though transformer-based embeddings such as BERT re-
main strong competitors, our ARMA+ELMo Graph Dy-
namic embeddings achieve comparable or superior accu-
racy across classifiers, suggesting their suitability in captur-
ing complex contextual and syntactic relations critical for
sentiment analysis tasks.
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4.3 Disaster tweet classification results

We next evaluate our embeddings on the task of disaster
tweet classification, utilizing the dataset provided by the
Kaggle Natural Language Processing with Disaster Tweets
challenge [12]. This binary classification task involves
distinguishing tweets describing actual disasters from non-
disaster tweets.

Table 3 summarizes classification accuracies achieved
by each embedding method across different neural archi-
tectures. Again, our dynamic graph-based embeddings
exhibit strong performance, closely rivaling transformer-
based methods.

Table 3: Disaster tweet classification accuracy (%) for vari-
ous embedding and classifier combinations. Bold indicates
the best performance in each column.

Embedding CNN Bi-LSTM CNN+Bi-LSTM ARMAConv
Word2Vec [1] 75.11 77.35 76.03 75.25
GloVe [2] 74.66 75.71 74.85 75.38
FastText [6] 76.10 78.00 77.20 76.85
BERT [4] 79.90 81.50 80.70 80.30
DistilBERT [17] 79.20 80.85 80.20 79.95
ELMo-Like Dynamic (Ours) 77.45 79.15 78.35 77.89
ARMA Graph Dynamic (Ours) 77.85 79.65 78.80 78.35
ARMA-+ELMo Graph Dynamic (Ours) ~ 80.05 81.10 80.85 80.55

Fig. 4 illustrates the validation accuracy curves obtained
during training. The dynamic graph embeddings, particu-
larly ARMA+ELMo Graph Dynamic, exhibit rapid initial
improvement and efficient convergence compared to static
embeddings, highlighting their effectiveness in capturing
complex contextual signals from short, noisy texts.
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Figure 4: Validation accuracy curves during training on
disaster tweet classification using the Bi-LSTM classifier
across different embeddings.

The task of disaster tweet classification presents unique
challenges due to short text length, informal language, and
noisy data. Despite these challenges, our proposed dy-
namic embeddings consistently perform better than tra-
ditional static embeddings and remain competitive with
transformer-based contextual embeddings. These results
reinforce the robustness and adaptability of our method, es-
pecially in real-world text classification scenarios involving
noisy data.

Informatica 49 (2025) 463-472 469

4.4 Topic classification and spam detection
results

We evaluate the performance of our embeddings on two ad-
ditional classification tasks: topic classification using the
AG News dataset [13] and spam detection using the SMS
Spam Collection dataset [14]. These tasks test our embed-
dings’ ability to handle diverse textual structures, ranging
from formal news articles to informal SMS messages.

Table 4 reports the classification accuracies across var-
ious embeddings and neural architectures for both tasks.
Our proposed dynamic graph embeddings maintain strong
performance, consistently outperforming static embed-
dings and achieving results comparable to transformer-
based models.

The performance improvements observed with our dy-
namic graph embeddings indicate their ability to effectively
capture both semantic and syntactic patterns across diverse
text types. In the topic classification task, our embeddings
nearly match or exceed the performance of transformer-
based models. Similarly, for spam detection, dynamic em-
beddings significantly outperform static ones and yield re-
sults highly competitive with BERT-based baselines. These
findings highlight the robustness and adaptability of our ap-
proach across both formal and informal textual domains.

4.5 Named entity recognition (NER) results

To evaluate the effectiveness of our embeddings in struc-
tured prediction tasks, we apply them to Named Entity
Recognition (NER) using the CoNLL-2003 dataset [15].
This task involves identifying and categorizing named en-
tities in text into predefined categories: Person, Organiza-
tion, Location, and Miscellaneous.

NER performance is measured using the F1-score, which
balances precision and recall. Table 5 presents the F1-
scores for different embeddings across four neural models.
Our dynamic graph-based embeddings achieve competitive
results compared to transformer models, particularly when
used with the Bi-LSTM and ARMAConv classifiers.

NER requires models to effectively capture both local
context and long-range dependencies in sequences. As
shown in Table 5, our proposed ARMA+ELMo Graph
Dynamic embeddings outperform all static baselines and
closely match the performance of DistilBERT across all
classifier types. Although BERT achieves the highest F1-
scores overall, the performance gap between BERT and our
dynamic models is relatively narrow—especially with the
Bi-LSTM architecture, where ARMA+ELMo Graph Dy-
namic reaches an F1-score of 94.2% compared to BERT’s
94.8%.

This confirms that combining dynamic sequence model-
ing with syntactic graph representations enables strong per-
formance in structured prediction tasks. Our embeddings
offer a compelling trade-off between model complexity and
accuracy, making them well-suited for use in environments
where deploying large transformer models may not be fea-
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Table 4: Classification accuracy (%) for topic classification and spam detection tasks. Bold indicates the best performance

in each column.

Topic Classification

Spam Detection

Embedding CNN  Bi-LSTM CNN+Bi-LSTM ARMAConv | CNN  Bi-LSTM CNN+Bi-LSTM ARMACony
Word2Vec [1] 885 893 89.1 88.9 962 968 965 963
GloVe [2] 88.8 89.5 89.3 89.0 965 969 96.7 96.5
FastText [6] 89.7 902 89.9 89.8 970 974 97.2 97.0
BERT [4] 924 936 93.1 92.9 984 989 98.7 98.6
DistilBERT [17] 918  93.0 9.7 925 980 986 98.4 98.3
ELMo-Like Dynamic (Ours) 903 912 908 90.6 975 980 97.7 975
ARMA Graph Dynamic (Ours) 907 915 91.0 90.8 976 982 97.9 97.7
ARMA+ELMo Graph Dynamic (Ours) 925 93.4 93.2 93.0 983 988 98.7 98.6

Table 5: Fl-score (%) for Named Entity Recognition on the CoNLL-2003 dataset. Bold indicates the best result in each

column.
Embedding CNN Bi-LSTM CNN+Bi-LSTM ARMAConv
Word2Vec [1] 88.1 90.2 89.7 88.9
GloVe [2] 88.5 90.4 89.9 89.1
FastText [6] 89.2 91.0 90.4 90.0
BERT [4] 93.6 94.8 94.4 94.2
DistilBERT [17] 93.0 94.1 93.8 93.5
ELMo-Like Dynamic (Ours) 90.5 92.7 91.8 91.2
ARMA Graph Dynamic (Ours) 91.1 93.0 92.4 91.8
ARMA+ELMo Graph Dynamic (Ours)  92.2 94.2 93.9 93.4

sible. 5 Discussion

4.6 Intent classification results

The final classification task we examine is intent classifica-
tion using the SNIPS dataset [16]. This task involves iden-
tifying the intent behind user queries in natural language,
and is commonly used in voice assistants and dialogue sys-
tems. The dataset includes seven distinct intent categories
such as GetWeather, PlayMusic, and BookRestaurant.

We report classification accuracy in Table 6 for all em-
bedding methods across four model architectures. Our
dynamic embeddings continue to perform robustly across
architectures and outperform static embeddings by a no-
table margin. ARMA+ELMo Graph Dynamic again
achieves performance comparable to transformer-based
embeddings.

Intent classification requires fine-grained understanding
of short and often ambiguous user utterances. As shown in
Table 6, transformer-based embeddings (especially BERT)
achieve the best overall performance, with accuracy up
to 99.0% using the Bi-LSTM classifier. However, our
ARMA-+ELMo Graph Dynamic embeddings come remark-
ably close—achieving up to 98.9%—despite being signifi-
cantly more lightweight and modular.

These results reinforce the capability of our dynamic em-
beddings to generalize well across intent-oriented tasks,
offering a strong balance between performance and effi-
ciency. Their flexibility makes them attractive for use in
production environments such as mobile voice assistants
or embedded NLP systems, where full transformer models
may be impractical.

The experimental results across five diverse NLP tasks—
sentiment analysis, disaster tweet classification, topic clas-
sification, spam detection, named entity recognition, and
intent classification—demonstrate the robustness and ef-
fectiveness of our proposed dynamic graph-based word em-
bedding framework.

According to the effectiveness of dynamic graph-based
embeddings, our approach consistently outperformed tra-
ditional static embeddings (Word2Vec, GloVe, FastText)
and achieved competitive results when compared to con-
textual embeddings like BERT and DistilBERT. Notably,
the ARMA+ELMo Graph Dynamic variant frequently
achieved top-tier performance across all tasks, validating
the benefit of combining sequence-based and graph-based
contextual modeling. This hybrid approach captures both
syntactic dependencies and dynamic semantic shifts within
context—something that static embeddings inherently lack.

According to the performance across diverse tasks, the
method’s performance held consistently across tasks with
varying characteristics, from short, noisy inputs (e.g.,
tweets and SMS messages) to long-form structured content
(e.g., news and NER data). This suggests that the proposed
dynamic embeddings generalize well across domains and
linguistic complexities.

In comparing with Transformer-based embeddings,
while BERT-based models often achieved slightly higher
scores, our ARMA-+ELMo dynamic embeddings delivered
nearly equivalent performance in many settings—with the
added advantage of being lighter-weight and easier to in-
tegrate into traditional neural pipelines. This is especially
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Table 6: Intent classification accuracy (%) on the SNIPS dataset using different embedding methods and classifiers. Bold

indicates the best performance in each column.

Embedding CNN Bi-LSTM CNN+Bi-LSTM ARMAConv
Word2Vec [1] 94.6 96.2 95.5 95.1
GloVe [2] 94.9 96.4 95.7 95.4
FastText [6] 95.6 96.8 96.2 95.8
BERT [4] 98.4 99.0 98.8 98.7
DistilBERT [17] 98.1 98.7 98.5 98.3
ELMo-Like Dynamic (Ours) 96.7 97.5 97.2 97.0
ARMA Graph Dynamic (Ours) 97.0 97.8 97.5 97.3
ARMA+ELMo Graph Dynamic (Ours)  98.2 98.9 98.7 98.6

beneficial in latency-sensitive or resource-constrained ap-
plications.

Another key observation is the adaptability of our em-
beddings across various classifier architectures. Whether
used with CNNs, Bi-LSTMs, or GNN-based ARMAConv
models, the proposed embeddings led to improved or com-
petitive performance, confirming their architectural flexi-
bility.

Future work could focus on optimizing model com-
pression and exploring multilingual and cross-lingual ex-
tensions. Additionally, integrating our embeddings into
generative or retrieval-augmented frameworks could be a
promising direction. In summary, our dynamic graph-
based word embedding framework presents a powerful and
generalizable alternative to both static and large contextual
models, offering a strong trade-off between performance,
interpretability, and model size.

6 Conclusion

In this work, we presented an extended study of a dy-
namic graph-based word embedding framework initially
proposed in our previous SOICT 2024 publication. The
method combines static embeddings with dynamic fea-
tures derived from next-word prediction models and inte-
grates syntactic structure through undirected graph repre-
sentations. Three embedding variants—ELMo-Like Dy-
namic, ARMA Graph Dynamic, and ARMA+ELMo Graph
Dynamic—were introduced and evaluated extensively.

To validate the generalizability and effectiveness of
our approach, we conducted comprehensive experiments
across a wide range of NLP tasks, including sentiment
analysis, disaster tweet classification, topic classification,
spam detection, named entity recognition, and intent clas-
sification. The results consistently demonstrated that our
dynamic embeddings outperform static baselines and are
competitive with state-of-the-art transformer-based models
such as BERT and DistilBERT.

Notably, our ARMA+ELMo Graph Dynamic embed-
dings achieved a classification accuracy of 93.2% on the
AG News topic classification task and an Fl-score of
94.2% on the CONLL-2003 NER benchmark—results that
are on par with, and in some cases surpass, those of larger

pretrained models. These strong performances demonstrate
the power of combining sequential and graph-based contex-
tualization for semantic representation.

Our framework shows promising potential for applica-
tions in environments where model interpretability, train-
ing efficiency, and adaptability across tasks are critical.
It serves as a scalable and flexible alternative to large-
scale pretrained language models, especially in resource-
constrained settings.

In future work, we plan to explore multilingual and cross-
lingual extensions, investigate model compression tech-
niques, and integrate our embedding strategy into large-
scale retrieval-augmented and generative frameworks.
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Electrocardiogram (ECG) based Artificial Intelligence (Al) analysis has evolved. Its performance in diag-
nosing arrhythmias is now comparable to that of human experts, and it has the potential to assist societies
with limited healthcare resources. However, these settings often have paper-based ECG image archives
only, while the current AI-ECG analysis requires digitised ECG signals. To address this, we previously
introduced Cardio Care, a mobile-friendly diagnostic pipeline capable of analysing both ECG signals and
scanned ECG images. In this extended study, we enhance the pipeline s explainability and expand its model
benchmarking by comparing the Vision Transformer (ViT) with two of its data-efficient variants: DeiT and
BEIT. These models were evaluated on two image-based ECG datasets—one public dataset (Mendeley) and
one private dataset (Tam Duc Cardiometabolic). Our results show that ViT achieves the strongest classifi-
cation performance among all three variants, with macro F1-scores of up to 0.99 on Mendeley and 0.81 on
Tam Duc. Additionally, we integrate a Grad-CAM-based explainability feature to visualise model atten-
tion, improving interpretability for clinical use. The enhanced Cardio Care pipeline now has an explainable
Sfunction using Grad-Cam, demonstrating significant potential for scalable, low-cost cardiac screening in
underserved healthcare settings.

Povzetek:  Studija predstavija razlozljiv multimodalni okvir Cardio Care za analizo slik ECG z
ViT/DeiT/BEIT. ViT dosega najboljse rezultate, Grad-CAM izboljsa interpretabilnost, sistem je uporaben v

okoljih z omejenimi viri.

1 Introduction

Cardiovascular disease (CVD) has remained the leading
cause of global mortality for over 100 years [21] [IL6] and
is responsible for approximately 20 million deaths annually
[3]. While various medical devices can assist cardiologists
in identifying cardiac abnormalities, the electrocardiogram
(ECG) plays a central role, offering a non-invasive, conve-
nient, and economical tool in modern medicine for evaluat-
ing the electrical activity associated with the cardiac activ-
ities [|18].

In the past decade, advances in artificial intelligence (AI)
have demonstrated the effectiveness of automated ECG in-
terpretation. Deep learning networks, particularly convo-
lutional neural networks (CNNs), have achieved expert-
level accuracy and shown promising results in detecting ar-
rhythmias and other heart-related abnormalities from dig-
ital ECG signal, reducing the reliance on trained health-
care professionals [8]. This has the potential of support-
ing the under-resourced healthcare systems with few spe-
cialist cardiologists. However, these models are not practi-
cal in low-income and rural real-world settings that only
have paper based ECG and digital ECG devices are un-

available and clinicians rely on paper-based ECG print-
outs. This makes the Al-based ECG analysis unsuitable in
such settings, where expert-level readers are scarce [|12].
Thus, by excluding image-based ECGs from Al develop-
ment pipelines results in excluding those who need this
the most, and will lead to a sharp divide between people
who will benefit from Al in health and those who will not.
Hence, to promote equality in the benefits of Al in health-
care, the Al model should be developed to support both,
digital ECG, and ECG images that can be used by front-
end health care providers without latest ECG equipment.

To bridge this gap, we have developed and validated Car-
dio Care, a smartphone-friendly deep learning pipeline ca-
pable of analysing a standard 10-second resting ECG test,
suitable for receiving both digitised ECG and imaging ECG
from scanned or printed ECG reports [26]. Built on the Vi-
sion Transformer (ViT) architecture [[7], Cardio Care em-
ploys self-attention mechanisms to effectively recognise
patterns in ECG image data, providing a flexible and de-
ployable solution, which is suitable for resource-limited
settings. Our innovative pipeline has the capability to pre-
dict multiple cardiac abnormalities, both multi-label and
single-label. Unlike other semi-supervised zero-shot mod-
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els for general image classification [9, L0, [L7, 7], our ViT
models, trained on supervised datasets with cardiologist-
level labels, are fine-tuned specifically for ECG reports.
Cardio Care takes a different approach from traditional
methods at the clinics, as can be seen in Figure [l in which
patients can easily photograph their ECG reports and up-
load them via a mobile app, and our Al model can pro-
vide highly accurate predictions to assist both patients and
healthcare providers.

Cloud with

Tailored Treatment
and Management

Specialist
G Plan for patients

Patients AI-:owered_ ECG

Mobile App

Figure 1: Simplified flowchart of Cardio Care application

In this extended study, we aim to improve both the ar-
chitectural comparison and the explainability of the Car-
dio Care pipeline by introducing additional Vision Trans-
former variants. Specifically, aside from ViT, we evaluate
two prominent extensions: the Data-efficient image Trans-
former (DeiT) [24], and the Microsoft Bidirectional En-
coder representation from Image Transformers (BeiT) [2].
These models are designed for improved learning in envi-
ronments with limited annotated data, making them well-
suited for real-world clinical datasets. Since DeiT and BeiT
are known for their performance on small-scale datasets,
they will be trained on our two image-based datasets: the
Mendeley (public) and Tam Duc (private) datasets. Fur-
thermore, we enhance the transparency of Cardio Care by
integrating a Grad-CAM-based explainability module, en-
abling visual interpretation of the model’s attention on ECG
waveform regions.

These extensions bring our proposed solution closer
to real-world clinical deployment, particularly in under-
resourced healthcare settings, by enhancing its perfor-
mance, flexibility, and generalizability—all while operat-
ing on image-based ECG inputs without the need for digital
signal acquisition or specialised infrastructure.

2 Methodology

This study builds upon our previously published confer-
ence paper [26], which introduced the Cardio Care, devel-
oped using the ViT architecture for ECG image and signal
classification. In this extended version, we introduce two
new Transformer variants (DeiT, BEiT), add an explain-
ability module (Grad-CAM), and evaluate the performance
across multiple datasets. We structured our methodology
into three main components.

First, Section - Datasets describes the three ECG
datasets used for model development and evaluation. These
include both signal- and image-based ECGs, covering a va-
riety of dataset sizes and characteristics to represent real-
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world clinical variability. Second, Section .2 - Preprocess-
ing outlines the preprocessing procedures applied to both
signal and image ECG inputs. This involves preprocess-
ing steps to transform ECG signals into usable waveform
graphs, as well as cropping, augmentation, and normali-
sation of images to ensure consistency across modalities.
Third, Section R.3 - Training Pipeline presents the model ar-
chitectures and training pipeline. We implement and com-
pare three variants of Transformer-based algorithms: The
Google’s ViT [[7], the Facebook’s DeiT [24], and the Mi-
crosoft’s BeiT [2] — for ECG classification. This section
also details the training setup, evaluation metrics, explain-
able technique and cross-validation approach used to assess
model performance across datasets.

For completeness, we retain the ViT model trained on the
signal-derived ECG plots from our original study (using the
CPSC dataset) in Section B.2, as a baseline demonstrating
Cardio Care’s compatibility with signal inputs. However,
no additional experiments were performed on this dataset
in this extended work.

2.1 Datasets

To evaluate network performance across sample sizes and
input types, we used three 12-lead ECG datasets, the char-
acteristics of which are listed in Table [I.

Table 1: Distribution of abnormalities per datasets

Dataset CPSC | Mendeley | Tam Duc
Input signal | image image
Sample 6877 929 170
Small-scale | No Yes Yes

Class 9 4 2
Balance No Yes No
Access Public | Public Private

The China Physiological Signal Challenge (CPSC) [[19]
was released in 2018 and is publicly available at http://
2018.icbeb.org/Challenge.html. This dataset com-
prises 6877 records in raw signal at 500 Hz with multi ar-
rhythmias classes: normal sinus rhythm (SNR), atrial fib-
rillation (AF), first-degree atrioventricular block (IAVB),
left bundle branch block (LBBB), right bundle branch
block (RBBB), premature atrial contraction (PAC), prema-
ture ventricular contraction (PVC), ST-segment depression
(STD), and ST-segment elevation (STE). For comparison,
the study utilised a 10-second ECG printout [20].

The 12-lead Mendeley "ECG Images dataset of Car-
diac Patients” [[L1] is publicly available at https://data.
mendeley.com/datasets/gwbz3fsgp8/2, consists of
929 ECG images in four classes: normal, myocardial in-
farction (MI), abnormal heartbeat, and previous history of
myocardial infarction (MI his).

The third and new dataset is a private clinical dataset col-
lected at Tam Duc Cardiology Hospital (Ho Chi Minh City,
Vietnam), comprising 170 de-identified ECG images from
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patients who visited between 2021 and 2023. The dataset
is categorised into two classes: cardiometabolic (n = 71)
and control (n = 99). All ECGs were standard 10-second,
12-lead printed reports scanned into high-resolution image
format. The use of this dataset was approved by the hospi-
tal’s ethics committee (Ref. No. 18.23/GCN-BVTD).

In this extended version, we clarify the class distribu-
tion in the Cardiometabolic dataset. The dataset contains
71 records labeled as disease and 99 as healthy, which cor-
rects the reversed figures reported in our earlier conference
paper [26]. That version mistakenly listed 71 as healthy
and 99 as disease. All model training and evaluation use
the corrected labels.

2.2 Preprocessing

To ensure consistent model input across various ECG data
types, we designed a standardised preprocessing pipeline
for both signal-based and image-based ECG inputs. The
goal was to generate high-quality, normalised images from
all modalities, suitable for Vision Transformer-based clas-
sification.

2.2.1 ECG signal preprocessing

Noise removal
Discrete waveform transform
Normalisation
Segmentation

Visualisation: Raw signal vs. Preprocessed signal
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Figure 2: Preprocessing - Cardio Care framework for digi-
tal signal-based ECG inputs

Raw 12-lead ECG signals from the CPSC dataset were
preprocessed in three stages [4, ] before being converted
into waveform images (Figure [):

— Denoising: Signal noise was reduced using discrete
wavelet transform with Daubechies-4 wavelet at level
4 decomposition [[14, 25]. For noise thresholding,
we applied the Median Absolute Deviation (MAD)
method [[1 5], a robust statistical estimator less affected
by outliers, to identify and suppress high-frequency
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noise components while preserving clinically relevant
waveform features.

— Normalisation: Signal was rescaled to a standard-
ised amplitude range to reduce inter-record variability.
This normalisation step improves signal consistency,
enhances comparability across samples, and facilitates
more reliable pattern recognition during model train-
ing.

— Segmentation: ECG records were segmented into a
10-second window, corresponding to 5000 samples at
a 500 Hz sampling rate. Preprocessed signals were
then converted into waveform plots, with 12 leads ar-
ranged in a 3x4 layout as a grayscale image to match
model input requirements.

2.2.2 ECG image preprocessing

Image-based ECG reports, such as those from Mendeley
and Cardiometabolic datasets, followed the standard for-
mat in clinical practice [[13], underwent the following pre-
processing steps: Non-relevant textual regions (e.g., patient
information or hospital identifiers) were cropped, retaining
only the 12-lead waveform area in a standardised layout.
All ECG report images were then enhanced to 600 DPI and
resized to 224 x 224 pixels to match the input resolution
of the Transformer models. To simulate real-world varia-
tions such as misaligned scanning or handheld capture, we
applied random rotations of +10° as a form of data aug-
mentation, inspired by prior work on image-based ECG in-
terpretation [23]. This process enhances generalisability to
real-world image acquisition settings. An illustration of this
process is provided in the modelling overview Figure B.

Image signal inputs
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Figure 3: Preprocessing - Cardio Care framework for
image-based ECG inputs

Finally, each 224 x 224 image was divided into non-
overlapping 16 % 16 pixel patches, resulting in 196 patches
per image. These patches were then flattened and embed-
ded as input tokens to the Vision Transformer encoder. The
patch size was chosen to capture local waveform features
across multiple rows while maintaining spatial resolution
consistent with standard ViT configurations.
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2.3 Training pipeline

This study evaluates and compares three Vision Trans-
former architectures for ECG classification: ViT, DeiT
and BEiT. All models were trained independently on each
dataset using only preprocessed image-based ECG inputs.
All experiments were conducted on Google Colab using
NVIDIA A100 GPU (48GB VRAM). The pipeline is shown
in Figure [.

Cardio Care: Multimodal Pipeline for
Cardiac Detection
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Figure 4: Multimodal pipeline of Cardio Care application

2.3.1 Model architectures

— The Google Vision Transformer (ViT) was introduced
by Dosovitskiy et al. [7] is an advanced deep-learning
architecture designed explicitly for visual recognition
tasks. Unlike traditional deep-learning convolutional
neural networks (CNN), ViT breaks down images into
smaller patches and analyses the global relationships
between them. This model’s self-attention mecha-
nism efficiently accesses the entire image and captures
complex patterns, subtleties and anomalies in images.
[Variant used: VIT-BASE-PATCH16-224-IN21K]

— The Facebook Data-efficient image Transformer
(DeiT) was introduced by Touvron et al. [24] is partic-
ularly designed under constraints of limited data avail-
ability. Unlike the standard ViT, which requires large-
scale datasets for optimal performance, DeiT incor-
porates knowledge distillation during training facili-
tated by a teacher-student paradigm. This strategy in-
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volves a distillation token that learns to mimic the out-
put of a powerful, pre-trained teacher model (typically
a CNN), effectively transferring the teacher’s knowl-
edge to the DeiT model. This enhances DeiT’s ability
to perform competitively with much smaller datasets
than those required by traditional ViTs. [Variant used:
DEIT-BASE-DISTILLED-PATCH16-224]

— The Microsoft Bidirectional Encoder representation
from Image Transformers (BeiT) was introduced by
Bao et al. [2] who proposed a masked image mod-
elling (MIM) task to use two views for each image,
image patches and visual tokens. Their study indi-
cated that BeiT can improve the generalisation abil-
ity of fine-tuned models, particularly on small-scale
datasets. [Variant used: BEIT-PATCH16-224]

2.3.2 Training and evaluation

Table 2: Training configuration per dataset

Datasets CPSC Mendeley | Tam Duc
Epoch 50 25 50

Batch 256 32 16
Learning rate | 2e-4 2e-4 2e-5
Optimizer AdamW | AdamW AdamW
Train/Test 80/20 85/15 80/20
Multi-label Y N N

To address class imbalance, we applied a stratified split
and class-weighted cross-entropy loss, with weights in-
versely proportional to class frequencies in the training set.
This approach ensures balanced accuracy, which is crucial
in medical diagnostics, where missing rare cases can have
serious consequences.

We employed 10-fold cross-validation on the full dataset
to guarantee consistent performance estimates. For each
fold, the performance metrics recorded include both Preci-
sion and Recall and F1-Score, which combines both met-
rics for a balanced assessment. Finally, the macro F1-
score across n classes addresses class imbalance and re-
flects overall performance. Additionally, confusion matri-
ces are visualised to aid interpretation.

3 Results

This section presents the performance of three Vision
Transformer-based models (ViT, DeiT, and BeiT) trained
and evaluated on three ECG datasets of different types and
sizes. All models were trained solely using preprocessed
image inputs. For consistency, CPSC signals were con-
verted into 12-lead waveform plots.
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3.1 Dataset summary

We utilised 12-lead ECGs from three datasets to demon-
strate the performance of three model variants. In Section
Method - Table [l| already summarises the characteristics of
the datasets used in this study, including sample sizes, class
labels, and modality. The categorical distribution of the ab-
normality can be seen below in Table B. Due to the low
prevalence of a few classes (236 cases or 3.43% LBBB; 220
cases or 3.20% STE), data were stratified based on clinical
labels to ensure consistent distribution across both training
and testing sets. A new cardiometabolic dataset (Tam Duc)
comprising 170 samples has been introduced for evaluation
utilising real-world clinical data.

Table 3: Distribution of abnormalities per dataset

CPSC Mendeley Tam Duc
1 | 918 SNR 284 Normal 99 Control
2 | 1221 AF 240 MI 71 Disease
3 | 722 IAVB 172 MI his
4 | 236 LBBB 233 Abnormal
5 | 1857 RBBB
6 | 616 PAC
7 | 700 PVC
8 | 869 STD
9 | 220 STE

3.2 Classification performances - ECG
signal dataset

Although studies have been utilising the CPSC 2018 [2§]
[8], none of them have attempted shorter segments of the
original signal or converted those to an imaging-based
model. To evaluate our model, we compare it with ma-
chine learning classifiers as baselines for comparison. Our
baseline classifiers used extracted statistical features as in-
put for training, algorithms including Logistic Regression
(LR), Random Forest (RF), Multilayer Perceptron (MLP),
and Gradient Boosting Tree (GBT).

Table 4: Our ViT vs. baseline classifiers on CPSC dataset:
Overall 10-fold CV performance

LR | RF | MLP | GBT | Ours
Accuracy | 040 | 0.36 | 0.45 | 0.50 | 0.93
Precision | 0.58 | 0.88 | 0.54 | 0.84 | 0.71
Recall 0.41 | 0.34 | 048 | 0.49 | 0.61
Fl-score | 0.47 | 0.44 | 0.50 | 0.58 | 0.65

From Table §, macro F1-scores are shown for all classes.
With the exception of IAVB and STE, the harmonised F1-
scores for the other classes ranged from 0.54 to 0.88. Our
model also delivers the highest average performance across
all classes, with a 7% improvement over the second model,
GBT at 0.58.

To demonstrate the best fold’s performance, confusion
matrix is shown in Figure §.
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Table 5: Our ViT vs. baseline classifier on CPSC dataset:
F1-score per class performance

LR | RF | MLP | GBT | Ours
SNR 0.50 | 0.46 | 0.47 | 0.62 | 0.60
AF 0.58 | 0.58 | 0.62 | 0.74 | 0.85
IAVB 0.30 | 0.04 | 0.29 | 0.28 | 0.36
LBBB 0.77 | 0.84 | 0.70 | 0.88 | 0.79
RBBB 0.80 | 0.84 | 0.78 | 0.85 | 0.78
PAC 0.03 | 0.02 | 0.24 | 0.20 | 0.54
PVC 0.59 | 0.59 | 0.65 | 0.70 | 0.74
STD 041 | 0.38 | 0.50 | 0.61 | 0.59
STE 024 | 0.17 | 0.28 | 0.30 | 0.48
Average | 0.47 | 0.44 | 0.50 | 0.58 | 0.65

ViT on CPSC: One-vs-Rest Confusion Matrices per Class
SNR AF IAVB
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Figure 5: Best fold performed on CPSC dataset: Confusion
matrix from fold no.5

Among all arrhythmia categories, the predictions for AF,
LBBB, RBBB, and PVC were the most accurate in signal-
based models, with F1 scores of 0.85, 0.79, 0.78, and 0.74,
respectively. However, the model struggles to correctly
identify positive cases of IAVB, resulting in a high num-
ber of false negatives — 52 out of 72 cases. This difficulty
likely stems from the challenge of diagnosing IAVB in clin-
ical practice due to its subtle features and overlap with other
conditions. A similar pattern is observed in the STE class,
as diagnosis can be challenged for clinical interpretation;
[5] the performance of this class could reduce the overall
macro metrics, as nearly half of the cases are being incor-
rectly identified (9 false negatives over 22 STE.). There-
fore, interpretation should take this into account.

3.3 Classification performances - ECG
image datasets

In this extended research, we enhance Cardio Care capabil-
ities on small-scale datasets by utilising two variants of the
ViT: Deit and Beit. On the Mendeley dataset (N=929), ViT
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and DeiT models outperformed BeiT and previous stud-
ies, achieving a precision, recall and overall F1 score of
0.99. Meanwhile, Sadaq et al. achieved an overall F1
score of 0.98 with a lightweight 4-layer CNN [22], whereas
Abubaker et al. obtained the same F1 score but with a
slightly better recall of 0.99 compared to 0.98 using 2D
CNN network []1f].

Table 6: Our Transformer variants vs. CNNs on Mendeley
dataset: Overall 10-fold CV performance

2D Light | ViT | DeiT | BeiT
CNN | CNN
Accuracy | 0.98 | 0.98 0.99 | 0.99 | 0.86
Precision | 0.98 | 0.98 0.99 | 0.99 | 0.85
Recall 0.99 | 0.98 0.99 | 0.99 | 0.85
Fl-score | 0.98 | 0.98 0.99 | 0.99 | 0.85

Table 7: Our best model ViT vs.
dataset: per class performance

CNNs on Mendeley

Metric 2D Light | Ours
CNN | CNN
Normal | Precision | 0.97 - 1
Recall - - 1
F1 - - 1
Abnorm | Precision | 1 - 1
beat Recall - - 0.98
F1 - - 0.99
MI Precision | 0.98 - 1
Recall - - 1
F1 - - 1
MI his Precision | 0.98 | - 0.96
Recall - - 1
F1 - - 0.98
Average | Precision | 0.98 | 0.98 | 0.99
Recall 0.99 | 0.98 0.99
F1 0.98 | 0.98 0.99

Overall, with the Mendeley sample size and balanced
class distributions, ViT continues to deliver the strongest
results among all models. DeiT serves as a comparable al-
ternative to ViT, exhibiting similar performance (0.992 and
0.993, respectively).

In each individual class, ViT’s performance per class
can be found in Table [, achieving 100% F1-scores for
healthy and myocardial infarction subjects, 99% for abnor-
mal heartbeat conditions, and 98% for individuals with a
history of myocardial infarction.

In this study, we explore all three Transformer variants
on another private image-based dataset (Table §). Our ViT
model achieves the highest F1-score of 0.81 compared to
the other two variants.
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Table 8: Our Transformer variants on the private Tam Duc
dataset: Overall 10-fold CV performance

ViT | DeiT | BeiT
Accuracy | 0.82 | 0.82 | 0.82
Precision | 0.85 | 0.87 | 0.87
Recall 0.80 | 0.78 | 0.78
Fl-score | 0.81 | 0.79 | 0.79

3.4 Explainability with Grad-Cam

To enhance model interpretability, we applied Gradient-
weighted Class Activation Mapping (Grad-CAM) to visu-
alise the attention distribution of the ViT on ECG images.
Grad-CAM heatmaps were overlaid on the original input
images to highlight regions that contributed most signifi-
cantly to the model’s predictions. Our Grad-Cam function
successfully explains abnormal heartbeat and myocardial
conditions in a balanced data set (Mendeley).

Representative examples are shown in Figure f§ and ff,
drawn from the Mendeley dataset. In correctly classi-
fied abnormal ECGs with myocardial infarction, the atten-
tion maps consistently focused on waveform segments with
clinical relevance—such as ST-segment deviations and ir-
regular QRS morphology. Notably, Grad-CAM confirmed
that the model does not depend on irrelevant regions (e.g.,
gridlines or metadata text), thereby further validating the
efficacy of the preprocessing pipeline.

4 Discussion

This study offers notable contributions, including the fol-
lowing key points:

— We extend the Cardio Care pipeline by evaluating
three Vision Transformer architectures—ViT, DeiT,
and BEiT—for the classification of cardiac abnormal-
ities from ECG images.

— We benchmark model performance on real-world ECG
report images, using three datasets of varying size and
modality.

— We demonstrate the feasibility of deploying Vision
Transformer-based models in low-resource clinical
settings where only image-based ECG inputs are avail-
able.

— We integrate a Grad-CAM-based explainability fea-
ture into the pipeline, enabling visual interpretation
of the model’s attention on ECG waveform regions to
support clinical decision-making.

4.1 Model performance and generalisability

Despite the relatively small sample sizes of the image-
based datasets, the Vision Transformer models demon-
strated competitive performance in ECG classification. On
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History of MI

Figure 6: We evaluate our GradCam function (features ex-
tracted from the second and third-to-last layers: highlight
in yellow and red for elevated ST segments) to predict my-
ocardial infarction and a history of myocardial infarction
cases [Random subjects - ID No. 10 in each class]

Figure 7: We evaluate our GradCam function (features ex-
tracted from the second and third-to-last layers: highlight
in yellow and red for flutter or fibrillation segments) to pre-
dict abnormal heartbeat [Random subject]

the Tam Duc Cardiometabolic dataset, the best-performing
model achieved a macro F1-score of 0.81, while the Mende-
ley dataset yielded extremely well performance (F1-score
of 0.99), with balanced precision and recall across classes.
These results indicate that Vision Transformers are capable
of effectively capturing clinically relevant waveform fea-
tures from real-world ECG images.

Among the evaluated architectures, ViT consistently out-
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performed or matched DeiT and BeiT across all datasets, re-
inforcing its suitability for ECG image interpretation tasks.
Compared to prior CNN-based approaches [[Il, 22], ViT-
based models achieved superior results, particularly in gen-
eralisation and consistency across input variations. This
endorses the ongoing incorporation of transformer-based
methodologies into image-oriented diagnostic procedures
within resource-limited clinical settings.

A key addition in this study was the implementation of a
Grad-CAM-based explainability module to visualise where
the model concentrates on the ECG waveform. This feature
is crucial for enhancing transparency and building clinical
trust in Al systems. Grad-CAM heatmaps revealed that the
models mainly focus on leads and segments that are patho-
logically relevant, which enhances the interpretability of
the predictions and supports the decision-making process.

4.2 Limitations and further research

This study has several limitations. First, the CPSC and
Tam Duc datasets exhibit class imbalance, which may in-
troduce bias or skew evaluation metrics despite the use of
class-weighted loss functions. Future work should explore
advanced strategies for handling imbalance, such as focal
loss or synthetic data augmentation. Although Transformer
models such as ViT are capable of learning from small
datasets due to pretraining, recent studies suggest that train-
ing at large-scale (from 100000 samples) may be necessary
to fully exploit their capacity and improve generalisability
in clinical applications.

Secondly, the Grad-CAM visualisations, while effective
on the larger Mendeley dataset, showed limited interpretive
clarity on the smaller Tam Duc dataset. This limitation is
likely due to the restricted sample size, which may constrain
the model’s ability to form robust attention patterns. In low-
data scenarios, the model may lack sufficient examples to
produce consistent or clinically meaningful explanations.
This highlights the need for either larger annotated datasets
or the adoption of interpretability-focused architectures op-
timised for small-sample learning.

Lastly, although the model was evaluated across three
datasets with different label structures, its diagnostic cov-
erage remains limited to major rhythm classes and binary
disease classification. Future work should aim to expand
the model’s label space to include more granular and rare
ECG abnormalities, and explore multi-task learning to cap-
ture broader cardiovascular and metabolic risk profiles.

5 Conclusion

While modern ECG analysis techniques have demonstrated
high diagnostic accuracy, their dependence on digital signal
data presents limitations in low-resource and image-only
clinical environments [[12]. This study demonstrates that
integrating Vision Transformer architectures into ECG im-
age classification pipelines offers a viable and effective al-
ternative.
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By benchmarking ViT, DeiT, and BEiT models across
datasets—including a real-world clinical ECG image
dataset—we show that these models can achieve strong
classification performance, even with limited data. The in-
clusion of a Grad-CAM-based explainability module fur-
ther enhances the transparency of the pipeline, making it
more suitable for clinical decision support.

These findings support using image-based deep learning
in cardiac screening, especially where access to digitised
ECG data is limited.
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During disasters, a large volume of messages are posted on social networking services (SNS). Some of
these messages contain behavioral facilitation information, which either encourages or discourages spe-
cific actions. However, the interpretation of such information depends on the personality traits of the
individuals affected. In this study, we hypothesize that victims’ personality traits influence their perception
of behavioral facilitation information, and we analyze the characteristics of these differences. Focusing on
typhoons, we propose a method for extracting behavioral facilitation information from posts on X (formerly
Twitter) during typhoon-related disasters. The extracted information is then classified into four content-
based categories: suggest, inhibition, encouragement, and wish. Furthermore, we categorize individual
personality traits into five dimensions (the Big Five), and also take into account their age and sex. We then
analyze how the perception of each type of behavioral facilitation information varies according to these
traits. Our analysis reveals that, during disasters, the interpretation of behavioral facilitation information
exhibits distinct and consistent patterns depending on the personality traits of the victims.

Povzetek: Razvili so razsirjen in razlozljiv sistem Cardio Care za racunalnisko analizo EKG. Preverili so
modele ViT, DeiT in BEIT — najboljsi je ViT. Dodali so Grad-CAM za vizualna pojasnila, sistem pa deluje

tudi z mobilnimi fotografijami papirnih EKG-jev.

1 Introduction

In recent years, we have seen an increase in the fre-
quency of large-scale natural disasters, including typhoons,
heavy rainfall, and earthquakes, affecting wide areas. Dur-
ing these disasters, it is critical to promptly provide ac-
curate and essential information to those affected. Cur-
rently, many people use social networking services (SNS)
to share and access disaster-related information. On these
platforms, not only general users and disaster victims but
also local governments and other government agencies are
proactively sharing information[1]. Among many mes-
sages posted on SNS during disasters, a significant num-
ber include instructions such as “Please evacuate” or “Keep
away from the river.” These messages are intended to en-
courage or discourage certain behaviors and are known to
have a significant impact on people’s evacuation decisions.
In this study, we refer to such content as “behavioral facil-
itation information” (hereinafter “BF information”).

Our previous research has focused on extracting the BF
information from SNS with the goal of influencing read-
ers’ actions[2][3][4]. BF information can change and may
encourage or discourage certain behaviors. Here, we pro-
pose a method to automatically extract BF information from

large amounts of disaster-related SNS content and classify
it into four types based on its communicative intent: “Sug-
gest,” “Inhibition,” “Encouragement,” and “Wish.” We
collectively refer to these four categories as BF information
types. While BF information can be effective in guiding
disaster victims, it can also have unintended or counterpro-
ductive effects. For example, Kimura' notes that a message
like “The river is overflowing and dangerous, so please stay
away” might lead most people to avoid the area out of fear.
However, some individuals—driven by strong curiosity or
a sense of responsibility—might feel compelled to move to-
ward the danger to observe the situation, acting against the
message’s intent. This suggests that the same information
can be interpreted differently depending on readers’ person-
ality traits, potentially leading to adverse outcomes.

Based on these observations, we hypothesize that indi-
vidual personality traits influence how BF information is
perceived during disasters. This study, therefore, analyzes
the relationship between different types of BF information
and the reader’s personality characteristics. For person-
ality modeling, we adopt the Big Five personality frame-
work. This framework is a widely recognized and fun-
damental model in psychology for understanding human

'https://president.jp/articles/-/71423
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personality, describing it across five key dimensions: “Ex-
traversion,” “Agreeableness,” “Conscientiousness,” “Neu-
roticism,” and “Openness.” We use these five factors as
the reader’s personality traits in our analysis. This study
specifically focuses on disasters caused by typhoons, and
we use X (formerly Twitter) as our target SNS platform for
information sharing and analysis.
The main contributions of this study are:

— A method for extracting BF information and classify-
ing it into four BF information types.

— An analysis of how each BF information type in-
fluences readers based on their different personality
traits.

These contributions will help develop systems that can de-
liver more effective, disaster-related information, tailored
to the unique personality traits of each individual victim.

2 Related work

Numerous studies have been conducted on extracting im-
portant information from social networking services (SNS)
during disasters. Xiaodong et al. [5] focused on the lin-
guistic, sentimental, and emotional characteristics unique
to messages on SNS and proposed a model that classifies
tweets into disaster-related and non—disaster-related cate-
gories. Paul et al. [6] analyzed tweets related to typhoons
that occurred between 2012 and 2018 and applied BERT
to classify tweets regarding power outages and communi-
cation failures into specific categories. Yasin et al. [7]
employed machine learning methods to classify disaster-
related tweets into six labels—Need rescue,” “Disabled
persons, elderly, children, women,” “Need water,” “In-
jury,” “Illness,” and “Flooding”—to identify the informa-
tion necessary to assist the tweet authors. These studies
have categorized disaster or damage information, such as
“Rescue,” “Donation,” and “Tsunami,” into topic-specific
categories. In contrast, our study differs in that it focuses
on classifying and analyzing BF information that facilitates
or discourages specific actions.

Research focusing on personality traits about disaster-
related information has also been conducted. Gupta et al.
[8] analyzed human behavior during evacuation by focus-
ing on personality traits to predict traffic conditions dur-
ing disasters, demonstrating that evacuation behaviors dif-
fer depending on individual personality traits. While this
study is similar to ours in that it analyzes differences in re-
actions based on personality traits, our work differs in that it
targets reactions to behavioral facilitation information dur-
ing disasters explicitly.

In addition, many studies have analyzed tweets during
disasters. Roy et al. [9] analyzed follower counts and ac-
tivity patterns of readers during hurricanes, showing that
those who provide effective information during disasters
are not solely determined by their posting frequency. Lu
et al. [10] analyzed deleted tweets and demonstrated that

A. Nadamoto et al.

non-effective content can be classified into ten categories.
David et al. [11] classified tweets into 11 categories, such
as “Need help” and “Looking for someone,” and conducted
sentiment analysis, showing that tweets during disasters
mainly consist of support or suggestion messages. Ya-
mada et al. [12] analyzed tweets during the 2018 West-
ern Japan heavy rain disaster, focusing on the number of
tweets over time, the use of hashtags and emojis, the num-
ber of retweets, and the number of tweets containing news
article URLs. Nishikawa et al. [13] analyzed the content
and trends of tweets tagged with rescue-request hashtags
posted during the 2018 Western Japan heavy rain disaster.
These studies analyzed tweets with a focus on aspects such
as tweet frequency, hashtags, keywords, and sentiment. In
contrast, our study differs in that it classifies tweets by type
of behavioral facilitation information and analyzes them
with a focus on the personality traits of the readers.

3 Extraction of behavioral
facilitation information

3.1 Target scope of behavioral facilitation
information

In this study, we define BF information as content that ex-
plicitly urges or discourages others from taking specific ac-
tions. We have excluded tweets that imply certain behaviors
without direct language. For example, the sentence, “This
typhoon has very strong winds, so let’s bring the flower
pots indoors before it arrives,” explicitly encourages peo-
ple to bring flower pots indoors. Therefore, we classify it
as BF information. In contrast, a sentence like, “The wind
is really strong with this typhoon—what would happen if
someone went outside today?” implies a cautionary tweet.
However, it does not explicitly instruct any behavior, so we
have excluded it from our analysis.

3.2 Extraction method for BF information

Methodology for Extracting BF Information

We utilize RoBERTa [14], a Transformer-based bidirec-
tional language model for natural language understanding,
to extract BF information from tweets on X. Our previous
studies [15] have shown that RoOBERTa provides a practi-
cal level of accuracy when compared to both rule-based ap-
proaches and other deep learning models. For our imple-
mentation, we use the PyTorch framework 2 and initialize
the model with a Japanese pre-trained RoOBERTa model °.
Preprocessing and Model Architecture

We first remove URLs and user account names from each
tweet. We then use Juman++ # for morphological analysis.
The resulting tokens are fed into the Japanese RoBERTa

’https://pytorch.org/

Shttps://huggingface.co/nlp-waseda/
roberta-base-japanese

“https://nlp.ist.i.kyoto-u.ac.jp/JUMAN
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model, and we extract the distributed representations from
the final layer. These representations are then passed to a
fully connected layer. We fine-tune the model so that the
output of this layer classifies whether the input corresponds
to BF information or not. We determined the following hy-
perparameters through a grid search: the number of hidden
layers = 12, vector size = 768, batch size = 32, the number
of epochs = 5, learning rate = 0.001, and dropout rate = 0.1.
We adopt the Adam optimizer [16] for training.

Dataset and Evaluation

For fine-tuning, we use a dataset of tweets posted dur-
ing Typhoon Faxai (Typhoon No. 15), which struck the
Bosd Peninsula in Chiba Prefecture in September 2019 °.
The dataset consists of 24,430 tweets collected between
September 6th and 18th, 2019. This dataset is balanced,
with 12,215 tweets labeled as BF information and 12,215
as non-BF information. In this study, one tweet is con-
sidered a single instance of BF information. As our prior
work [15] already includes a detailed comparative analy-
sis of various models (e.g., rule-based, Bi-LSTM, BERT,
and RoBERTa), this paper shows only the results of a five-
fold cross-validation for the RoOBERTa model, as shown in
Table 1. Table 1 demonstrates that the RoBERTa-based
model achieves higher accuracy in extracting BF informa-
tion. Therefore, we have adopted this model for our further
analysis of disaster-related tweets.

Table 1: Performance of BF information extraction mode
Model Precision | Recall | Fl-score | AUC
RoBERTa 0.900 0.949 0.924 0.973

4 Classification of BF information
types

We propose a classification model that categorizes the ex-
tracted BF information into predefined BF information
types, as described below.

4.1 Definition of BF information types

BF information includes various forms of information that
encourage or discourage specific actions, such as “Please be
careful with...” or “Do not....” Yamamoto et al. [17] extract
BF information during large-scale disasters and conducted
a feature analysis, based on which they proposed the fol-
lowing five types of BF information:

— Suggest Type
This type includes content that recommends the read-
ers take a specific action. For instance: “The nearby
river is rising. Please evacuate immediately.”

— Inhibition Type
This type discourages or prohibits the readers from

Shttps://ja.wikipedia.org/wiki/
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taking certain actions. For example: “The river is
swelling due to heavy rain. Please avoid approaching
it.”

— Encouragement Type
This type contains content aimed at emotionally en-
couraging the readers. For example: “There are still
power outages and food shortages, but let’s keep go-
ing together.”

— Wish Type
This type expresses the poster’s own wishes. For ex-
ample: “We don’t have enough food. Please come and
help us soon.”

— Other Type
This type includes information that does not classify
any of the above types.

4.2 The BF information type classification
model

We utilize the Japanese pre-trained ROBERTa model as the
base for our classification framework. Fine-tuning is per-
formed using a dataset of disaster-related tweets, each an-
notated with one or more of the four BF information types.
Feature vectors are obtained from the final output layer of
RoBERTHa, specifically from the representation correspond-
ing to the [CLS] token.

Prior to inputting the tweets into the model, we con-
duct morphological analysis using Juman++ ®. As part of
the preprocessing, URLs and user account names (handle
names) are removed from the tweet texts.

The hyperparameters of the ROBERTa model are deter-
mined using grid search. The number of hidden layers is set
to 12, the vector size to 768, batch size to 16, learning rate
to 0.000005, and dropout rate to 0.1. We adopt AdamW as
the optimizer for training.

(1) Independent (Single-Label) Models

We construct separate binary classifiers for each of
the four BF information types. Each classifier inde-
pendently determines whether its corresponding label
should be assigned to a given piece of BF information.
For each binary classifier, the input representation is
taken from the final hidden state corresponding to the
[CLS] token in the RoBERTa model. This vector is
fed into a fully connected layer and fine-tuned to per-
form binary classification. By aggregating predictions
across the four classifiers, we achieve multi-label clas-
sification.

(2) Unified Multi-Label Model
We also construct a single model that simultane-
ously performs multi-label classification across all
four BF information types. In this approach, a four-
dimensional fully connected layer is added to the

®https://nlp.ist.i.kyoto-u.ac.jp/JUMAN



486 Informatica 49 (2025) 483494

[CLS] token output of the final layer. A sigmoid ac-
tivation function is applied to each unit, and the re-
sulting values represent the probability that each cor-
responding label applies. Labels with predicted prob-
abilities exceeding a threshold of 0.5 are assigned to
the input instance. This model allows for simultane-
ous prediction of multiple labels in a single forward
pass.

4.3 Evaluation of the BF information type
classification model

To assess the effectiveness of the proposed classification
model for BF information types, we conducted evaluation
experiments.

4.3.1 Evaluation data

For the evaluation of our model, we used data from two
major typhoons: (1) Typhoon Faxai in 2019 (September 6—
18), and (2) Typhoon Nanmadol in 2022 (September 16—
27). Typhoon Faxai was characterized by heavy rainfall,
while Typhoon Nanmadol featured strong winds.

We use crowdsourcing to annotate the 10,000 extracted
tweets of BF information with their respective information
types. A total of ten annotators participated in this task.
Each tweet could be assigned one or more of the follow-
ing four labels: “suggest,” “inhibition,” “encouragement,”
and “wish.” Annotators were allowed to assign one or more
labels to a single instance if applicable. For each BF infor-
mation, if six or more annotators agree on a particular la-
bel, that label is assigned to the tweet. BF information that
does not satisfy this criterion is regarded as “Others” and
is excluded from consideration in this study. BF informa-
tion that does not meet the threshold of six is classified as
“Others” and excluded from use in this study. The results
of the multi-label annotation conducted via crowdsourcing
are shown in Table 4. The counts for each BF information
type include instances that may have been labeled with mul-
tiple types—for example, those labeled as both “Suggest”
and “Inhibition” are counted in both categories. As seen
in Table 4, there is an evident imbalance in the number of
instances per label. The decision to annotate only 10,000
tweets was made to reduce the annotation cost; however,
this led to a shortage of data for specific labels. To address
this, we applied oversampling. Among the various over-
sampling techniques, we adopted Easy Data Augmentation
(EDA) [18]. We set the EDA hyperparameter o to 0.05 and
the number of generated samples per original tweet (n4ug)
to 16. We used the implementation available in daaja 7 to
perform the augmentation. The number of instances before
and after oversampling is presented in Table 3.

EEINT3
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4.3.2 Validation of oversampling

To evaluate the effectiveness of the oversampling process,
we compared model performance before and after applying
EDA (as shown in Table 3). The same model architecture
was used in both conditions.

For fine-tuning, we performed five-fold cross-validation
using 80% of the data for training and 20% for testing. As
shown in Table 6 (1) and (2), the models trained using over-
sampled data consistently performed better than the models
trained using non-oversampled data. These results validate
the utility of the oversampling method, and we therefore
adopted the oversampled dataset for training in this study.

4.3.3 Evaluation of the classification model

To further validate the proposed BF information type
classification model, we conducted a comparative exper-
iment. Our proposed model performs multi-label classi-
fication. As a baseline, we constructed binary classifica-
tion models—one for each label—where each model dis-
tinguishes between positive and negative examples of that
label.

All models used the RoBERTa Japanese Pretrained
model. For binary classification, 20% of the oversampled
data for each label was used as positive examples, while
the same number of negative examples (instances without
that label) was randomly sampled. This resulted in a to-
tal of four binary classifiers. Both the proposed multi-label
model and the binary classifiers were trained using five-fold
cross-validation on the oversampled data shown in Table 5.

Table 6 shows the results. While the binary classifiers (3)
achieved slightly better performance in terms of accuracy,
precision, recall, F1-score, and AUC, the proposed model
(1) required 3.93 times less computation time. This is be-
cause the binary classifiers needed to evaluate each instance
using four separate models. Thus, considering both perfor-
mance and efficiency, the proposed model demonstrates ef-
fectiveness in classifying BF information types.

S Analysis of the relationship
between personality traits and
types of BF information

The relationship between the readers’ personality traits and

the types of BF information is analyzed through the follow-
ing procedure:

1. Determine the personality traits of potential partici-
pants using the TIPI-J questionnaire.

2. Select participants based on the results obtained in step

(D.

3. Administer a questionnaire to the participants regard-
ing the perceived usefulness of BF information.
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Table 2: Number of BF information per typhoon

No. Typhoon Total Instances | Instances Used for Training
1 Faxai (2019) 12,215 5,000
Nanmadol (2022) 67,378 5,000

Table 3: Number of BF information before and after over-

sampling
Type Before oversampling | After oversampling
Suggest 985 16,745
Inhibition 260 4,420
Encouragement 491 8,347
Wish 798 13,566

Table 4: Labeling results of BF information types

Label Number of BF information
Suggest 8,078
Inhibition 122
Encouragement 230
Wish 617
Suggest and Inhibition 132
Suggest and Encouragement 249
Suggest and Wish 163
Wish and Encouragement 10
Inhibition and Wish 6
Suggest, Wish, and Encouragement 2
Others 391

4. Analyze the relationship between the readers’ person-
ality traits and the types of BF information based on
the questionnaire results.

5.1 Questionnaire survey
5.1.1 Determination of personality traits

This study uses the Big Five personality traits, a widely
accepted model in psychology, to determine the readers’
personality. As shown in Table 7, the Big Five model cat-
egorizes human personality into five factors: “Extraver-
sion,” “Agreeableness,” “Conscientiousness,” “Neuroti-
cism,” and “Openness.” To identify these traits, we con-
ducted a questionnaire survey based on the Big Five model.
To minimize the burden on participants, we used the Ten
Item Personality Inventory — Japanese version (TIPI-J),
proposed by Oshio et al. [19]. This scale measures person-
ality traits using only ten questions, which are presented
in Table 8. For each item, participants provided their re-
sponses on a seven-point Likert scale, ranging from “1:
Strongly disagree” to “7: Strongly agree.”

5.1.2 Selection of participants

The TIPI-J allows for flexible determination of individu-
als with high or low levels of each personality trait. In this
study, the thresholds for each personality trait were deter-
mined based on a crowdsourcing based survey. The ques-
tionnaire in Table 8 was administered to 1,000 male and
female participants aged 20 or over as a screening survey.

The results showed that, for all personality traits, a score
of 8 was significantly more frequent than other scores.
Therefore, in this study, we define individuals scoring 10 or
higher (i.e., +2 points above the base score of 8) as having
“high” levels of that trait, and individuals scoring 6 or lower
(—2 points or more below 8) as having “low” levels of that
trait. Furthermore, individuals often possess multiple per-
sonality traits. For the analysis of the relationship between
personality traits and BF information types, it is necessary
to decide whether to analyze each trait independently or to
account for combinations of traits. In the former approach,
a participant with both high extraversion and high openness
is treated separately as “high extraversion” and “high open-
ness.” In the latter, the same participant would be treated as
“high in both extraversion and openness,” and not as “high
extraversion” or “high openness” individually. To make
this decision, we calculated the correlation coefficients be-
tween traits. If strong correlations were observed, an anal-
ysis considering multiple traits would be warranted. The
correlation coefficients are shown in Table 10. We find that
the highest correlation coefficient was 0.48, indicating only
weak correlations between traits. Therefore, in this study,
we analyze each trait independently without accounting for
inter-trait influences. From the screening survey results, in-
dividuals with high and low scores for each trait were ex-
tracted, resulting in 248 participants. The distribution of
participants by personality trait is shown in Table 11.

When selecting participants for each trait, three patterns
can be considered:

1. Select only individuals who have high (or low) levels
of the target trait and do not have high (or low) levels
in any other trait.

2. Select individuals with high (or low) levels of the tar-
get trait regardless of other traits, but do not reuse their
data for other traits.

3. Select individuals with high (or low) levels of the tar-
get trait regardless of other traits, and allow reuse of
their data for other traits.

Pattern (1) has the drawback of resulting in very few eligi-
ble participants. Pattern (2) may lead to variations in anal-
ysis results depending on which individuals are selected.
Therefore, in this study, we adopt Pattern (3).

5.1.3 Survey data

The data used for the questionnaire survey was collected
during Typhoon No. 15 in 2022 (September 22nd—24th,
2022). We used our proposed BF information extraction
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Table 5: Number of positive and negative data

Type Positive Samples | Negative Samples | Total
Suggest 985 985 1,970
Inhibition 260 260 520
Encouragement 491 491 982
Wish 798 798 1,596
Table 6: Performance results of each model
Model Type Accuracy | Precision | Recall | Fl-score | AUC
Suggest 0.958 0973 | 0969 | 0.971 | 0.981
Inhibition 0.992 0.930 0.952 0.940 0.996
(1) Proposed Model Encouragement 0.971 0.886 0.912 0.898 0.981
Wish 0.984 0.968 | 0.956 | 0.962 | 0.99%4
Average 0.976 0.939 0.947 0.943 0.988
Suggest 0.878 0.893 | 0.949 | 0920 | 0.926
Inhibition 0.961 0.512 0.515 0.512 0.930
(2) Multi-label Model (Without Oversampling) | Encouragement 0914 0.650 0.500 0.545 0.914
Wish 0.927 0.889 | 0762 | 0.819 | 0.963
Average 0.920 0.736 0.682 0.699 0.933
Suggest 0.966 0961 | 0.972 | 0.966 | 0.992
Inhibition 0.990 0.989 0.992 0.990 0.998
(3) Single-Label Models Encouragement 0.969 0.961 0.978 0.969 0.993
Wish 0.986 0.983 0.989 0.986 0.995
Average 0.978 0.973 0.983 0.978 0.994
Table 7: Descriptions and characteristics of each big five trait
Trait Description Characteristics
Extraversion Measures sociability, proac- | Individuals with high extraversion tend to take action immediately once
tivity, and activeness they have an idea, and are energetic. They are assertive, capable of ex-
pressing their opinions, and skilled at speaking in front of large groups.
They may feel bored in environments lacking stimulation.
Agreeableness Measures empathy, consid- | Individuals with high agreeableness enjoy pleasing and serving others,
eration, and compassion to- | and tend to prioritize others’ success over their own. They dislike con-
ward others flict and may suppress their own opinions to maintain harmony and fa-
cilitate smooth interactions.

Conscientiousness | Measures self-control over | Individuals with high conscientiousness are focused and disciplined to-
emotions and actions, and a | ward clear goals, demonstrating perseverance and responsibility. They
strong sense of responsibil- | tend to think carefully before acting, which may slow down their behav-
ity ior.

Neuroticism Measures the intensity of re- | Individuals with high neuroticism are more sensitive to negative events
sponses to negative stimuli | and prone to stress. They may become irritated or panic when things do
not go as planned.
Openness Measures intellectual cu- | Individuals with high openness actively engage in new experiences and
riosity and imagination enjoy novel environments. They are skilled at expressing their feelings
and emotions to others, and tend to dislike being constrained by strict
rules.

and classification models to categorize the BF informa-
tion by type. From the 51,599 BF information automat-
ically extracted by our proposed model, the classification
results were as follows: 22,911 of the Suggestive type,
588 of the Inhibitive type, 1,983 of the Encouragement
type, and 2,959 of the Expressive type, with the remainder
categorized as Other. We randomly sampled 50 instances
from each of the four main types to create our experimental
dataset.

5.1.4 Flow of survey

We used a crowdsourcing platform to conduct a question-
naire survey with the selected participants. The survey data,
which were categorized by BF information types, were pre-
sented to the participants randomly. Participants were in-
structed beforehand to imagine themselves as victims of a
major typhoon and to answer each question from that per-
spective. They were asked to read each tweet with BF infor-
mation and respond to a corresponding question based on
the type: “Did you want to take action?” for the Suggestive
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Table 8: TIPI-J questionnaire items for personality trait assessment

Item

Question

—_

I see myself as active and extraverted.

I see myself as reserved and quiet.

O 03N N B W

—_
(e}

I see myself as someone who has complaints about others and tends to get into conflicts.
I see myself as dependable and self-disciplined.

I see myself as anxious and easily upset.

I see myself as open to new experiences and having unconventional ideas.

I see myself as considerate and kind to others.

I see myself as disorganized and careless.

I see myself as calm and emotionally stable.

I see myself as lacking in creativity and ordinary.

Table 9: Calculation method for personality traits

Trait Calculation
Extraversion Item 1+ (8-Ttem6)
Agreeableness Item 7+ (8 -Item 2 )
Conscientiousness | Item 3 + ( 8 - Item 8§ )
Neuroticism Item 4 + (8 - Item 9 )
Openness Item 5+ (8 -Item 10)

type, “Did you want to stop the action?” for the Inhibitive
type, “Did you feel encouraged?” for the Encouragement
type, and “Did you want to respond to the request?” for
the Expressive type. Responses were rated on a four-point
Likert scale, with “1: Strongly disagree,” “2: Disagree,”
“3: Agree,” and “4: Strongly agree.”

5.1.5 Survey results

In this study, we regard BF information with higher evalu-
ation scores in the questionnaire results as more “effective
information.” In this study, we define “effective informa-
tion” as BF information presented to the reader that they
perceive as prompting them to take the action described.
Table 12 shows the average questionnaire results. The
scores shown here are the raw evaluation scores from the
questionnaire.

5.2 Analysis of relationship between
personality traits and BF information

types

Based on the survey results, we performed three types of
analysis: a comparative analysis of high vs low personal-
ity trait groups, a comparison between different personality
traits, and a comparison between different BF information

types.
5.2.1 Comparative analysis by high and low levels of
each personality trait

We conducted this analysis to understand the characteristics
of how each personality trait influences the effectiveness of

different BF information types. We used the survey results
from Table 12. As our analytical method, we employed the
Brunner-Munzel test, which is suitable for comparing two
independent groups without assuming equal variances. We
conducted a one-sided test at a 5% significance level. The
null hypothesis (H() was that “there is no difference in the
perceived effectiveness between the high and low personal-
ity trait groups.” The alternative hypothesis (H;) was that
“the high personality trait group perceives the information
as more effective than the low personality trait group.”

In this analysis, we focused on comparing the high and
low groups for each specific trait and did not consider the
interactions between different traits. Therefore, we did not
apply multiple comparison corrections such as the Bonfer-
roni correction. The results are shown in Table 13.

Results and Discussion
A significant difference (p < 0.05) was found for the En-
couragement and Expressive types in the high Extraver-
sion group compared to the low Extraversion group. This
suggests that highly extraverted readers find these types of
BF information more effective. We believe this is because
extraverted individuals are more sociable and are thus more
likely to respond to BF information of collective encour-
agement (“Let’s keep going”) or requests for help (“Please
come and help us soon”).

For the high Agreeableness group, a significant differ-
ence (p < 0.05) was also found for the Encouragement
and Expressive types. People with high Agreeableness
tend to cooperate more with others. Therefore, they are
more likely to respond to BF information like “Please...”
or “Let’s work together.” No significant differences were
found for any BF information type in either the high Con-
scientiousness or high Neuroticism groups. This indicates
that the level of Conscientiousness or Neuroticism does not
significantly affect the perceived effectiveness of any BF
information type.

For the high Openness group, significant differences
(p < 0.05) were found for the Suggestive, Encourage-
ment, and Expressive types. This suggests that readers
with high Openness find these types of BF information
more effective than those with low Openness. We believe
this is because people high in Openness are more accepting
of new experiences and are generally more proactive, mak-
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Table 10: Correlation coefficients for personality traits (1,000 participants)

Extraversion | Agreeableness | Conscientiousness | Neuroticism | Openness
Extraversion 1 0.03 0.32 -0.40 0.42
Agreeableness 0.03 1 -0.41 -0.40 0.09
Conscientiousness 0.32 -0.41 1 -0.48 0.32
Neuroticism -0.40 -0.40 -0.48 1 -0.30
Openness 0.42 0.09 0.32 -0.30 1

Table 11: Number of survey participants for each personal-
ity trait

Personality Trait | High | Low
Extraversion 73 111
Agreeableness 119 61
Conscientiousness | 82 106
Neuroticism 94 84
Openness 58 112

ing them more likely to act on these types of information.

5.2.2 Analysis of the relationship between personality
traits and BF information types

(a) Analysis Method by Personality Trait
We evaluate which information types are effective for each
personality trait to analyze the relationship between person-
ality traits and types of BF information. In this analysis, we
use standard scores (deviation values) to capture both the
variation within a single trait group and overall tendencies,
enabling comparison across different personality traits.
The standard score TP, ; for personality trait p with re-
spect to BF information type ¢ is calculated using the fol-
lowing formula:

TP, = (O‘f”_“”) x 10 + 50
Op

Here, o, ; is the score of personality trait p for informa-

tion type i, ji, is the mean score for personality trait p, and
op is the standard deviation of scores for personality trait
p. In this analysis, we define information types with a stan-
dard score above 55 as “effective” for a given personality
trait, and those below 45 as “ineffective.”
(b) Analysis Results and Discussion by Personality Trait
The results of this analysis are shown in Figurel. The
results indicate that for individuals with high levels of
extraversion, agreeableness, or conscientiousness, similar
patterns are observed: the inhibitory and encouraging types
are effective, while the Suggest and Wish types are not.

For highly extraverted individuals, this may be because
they tend to respond quickly and sensitively to stimuli.
Therefore, inhibitory BF information such as “please re-
frain from...” likely elicited strong reactions. Additionally,
since extraverted individuals are typically communicative,
encouraging BF information like “please do your best” may

have resonated with their Wish for connection with others.
Individuals with high agreeableness tend to compromise
and tolerate discomfort. This may explain their receptive-
ness to inhibitory BF information. Furthermore, due to their
prosocial tendencies—such as the Wish to please or help
others—they may have also responded well to encourag-
ing BF information. However, despite the assumption that
wishful BF information (e.g., “Please...”) might also be ef-
fective for agreeable individuals, the results did not support
this. Clarifying this discrepancy remains a topic for future
work. Conscientious individuals are known for their ten-
dency to deliberate carefully before acting. As such, they
may be more inclined to follow inhibitory guidance. Their
trait of being reliable and responsible might also explain the
effectiveness of encouraging BF information.

For individuals with high neuroticism, inhibitory infor-
mation types were found to be effective. This may be
due to their heightened sensitivity to emotions and per-
ceived threats in their environment. BF information like
“Do not...” likely evoked a stronger sense of urgency or
risk, which could have prompted behavioral restraint.

For individuals with high openness, encouraging BF in-
formation is effective. This could be attributed to their
self-awareness and expressiveness. People who are high in
openness are generally good at communicating their feel-
ings, so BF information like “Do your best” may have ap-
pealed to their introspective and expressive nature.

5.2.3 Analysis of the relationship between BF
information types and personality traits

(a) Analysis Method by BF Information Type

We analyze the relationship between each BF information
type and personality traits. As with the previous analysis
that examined personality traits by information type, we use
standard scores (deviation values) to allow for comparison
across traits and account for internal variation. The stan-
dard score T'By, ; for BF information type b and personality
trait j is calculated using the following formula:

QXb,j — Hb
Ob

TBy; = ( ) x 10 + 50

Here, o ; is the score of personality trait j for informa-
tion type b, 1y, is the mean score across all traits for informa-
tion type b, and oy, is the standard deviation for information
type b. In this analysis, we define personality traits with a
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Table 12: Average scores for each BF information type by high and low personality traits

Trait Group | Suggestive | Inhibitive | Encouragement | Expressive
Extraversion High 2.141 2.461 2.492 2314
Low 1.952 2.363 2.207 2.043
Agreeableness High 2.069 2.452 2421 2.257
Low 1.924 2.378 2.132 1.947
Conscientiousness | High 2.082 2.452 2.426 2.270
Low 1.937 2.380 2.203 2.039
Neuroticism High 2.041 2.452 2.295 2.153
Low 2.136 2.448 2.410 2.254
Openness High 2.222 2.442 2.543 2.350
Low 1.856 2.352 2.166 1.997
Table 13: Statistical results for each personality trait
Trait Statistic | Suggestive | Inhibitive | Encouragement | Expressive
Extraversion Statistic -1.243 -0.861 -2.259 -2.352
p-value 0.108 0.195 0.013 0.010
Agreeableness Statistic -1.060 -0.681 -2.148 -2.739
p-value 0.146 0.248 0.017 0.004
Conscientiousness | Statistic -0.740 -0.524 -1.472 -1.575
p-value 0.230 0.301 0.071 0.058
Neuroticism Statistic 0.476 0.030 0.798 0.543
p-value 0.682 0.512 0.787 0.706
Openness Statistic -2.159 -0.739 -2.645 -2.444
p-value 0.017 0.231 0.005 0.008

standard score above 55 as being effectively influenced by
the given information type, and those with a score below 45
as not effectively influenced.

agement

wieh 48 48 48 45 47 I

Conscienti ic Openness

Figure 1: Results of BF information type by personality
traits

(b) Analysis Results and Discussion by Information
Type
The results are shown in Figure 2. For the Suggest type, in-
dividuals with high openness showed positive responsive-
ness, while those with high agreeableness and neuroticism
were less responsive. The standard score was highest for
individuals with high openness, likely because such indi-
viduals are characterized by flexible thinking and a will-
ingness to act in novel situations, enabling them to adapt
well to prompts like “Please do....” Conversely, individ-
uals with high neuroticism had the lowest standard scores.
This is likely due to their tendency to experience heightened
anxiety in disasters, making it difficult for them to respond
appropriately to behavior-prompting BF information. Al-

though agreeable individuals are typically kind and recep-
tive to advice, the results did not show effectiveness for this
group, contrary to expectations. Clarifying this discrepancy
is a topic for future research.

For the inhibitory type, individuals with high extraver-
sion responded positively, while those with high openness
did not. Extraverted individuals tend to respond quickly
to stimuli and are highly sensitive to urgency, which may
explain why they were more responsive to BF information
like “Please do not....” On the other hand, highly open in-
dividuals prefer change and action, making inhibitory BF
information less effective for them.

For the encouragement type, both extraverted and open
individuals showed positive responses, while those with
high neuroticism did not. The highest standard score was
observed among individuals high in openness. Their emo-
tional sensitivity likely enabled them to resonate with BF
information such as “You can do it,” even when received
from unknown users on social media. In contrast, neurotic
individuals, who are prone to pessimism, may not have felt
encouraged by such BF information.

For the Wish type, individuals with high extraversion and
openness were again responsive, while those with high neu-
roticism were not. This pattern is similar to that observed
with the encouragement type. Extraverted people tend to
communicate easily even with strangers, and open individ-
uals are emotionally receptive and willing to act in unfa-
miliar environments. These traits likely contributed to their
positive responses to requests such as “Please help” on so-
cial media.
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In contrast, individuals with high neuroticism tend to ex-
perience heightened anxiety during disasters, which may
have left them unable to respond to such appeals.

- 54 63 56 56 I
a4 51 48 48
46 50 49 50
40 50 35 34
- 35 62 61 I

Suggest Inhibition Encouragement Wish

Figure 2: Results of Personality Traits by BF Information
Type.

6 Conclusion

This study has proposed a method for extracting behav-
ioral facilitation (BF) information from social media dur-
ing disasters and classifying it into four categories: “Sug-
gest,” “Inhibitory,” “Encouragement,” and “Wish.” We ap-
plied the method to typhoon-related SNS posts, conducted a
crowdsourcing-based survey, and analyzed the relationship
between BF information effectiveness and readers’ person-
ality traits measured by the Big Five. Results showed that
high extraversion and agreeableness were associated with
greater receptiveness to Encouragement and Wish types,
while high openness was linked to Suggest, Encourage-
ment, and Wish types. No significant differences were
found for conscientiousness and neuroticism.

Future work will examine BF information effective for
low trait scores, investigate traits with no significant differ-
ences, extend the analysis to other disaster types, and ad-
dress the impact of misinformation.
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The Minimum s-Club Cover problem presents significant challenges in social networks and group interac-
tions analysis. Several studies have employed hybrid approaches to solve this problem, notably combining
local search techniques with multifactorial evolutionary algorithms. To enhance the computational effi-
ciency of such hybrid methodologies, this study proposes a novel local search method designed specifically
for integration with a multifactorial evolutionary framework. The proposed local search algorithm is based
on a combination of greedy and exhaustive strategies. The greedy strategy is applied when selecting clubs,
while the exhaustive strategy is used when determining the appropriate clubs for vertex relocation. Unlike
existing local search methods that operate at the vertex level, the proposed algorithm focuses on manip-
ulating clubs directly. The effectiveness of the proposed approach is evaluated using benchmark datasets
from the DIMACS library. Experimental results demonstrate that the algorithm achieves competitive per-
formance, validating its potential in solving the Minimum s-Club Cover problem.

Povzetek: Raziskava obravnava problem prekrivanja grafa z najmanjsim stevilom s-klubov. Avtorji pred-
lagajo novo lokalno iskalno strategijo, ki deluje na ravni klubov: klube izbirajo s pohlepnim pristopom,
premike vozlis¢ med klubi pa odlocajo z izérpnim preverjanjem. Metoda je zasnovana za vkljucitev v veco-

pravilni evolucijski okvir in na referencnih grafih DIMACS izkaze konkurencno ucinkovitost.

1 Introduction

Graph covering problems are a fundamental and classical
area of graph theory. This subject is also important in nu-
merous mathematical models applied to various real-world
scenarios. There are two distinct types of graph covering:
edge covering and vertex covering. Both variants have re-
ceived considerable research attention and remain active ar-
eas of investigation. and are potential research subjects.

The s-Club model, introduced by Mokken in 1979 [25],
was designed to explore the coverage of vertex sets within a
graph. Created as a fundamental mathematical model, the
s-Club model was intended to facilitate research into in-
formation mining in graphs [15]. The s-Club model has
numerous applications today, including analysing protein
interactions by clustering networks with the minimal num-
ber of s-Clubs [26]. A comparable methodology has been
examined in studies [5, 21, 24, 18] focused on social net-
work analysis. Additionally, the s-Club model has been
utilised to convert graphs into discrete clusters, referred to
as s-Clubs [7].

The s-Club model exists in various forms, with one of
the earliest studied models being the task of identifying the
largest 2-Club, or, more broadly, the largest s-Club (maxi-

mum s-Club). The Maximum s-Club problem is classified
as NP-Hard for s values greater than or equal to 1 [4]. Addi-
tionally, another challenge within the s-Club model [12] in-
volves determining a collection of up to r non-overlapping
s-Club subsets (each containing a minimum of 2 vertices)
such that this collection covers the greatest number of ver-
tices in the graph.

Recently, the approach of relaxing constraints in the s-
Club model has been utilised to tackle the graph coverage
issue. One of the suggested formulations is known as the
Minimum s-Club cover problem [10]. This problem aims
to identify a collection {C7, Cs, ..., Cp} of vertex subsets
from the graph (which may not overlap) so that their com-
bined union encompasses all vertices in the graph, and the
subgraphs formed by each subset C;(1 < i < h) have a
diameter that does not exceed s.

In the research conducted in [11], the researchers inves-
tigated the Minimum s-Club Cover problem, specifically
for the cases where s = 2 and s = 3. They proved that
for a given graph G = (V, E), approximating the Mini-
mum 3-Club Cover problem within a factor of |V|!~¢ for
any € > 0 is infeasible. Additionally, it is impossible to
achieve an approximate solution for the Minimum 2-Club
Cover problem with a coefficient of [V | ~¢ for any € > 0.
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In [29], the authors propose to apply a local search al-
gorithm to the best individuals of each task in a multifacto-
rial evolutionary algorithm. The local search algorithm will
move a randomly selected vertex to the club with the most
vertices satisfying the constraints of s-Club. The study also
builds a formula to evaluate each club when multiple clubs
have the same number of vertices.

Researchers have proposed various algorithms designed
to tackle the Minimum s-Club Cover problem, encompass-
ing a range from greedy approaches to memetic algorithms
incorporating diverse algorithmic strategies. Among them,
the algorithm that combines multifactorial evolution with
local search algorithms is a potential direction, capable of
obtaining good results. However, local search algorithms
are currently focusing on processing vertices; this method-
ology may prove efficacious for problems of smaller di-
mensions, but will be less effective when applied to larger-
scale issues. Consequently, this study proposes a local
search algorithm that can be combined with multifactorial
evolutionary algorithms. This local search algorithm has
the following characteristics:

— A mechanism for processing clubs in local searches
is being introduced. Local search to improve com-
putational efficiency compared to vertex-based ap-
proaches.

— Introduce a mechanism for using a random greedy
strategy to select clubs, and an exhaustive strategy for
moving the vertex. While the random greedy strategy
promotes exploration and maintains diversity within
the population, the deterministic greedy strategy em-
phasizes exploitation, thereby enhancing the conver-
gence toward high-quality solutions.

The continuation of this document is structured as fol-
lows: Section 2 covers the definitions and notations of the
problem, while Section 3 presents the associated works.
The suggested techniques are elaborated in Section 4. Sec-
tion 5 contains the experimental settings, computational re-
sults on several test sets, and a performance comparison
with other algorithms. Finally, Section 6 includes the con-
clusions and discussion of extensions.

2 Problem definition and notations

Given an undirected and simple graph G = (V, E). For a
vertex set S C V, let G[S] denote the subgraph induced by
S. E(G) isthe edges set of G. Given two vertices u, v € V,
the distance between u and v in G, denoted by dg(u, v), is
the number of edges on the shortest path from u to v.

Definition 2.1 (s-Club) Given a graph G = (V, E), and a
subset U C 'V, GU] is an s-Club if it has diameter at most
S.

Notice that an s-club must be a connected graph.
The Minimum s-Club Cover problem (Min s-Club
Cover) is stated as follows:

T.P. Dinh et al.

Definition 2.2 (Minimum s-Club Cover problem)

Input: a graph G = (V, E) and an integer s > 2.
Output:  a minimum cardinality collection C =
{V1,..., Vi } suchthat, for eachiwith1 <i < h,V; CV,
G[V;] is an s-Club, and for each vertex v € V, there exists
aset V;, with1 < j < h, such thatv € V.

The Min s-Club Cover problem in Definition 2.2 can also
be expressed as in Table 1.

Figure 1: An example of an s-Club and the Minimum s-
club Cover problem

Figure 1 depicts an example of a 2-Club and a solution
to the Minimum 2-Club Cover problem. The subgraph
induced by the vertex set V' = {2,3,4,5} is a 2-Club.
A solution for the minimum 2-Club cover problem con-
sists of three clubs, induced by the vertex sets V7 = {1},
Vo ={2,3,4,5},and V3 = {5, 6, 7,8}. Notice that vertex
5 is covered by both clubs V5 and V3.

3 Related works

Graph covering is a classical and extensively studied topic
in theoretical computer science. One of the earliest prob-
lems explored in this domain is the clique problem. Numer-
ous clique-related combinatorial problems have been inves-
tigated, such as the Minimum Clique Cover problem, the
Maximum Clique problem [27], and the Minimum Clique
Partition problem [6]. Among these, the Minimum Clique
Partition problem is particularly well-known; it aims to par-
tition the vertex set of a graph into the smallest possible
number of cliques. This problem remains NP-hard even
when restricted to specific graph classes. For instance, NP-
hardness has been established for planar cubic graphs [6]
and unit disk graphs [13]. Moreover, it has been shown
that, for any € > 0, the Minimum Clique Partition problem
cannot be approximated within a factor of |V|!~¢ unless
P=NP.

However, in network analysis, the requirement of a com-
plete subgraph is often too restrictive. In many cases, not
every pair of vertices within a subgraph is connected; this
may be due, for instance, to noise or missing data.

To address the limitations of the clique model, various
alternative definitions of highly connected subgraphs have
been proposed, leading to the concept of a relaxed clique.
This work focuses on distance-based relaxations. In a tra-
ditional clique, all vertices must be at a distance of exactly
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Table 1: Definition of minimum s-Club cover problem

Minimum s-Club Cover problem

Input: - An unweighted undirected graph G = (V, E).
- An integer s > 2.
Output: A collection C' = {Vq,..., V4, },1 <i<hV; CV
Constraints: - G[V;],Vi =1,...,his an s-Club.
- For each vertex v € V, there exist a set V;, with 1 < j < h, such that v € V.
Objective: |C| — min

one from each other. In contrast, this requirement is relaxed
by allowing vertices to be at a distance of up to s, where s
is an integer greater than one.

A subgraph where every vertex is at a maximum distance
of s is called an s-Club (it is important to note that when s =
1, an s-Club corresponds precisely to a clique). s-Clubs in
a network have been established for network analysis and
have recently been employed in examining social networks
and biological networks.

The objective of the Min s-Club Cover problem is to
cover a graph with the minimum number of s-Clubs such
that every vertex belongs to at least one s-Club. This prob-
lem has been previously studied [11], with particular focus
on the cases s = 2 and s = 3. It has been shown that de-
termining whether a graph can be covered by two 3-Clubs
or three 2-Clubs is NP-complete.

In [30], the authors proposed a multifactorial evolution-
ary algorithm for solving the Minimum s-Club Cover prob-
lem. They introduced an individual representation, as well
as crossover and mutation operators. To improve solution
quality, a greedy strategy was applied during both the initial
population generation and the crossover process. Addition-
ally, the mutation operator was implemented as a combina-
tion of three simple mutation strategies.

In [29], a hybrid approach combining multitasking op-
timization and a heuristic method was introduced. In this
approach, the heuristic serves as a local search algorithm
applied at each generation. The local search focuses on
determining effective criteria for selecting the best club to
which a vertex should be moved. Furthermore, the study
described a mechanism for applying the heuristic to indi-
viduals in the Unified Search Space (USS), specifically tar-
geting the best individual in each task.

In recent years, researchers have shown growing inter-
est in Multitasking Optimization (MTO), which focuses
on addressing multiple tasks simultaneously. Inspiration
from traditional Evolutionary Algorithm (EA), Evolution-
ary Multitasking Optimization (EMO) utilizes an evolu-
tionary search strategy to solve multiple problems in paral-
lel. This paradigm facilitates knowledge transfer between
tasks, improving solution quality and faster convergence.

One prominent example of EMO is the Multifactorial
Evolutionary Algorithm (MFEA) introduced by Gupta et
al. [16], which employs a population-based framework

known as the USS to enable the sharing of important genetic
material among individuals from different tasks. Thanks
to these capabilities, MFEA has demonstrated outstanding
performance in various real-world applications [17], such
as complex combinatorial optimization problems [14, 28].

The MFEA has also demonstrated promising results
when applied to graph problems with clustering character-
istics. Specifically, MFEA has been used to address the
Clustered Shortest-Path Tree Problem (CluSPT) problem
through various approaches, such as decomposing the prob-
lem into two levels [19], and employing a Cayley-based en-
coding scheme for individual representation in the USS [9].
Another NP-hard problem involving graph partitioning is
the Inter-Domain Path Computation under Edge-defined
Domain Uniqueness Constraint (IDPC-EDU) problem[23].
In [2], Binh et al. applied the MFEA to solve the IDPC-
EDU problem by introducing a two-layer encoding tech-
nique.

While multitask evolutionary algorithms (MTEAs) have
been successfully applied to various graph-related prob-
lems, including the s-Club cover problem, integrating lo-
cal search strategies within these frameworks has received
relatively limited attention. A key challenge lies in accu-
rately identifying the corresponding task for each individual
in the USS, which is necessary for applying task-specific lo-
cal search methods effectively. Nevertheless, local search
plays a vital role in refining candidate solutions and accel-
erating convergence in evolutionary computation. This cre-
ates a strong incentive to investigate more effective ways of
incorporating local search into MTEAs, especially for com-
plex combinatorial problems such as the Minimum s-Club
Cover problem. In this study, we propose an enhanced local
search mechanism for the Minimum s-Club Cover problem,
and investigate how it can be incorporated into a multitask
evolutionary framework.

4 Proposed algorithm

This section describes the proposed algorithms based on the
combination of multitask optimisation and local search al-
gorithms, focusing on describing the mechanism of the lo-
cal algorithm. This study uses individual representation and
evolutionary operators in [30].
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Instances EMT-G GA EMT-DSE SALO

BF Ay STD CV BF Avg STD CV BF Avg STD CV BF Avg STD CV
adjnoun 27 290 089 003 31 320 022 001 28 293 073 003 19 190 000 0.00
celegansneural 4 41 000 000 9 128 091 007 4 41 031 008 45 45 000 0.0
celegans metabolic 87 883 073 001 83 886 050 001 88 885 060 001 32 320 000 0.00
chesapeake 3 30 000 000 3 30 000 000 3 30 000 000 3 30 000 0.00
dolphins 15 167 000 000 16 170 051 003 15 168 064 004 17 17.0 000 0.00
football 11 130 000 000 13 133 047 004 12 132 055 004 15 150 000 0.0
jazz 16 160 000 000 16 160 000 000 16 160 000 000 14 140 000 0.00
karate 4 40 000 000 4 40 000 000 4 40 000 000 4 40 000 0.0
lesmis 3 30 000 000 3 31 031 010 3 30 000 000 3 30 000 0.00
polbooks 14 154 000 000 15 164 104 006 14 152 081 005 15 150 000 0.00
johnson8-2-4 1 10 000 000 1 1.0 000 000 1 1.0 000 000 1 L6 049 030
hamming6-4 1 10 000 000 1 1.0 000 000 1 1.0 000 000 4 40 000 0.0
MANN_a9 1 10 000 000 1 1.0 000 000 1 10 000 000 1 10 000 0.00
c-fat200-1 13 130 000 000 13 130 000 000 13 130 000 000 13 130 000 0.0
hamming6-2 1 10 000 000 1 1.0 000 000 I 10 000 000 1 10 021 021
johnson8-4-4 1 10 000 000 1 1.0 000 000 1 1.0 000 000 2 20 000 0.00
c-fat200-2 6 60 000 000 6 60 000 000 6 60 000 000 6 66 050 008
c-fat200-5 330 000 000 3 30 000 000 3 30 000 000 3 30 000 000
keller4 1 10 000 000 1 1.0 000 000 1 1.0 000 000 2 20 000 000
gen200 p0.9_44 1 10 000 000 1 1.0 000 000 I 1.0 000 000 2 20 000 000

4.1 Algorithm scheme

Incorporating local search operators into multitask evolu-
tionary algorithms presents unique challenges compared to
single-task optimization. In traditional evolutionary algo-
rithms, local search can be directly applied to individuals
within the population. However, in multitask settings, in-
dividuals in the USS encode solutions for multiple tasks si-
multaneously, complicating the direct application of task-
specific local search operators.

Our approach addresses this challenge through a three-
stage process applied to elite individuals from each task.
First, we select the best-performing individual for each task
from the combined parent-offspring population. Second,
we decode the selected individual in USS to obtain a task-
specific solution representation. Third, we apply the pro-
posed local search operator to this decoded solution and
subsequently update the corresponding individual in USS.
This strategy ensures that local search improvements are
propagated back to the shared population while maintain-
ing the multitask optimization framework’s integrity. Al-
gorithm 1 presents the detailed implementation of this inte-
gration mechanism.

To apply the local search algorithm, first, the algorithm
decodes the individual in USS to obtain the solution of the
current task. Then, it applies the local search to the solution.
Finally, the individual in the USS is updated based on the

obtained solution.

4.2 Encoding and decoding method

A chromosome consists of two sections: the first section,
referred to as the club component, contains information
about the clubs; the second section specifies the club assign-
ment for each vertex. The direct vertex-to-cluster encoding
maps each vertex to a specific cluster label. This encoding
provides flexibility in handling a variable number of clus-
ters and helps preserve meaningful structures throughout
the evolutionary process, thereby enhancing convergence
and search efficiency. As a result, this encoding scheme [8]
is adopted for representing the second section.

Figure 2 shows an example of encoding a solution for
a task, where Figure 2(a) shows a graph with three clubs
Vi = {1,2,3,4}, Vo = {6,7}, and V5 = {5,8}; Since
the graph has eight vertices, the individual has eight genes.
In other words, the dimension of the individual is 8. Fig-
ure 2(b) illustrates an individual encoding the graph pre-
sented in Figure 2(a), with the clubs V7, V5, and V5 labeled
as 1, 2, and 3, respectively. Since vertices 1, 2, 3, and 4
belong to club 1, these vertices’ labels are 1. Vertices 5 and
8 belong to club 2, so these two vertices have the label 3.
Similarly, the label of vertices 6 and 7 belonging to club 2
is 2.
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Algorithm 1: The main steps of the proposed algorithm

1 begin
2 N < The population size;
/* Initialize initial population */

3 P(0) < Randomly generated individuals;

4 Assign the skill factor for the individuals in P(0);

5 t<+ 0;

6 while stopping conditions are not satisfied do

7 P.(t)«+ 0 > Offspring population;
8 while |P.(t)| < N do

9 p; (i =1,2) < Select randomly two individuals from P(¢);

/* Perform crossover and mutation operators */

10 0; < Perform crossover between the individuals p; (i = 1,2) ;

u o}, < Perform mutation on the individuals o; (i = 1,2);

12 Evaluate the individuals o} (i = 1,2);

13 P.(t) «+ P.(t) U{oi} (i=1,2);

14 R(t) + P.(t) U P(¢);

15 Update scalar fitness of each individual in R(%);

16 foreach (task tsk) do

17 indis, < Select the best individual of the task tsk;

18 solisr. < Decode the individual ind;gy;

19 soly,. < Apply local search for sol;g;

20 Update the solution sol},, to individual ind;;
21 P(t+ 1) < Get N fittest individuals from R(t);
22 t—1t+1;
23 return The best solution of Min s-Club Cover for each task.

An individual in the USS encodes the solutions for all
tasks; therefore, the algorithm must store sufficient infor-
mation to reconstruct the solution of each task. This study
adopts the following encoding strategy for individuals in
the USS:

— The length of each section within an individual in the

USS is set to the dimension of the largest task.

— For each task, if its dimension is m, then the first m
genes from the corresponding section of the individual
are used to construct its solution.

(a) clubs
clubs [ 1]2]3 ] vertices| 1 [ 1[ 1] 1]3]2]2]3]2]2]
\6111@65‘1’1’1’132‘23 D=8 i
) Dyss = 10 «—]
Figure 2: An example for the solution encoding method for Figure 3: An individual in USS
a task

Figure 3 illustrates the individual in the USS for two
tasks, where both tasks have three clubs, and the number
of vertices is 8 and 10, respectively. Because the number
of vertices in the first task is 8, the first eight genes of the
individual in the USS are used to construct the solution for
the first task, i.e., 1-1-1-1-3-2—-2-3. For the second task,
which has 10 vertices, the first 10 genes from the corre-
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sponding section of the individual are used, resulting in the
solution 1-1-1-1-3-2—2-3-2-2.

An individual in USS
clubs
vertices| 1| 1[1]1 2[2]3%)8]
}—' Dyss = 10 ‘—<
(@)
clubs

vertices ‘ 1 | 1 ‘ 1 | 1

~
J

~
S

2|2

~
S

(b
Figure 4: An example about decoding method

This encoding ensures that a single individual in the USS
can be decoded to provide valid solutions for multiple tasks
of varying dimensions.

The solution to a task is decoded from an individual in the
USS by extracting the first genes in the vertex section. The
club section is constructed by relabeling the gene values to
ensure consistent and sequential club labels. Figure 4 illus-
trates the decoding process. In Figure 4(a), an individual in
the USS is shown, where the last two genes are unselected
during solution construction. Figure 4(b) presents the re-
sulting solution for a task with eight vertices.

4.3 Evolutionary Operators
4.3.1 Crossover operator

The crossover operator utilised in this study is based on
the method described in [30], and consists of the following
main steps:

— Step 1: Randomly select two crossover points within
the club sections of each parent.

— Step 2: Insert the elements from the selected clubs of
the first parent into the corresponding positions in the
offspring.

— Step 3: Add the elements from the selected clubs of the
second parent to the offspring, ensuring that no dupli-
cates are introduced from those already added by the
first parent.

— Step 4: For the remaining unassigned elements, at-
tempt to place them into existing clubs in ascending
order of club size (i.e., the number of vertices in each
club). If adding a vertex to a club does not violate the
diameter constraint, assign it to that club; otherwise,
proceed to the next one.

— Step 5: If there are still unassigned vertices that cannot
be added to any existing club without violating con-
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straints, create a new club and assign these vertices to
it.

— Step 6: Renumber the club labels in the offspring se-
quentially, starting from 1 up to the total number of
clubs.

Voo
clubs

\fel'ties‘ 1 ’ 1 ‘ 1 ‘ 1

~
J

2]2[3]2]2]

(a) Parent 1

Voo
clubs

verties | 1| L[ 1| 1]2]2][3]4]4]4]
(b) Parent 2
Voo
clubs
verties | L] L[ 1] 1][3]2]2]4]2]2]

(c) offspring
Figure 5: An illustration of crossover operator

Figure 5 depicts the crossover operator, where Fig-
ures 5(a) and 5(b) represent the two parent individuals, and
Figure 5(c) illustrates the resulting offspring.

4.3.2 Mutation operator

The mutation operator comprises three types of mutation:
move mutation, splitting mutation, and merging mutation.
The main ideas of these mutations are as follows:

— Move mutation: randomly select a club containing at
least two vertices, and then choose one vertex from
that club to move to a different club.

— Splitting mutation: split a club into two clubs.

— Merging mutation: combine two clubs into a club.

4.4 Local search algorithm

This study employs a random greedy strategy to select a
club, prioritising those with more vertices. It then sequen-
tially transfers vertices from the selected club to other clubs,
ensuring that, after the transfer, both the source club (from
which vertices were moved) and the destination clubs (to
which vertices were added) satisfy the s-club constraint.
Since deleting vertices of degree 1 does not violate the s-
club constraint, these vertices are given priority and are
moved first.

The mean steps of the propose local search are presented
in Algorithm!2.
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Algorithm 2: Local seach algorithm

Input: - A connected graph G = (V, E);
- The number of clubs s >= 2;

- The parameter of random greedy algorithm %priority and %restriction;

- An individual solp;
Output: A solution of minimum s-Club cover;

1 begin
2 cl; < A club with the smallest number of vertices;
3 if (random < %priority) then
4 foreach (vetex v in the cl; ) do
5 if (The degree of vertex v is either 1 or 0) then
6 Remove vertex v from club cl;;
7 foreach (club cl; in sol,(j # ©)) do
8 Add vertex v to club cl;;
9 if (club cl; is a s-Club) then
10 ‘ break;
1 else
12 | Remove vertex v from club cl;;
13 if (No suitable club is found for adding vertex v) then
14 | Add vertex v to club cl;;
15 else
16 N; < The number of vertices in the club cl;;
17 mazx_verter < N; x (1 + Y%restriction) > Compute the maximum number of vertices for selecting a
club.;
18 tList < The list consists of clubs containing fewer than max_vertex vertices;
19 cl, < RandomSelect(tList) > Randomly selected a club from the list ¢ List;
20 foreach (vetex v in the cl,. ) do
21 if (The degree of vertex v is either 1 or 0) then
22 Remove vertex v from the club cl,;
23 foreach (club cl; in sol,(j # r)) do
24 Add vertex v to club clj;
25 if (club cl; is a s-Club) then
26 | break;
27 else
28 ‘ Remove the vertex v from the club cl,;
29 if (No suitable club is found for adding vertex v) then
30 | Add vertex v to club cl,;
31 return sol,;

5 Computational results

5.1 Problem instances

To evaluate the performance of the proposed algorithm,
Min s-Club Cover instances from the DIMACS benchmark
suite [1, 20] are used. The selected instances contain fewer
than 3,00 vertices, making them suitable for computational
experimentation. Descriptive statistics for these instances
are provided in Tables 3, where |V| denotes the number of
vertices, |E| denotes the number of edges, and D¢ denotes
the graph density.

5.2 Experimental criteria

Criteria for assessing the quality of the output of the algo-
rithms are presented in Table 4.

Table 4: Criterias for assessing the quality of the output of
the algorithm

Average (Avg) Average function value over all

Best-found (BF) Best function value achieved over
all runs

STD Standard deviation

()% Coefficient of Variation

5.3 Experimental Settings

The proposed is compared with three algorithm:

— Genetic Algorithm (GA), representing a classical
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Figure 6: Scatter plot illustrating the relationship between the number of vertices and the performance of the EMT-G
algorithm in comparison with SALO and EMT-DSE

single-task optimization approach, was employed

a vertex from one club to another, thereby enhancing
in [30] to address the problem.

exploration in the solution space.

— EMT-DSE [30, 11] is an evolutionary multitasking al- . . . .
gorithm explicitly designed for the Min s-Club Cover. Since previous studies [1 ,0’ 11, 30] only addresses the 'Mm
It leverages a dynamic solution encoding strategy to §-Club Cover problem Wlth,s - 2,.the p roposeq algorithm
enable knowledge transfer across tasks. is also implemented for this specific case. With respect
to EMT-G and EMT-DSE, we adopt the same parameter
settings as those used in the work of Cheng [16], specifi-
cally setting the random mating probability (rmp) to 0.3.
These settings are widely used and validated in prior stud-
ies [3, 31]. The parameter configuration for the SALO al-
gorithm follows the setup described by Zhi Lu et al. [22],

— Simulated Annealing-based Local Optimization
(SALO) [22] is a recently introduced heuristic method
aimed at partitioning the vertex set of a graph into
subsets. We adapt SALO by defining a neighborhood
structure where a solution is modified by relocating
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Table 3: Summary information of instances

Instances V| |E| D¢
karate 34 78 0.139
chesapeake 39 170  0.229
dolphins 62 159  0.084
lesmis 77 254 0.087
adjnoun 112 425  0.068
football 115 613  0.094
jazz 198 2742  0.141
celegansneural 297 2148  0.049
celegans_metabolic 453 2025 0.020
polbooks 1490 16715 0.015
johnson8-2-4 28 210 0.56
hamming6-4 64 704 0.35
MANN a9 45 918 0.93
c-fat200-1 200 1534  0.08
hamming6-2 64 1824  0.90
johnson8-4-4 70 1855  0.77
c-fat200-2 200 3235 0.16
c-fat200-5 200 8473  0.43
keller4 171 9435 0.65
gen200 p0.9 44 200 17910 0.90

|V'|: The number of vertices; |E|: The number of edges; D¢g: The
density of a graph.

with Og;2c = 8, Ocoor = 0.96, and O,4nper = 1%. For the
proposed local search algorithm, the priority and restriction
parameters are assigned values of 0.8 and 0.7, respectively.
To ensure a fair comparison, all algorithms are indepen-
dently executed 20 times on a machine with an Intel Core
i7-12700K CPU and 32GB of RAM, running Microsoft
Windows 10. The EMT-G, GA and EMT-DSE methods
utilise a population of 100 individuals and perform 50,000
evaluations. The implementations were developed in the
C# programming language.

5.4 Experimental results
5.4.1 A Comparative Analysis of Algorithms

The results obtained by the algorithms are presented in Ta-
ble 2. In the table, bold and italic cells in a column indicate
the instances where the EMT-G algorithm outperforms the
corresponding algorithm in that column.

The table presents a comparative summary of EMT-G
against GA, EMT-DSE, and SALO. The columns ‘Worse’,
‘Better’, and ‘Equal’ indicate the number of instances in
which EMT-G performed worse than, better than, or equal
to each respective algorithm.

The Table 5 presents a summary of comparisons of EMT-G
against three other algorithms: GA, EMT-DSE, and SALO.
The comparison metrics are the number of instances where
the EMT-G algorithm performed Worse, Better, or Equal to
the respective compared algorithms.
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Table 5: Summary of the Comparison of Results Obtained
by EMT-G, GA, EMT-DSE, and SALO

Algorithm EMT-G
Better Equal Worse
GA 7 13 0
EMT-DSE 4 15 1
SALO 9 8 3

— Comparison with GA:

— The EMT-G algorithm performed better than
GA in 7 instances and equal to GA in 13 in-
stances. There were no instances where EMT-G
performed worse than GA.

— This indicates that EMT-G consistently outper-
forms GA, with a strong lead in the number of
better-performing cases and no cases of inferior
performance.

— Comparison with EMT-DSE:

— EMT-G performs worse than EMT-DSE in 1 in-
stances, better in 4 instances, and equally in 15
instance.

— Similar to the comparison with GA, EMT-G
shows a strong advantage over EMT-DSE.

— Comparison with SALO:

— EMT-G performs worse than SALO in 3 in-
stances, better in 9 instances, and equally in 8
instances..

— The results suggest a more balanced performance
between EMT-G and SALO. Although EMT-G
demonstrates a number of better outcomes, it
also has more cases of worse performance com-
pared to the other algorithms. The relatively high
number of equal cases implies that SALO is a
more competitive counterpart to EMT-G.

In summary, EMT-G generally demonstrates superior per-
formance compared to GA and EMT-DSE, consistently
achieving more favorable outcomes. However, when com-
pared to SALO, its performance is more mixed, indicating
that SALO presents a stronger challenge and, in some cases,
may even outperform EMT-G.

5.4.2 Analysis of influential factors

In this subsection, we analyse the influence of the input
graph’s dimensions (number of vertices) and its density on
the performance of EMT-G.

To examine the correlation between the number of vertices
and graph density, scatter plots were generated showing the
relationship between the number of vertices, graph density,
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and the performance comparison of EMT-G against EMT-
DSE and SALO for the given instances. The correlation co-
efficient for this relationship was then calculated, as shown
in Figure 6 and Figure 7. In these figures, circles indicate
that EMT-G performs worse than the compared algorithms,
squares indicate that EMT-G outperforms them, and trian-
gles indicate equal performance between the algorithms.
As shown in Figure 6, when the number of vertices in an
instance is less than 16.715, SALO does not outperform
EMT-G. The figure also indicates that EMT-G outperforms
SALO when the number of edges is relatively small.
Figure 7 shows that EMT-G is no worse than the compared
algorithms for instances with a graph density greater than or
equal to 0.16. When the graph density is greater than 0.09,
EMT-G consistently outperforms EMT-DSE. This means
that EMT-G tends to be more efficient than EMT-DSE as
the graph density increases. When the graph density is
greater than0.16, EMT-G consistently outperforms SALO.

6 Conclusion

The minimum s-club cover problem has attracted consid-
erable attention from researchers in the analysis of social
networks and group interactions. In this study, we propose
a local search algorithm that utilizes a randomized greedy
strategy to select clubs for evaluation, aiming to minimize
the number of vertices required. The local search method
is integrated into a multifactorial evolutionary algorithm
framework, enhancing the quality of the best individual in
each task at every generation. Experimental evaluations
conducted on datasets from the DIMACS library demon-
strate that the proposed algorithm outperforms existing ap-
proaches.

In future work, we aim to further improve the efficiency of
the local search component by reducing the computational
cost of verifying valid clubs.

Acknowledgements

This research was funded by Hanoi University of Science
and Technology under project code T2024-PC-038.

References

[1] Graph Partitioning and Graph Clustering. American
Mathematical Society (Jan 2013), http://dx.doi.
org/10.1090/conm/588

[2] Binh, H.T.T., Thang, T.B., Long, N.B., Hoang, N.V.,

Thanh, P.D.: Multifactorial evolutionary algorithm

for inter-domain path computation under domain

uniqueness constraint. In: 2020 IEEE Congress on

Evolutionary Computation (CEC). p. 1-8. IEEE (Jul

2020), http://dx.doi.org/10.1109/cec48606.

2020.9185701

[3]

(6]

[7]

[10]

[11]

[12]

T.P. Dinh et al.

Binh, H.T.T., Thang, T.B., Thai, N.D., Thanh,
PD.: A bi-level encoding scheme for the clustered
shortest-path tree problem in multifactorial optimiza-
tion. Engineering Applications of Artificial Intelli-
gence 100, 104187 (Apr 2021), http://dx.doi.
org/10.1016/j.engappai.2021.104187

Bourjolly, J.M., Laporte, G., Pesant, G.: An exact al-
gorithm for the maximum k-club problem in an undi-
rected graph. European Journal of Operational Re-
search 138(1), 21-28 (2002), http://dx.doi.org/
10.1016/s0377-2217(01)00133-3

Cavique, L., Mendes, A.B., Santos, JM.A.: An
Algorithm to Discover the k-Clique Cover in
Networks, p. 363-373. Springer Berlin Heidel-
berg (2009), http://dx.doi.org/10.1007/
978-3-642-04686-5_30

Cerioli, M.R., Faria, L., Ferreira, T.O., Martin-
hon, C.A., Protti, F., Reed, B.: Partition into
cliques for cubic graphs: Planar case, complexity
and approximation. Discrete Applied Mathematics
156(12), 2270-2278 (2008), http://dx.doi.org/
10.1016/j.dam.2007.10.015

Chakraborty, D., Chandran, L.S., Padinhatteeri, S.,
Pillai, R.R.: Algorithms and Complexity of s-Club
Cluster Vertex Deletion, p. 152—-164. Springer Inter-
national Publishing (2021), http://dx.doi.org/
10.1007/978-3-030-79987-8_11

Chaouche, A., Boulif, M.: Solving the unsupervised
graph partitioning problem with genetic algorithms:
Classical and new encoding representations. Com-
puters & Industrial Engineering 137, 106025 (Nov
2019), https://linkinghub.elsevier.com/
retrieve/pii/S036083521930484X

Dinh, T.P,, Thanh, B.H.T., Ba, T.T., Binh, L.N.: Mul-
tifactorial evolutionary algorithm for solving clus-
tered tree problems: competition among cayley codes:
Case studies on the clustered shortest-path tree prob-
lem and the minimum inter-cluster routing cost clus-
tered tree problem. Memetic Computing 12(3), 185—
217 (Aug 2020), http://dx.doi.org/10.1007/
512293-020-00309-2

Dondi, R., Lafond, M.: On the tractability of cover-
ing a graph with 2-clubs. Algorithmica 85(4), 992—
1028 (Nov 2022), http://dx.doi.org/10.1007/
s00453-022-01062-3

Dondi, R., Mauri, G., Sikora, F., Zoppis, I.: Cover-
ing a graph with clubs. Journal of Graph Algorithms
and Applications 23(2), 271-292 (Jan 2019), http:
//dx.doi.org/10.7155/jgaa.00491

Dondi, R., Mauri, G., Zoppis, I.: On the tractabil-
ity of finding disjoint clubs in a network. Theoretical


http://dx.doi.org/10.1090/conm/588
http://dx.doi.org/10.1090/conm/588
http://dx.doi.org/10.1109/cec48606.2020.9185701
http://dx.doi.org/10.1109/cec48606.2020.9185701
http://dx.doi.org/10.1016/j.engappai.2021.104187
http://dx.doi.org/10.1016/j.engappai.2021.104187
http://dx.doi.org/10.1016/s0377-2217(01)00133-3
http://dx.doi.org/10.1016/s0377-2217(01)00133-3
http://dx.doi.org/10.1007/978-3-642-04686-5_30
http://dx.doi.org/10.1007/978-3-642-04686-5_30
http://dx.doi.org/10.1016/j.dam.2007.10.015
http://dx.doi.org/10.1016/j.dam.2007.10.015
http://dx.doi.org/10.1007/978-3-030-79987-8_11
http://dx.doi.org/10.1007/978-3-030-79987-8_11
https://linkinghub.elsevier.com/retrieve/pii/S036083521930484X
https://linkinghub.elsevier.com/retrieve/pii/S036083521930484X
http://dx.doi.org/10.1007/s12293-020-00309-2
http://dx.doi.org/10.1007/s12293-020-00309-2
http://dx.doi.org/10.1007/s00453-022-01062-3
http://dx.doi.org/10.1007/s00453-022-01062-3
http://dx.doi.org/10.7155/jgaa.00491
http://dx.doi.org/10.7155/jgaa.00491

[13]

[14]

New Local Search Strategy for the Minimum s-Club Cover...

Informatica 49 (2025) 495-506 505

EMT-DSE >> EMT-G A A A
A EMT-DSE = EMT-G
W EMT-DSE << EMT-G A
0.754
s
© A
0
(@)}
© A
fhas
© 0.50 4
)
D A
c
3 A
2
= 0.257 The density of the graph = 0.09 A
A A A
T — =
A 1 A
o00{ ®
P . . . : . : . . . - . . - . : . . -
2 3 0 < - v ¥ o
© — 1 ! ! h <)
T 2 s & £ 2 2 3z & . 2 T % 2 3 r I 2 % 3
£ @ ° IS b1 = £ o 1] N < o = I < o = o = z
o § s 3 2 = 2 3 5 s g ] E S 2 3 S o £ Z
< S 3 £ s 3 < kel = £ 3 £ £ 2 2 2 S £ <
S 2 ° ° 5 & ° 5 s 5 £ =
<2 o 2, 2, >
@ o
o
Instances
(a) Comparison with EMT-DSE
SALO >> EMT-G m A A
A SALO=EMT-G
W SALO << EMT-G m
0.754
s
© ||
()
© [ |
fhas
© 0.50
2
@ A
c
35 =
Q The density of the graph = 0.16
 0.254 A
2 i
A m A BN
|
0.00 4
Pa— : . . . . . . . : . . . : . . . : :
2 3 0 < - v ¥ o
[0 ~— 1 J L ) ()]
T 3 5 3 £ 2 4 = 9 g 5 ¢ & 3 x I 2 ¢ 5
E @ ] I <] = £ Ee) © N < % £ S = 3 2 a = =
o 5 s 3 a = @ ] S s 3 g E 3 3 s 3 o E z
= > 3 3 g S < o X & @ £ < 1< X c o £ <
I © ° 5 & ° & 5 5 £ =
o2 s} =2 2, >
@ o
o
Instances

(b) Comparison with SALO

Figure 7: Scatter plot illustrating the relationship between graph density and the performance of the EMT-G algorithm in

comparison with SALO and EMT-DSE

Computer Science 777, 243-251 (Jul 2019), http: (Jun 2021), http://dx.doi.org/10.1109/tcyb.
//dx.doi.org/10.1016/j.tcs.2019.03.045 2019.2962865

Dumitrescu, A., Pach, J.: Minimum clique parti- [15] Fortunato, S.: Community detection in graphs.
tion in unit disk graphs. Graphs and Combinatorics Physics Reports 486(3-5), 75-174 (Feb 2010),
27(3), 399-411 (Mar 2011), http://dx.doi.org/ http://dx.doi.org/10.1016/j.physrep.
10.1007/s00373-011-1026-1 2009.11.002

Feng, L., Huang, Y., Zhou, L., Zhong, J., Gupta, [16] Gupta, A., Ong, Y.S., Feng, L.: Multifactorial evolu-
A., Tang, K., Tan, K.C.: Explicit evolution- tion: Toward evolutionary multitasking. IEEE Trans-
ary multitasking for combinatorial optimization: A actions on Evolutionary Computation 20(3), 343-357
case study on capacitated vehicle routing problem. (Jun 2016), http://dx.doi.org/10.1109/tevc.

IEEE Transactions on Cybernetics 51(6), 3143-3156 2015.2458037


http://dx.doi.org/10.1016/j.tcs.2019.03.045
http://dx.doi.org/10.1016/j.tcs.2019.03.045
http://dx.doi.org/10.1007/s00373-011-1026-1
http://dx.doi.org/10.1007/s00373-011-1026-1
http://dx.doi.org/10.1109/tcyb.2019.2962865
http://dx.doi.org/10.1109/tcyb.2019.2962865
http://dx.doi.org/10.1016/j.physrep.2009.11.002
http://dx.doi.org/10.1016/j.physrep.2009.11.002
http://dx.doi.org/10.1109/tevc.2015.2458037
http://dx.doi.org/10.1109/tevc.2015.2458037

506

[17]

[18]

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

(27]

Informatica 49 (2025) 495-506

Gupta, A., Zhou, L., Ong, Y.S., Chen, Z., Hou, Y.:
Half a dozen real-world applications of evolutionary
multitasking, and more. IEEE Computational Intel-
ligence Magazine 17(2), 49-66 (May 2022), http:
//dx.doi.org/10.1109/mci.2022.3155332

Gupta, P, Arora, M., Thakur, HK.: Commu-
nity detection in social networks: A deep learn-
ing approach using autoencoders. Informatica 49(5)
(Jan 2025), http://dx.doi.org/10.31449/inf.
v49i5.7018

Huynh Thi Thanh, B., Pham Dinh, T.: Two levels ap-
proach based on multifactorial optimization to solve
the clustered shortest path tree problem. Evolution-
ary Intelligence 15(1), 185-213 (Oct 2020), http:
//dx.doi.org/10.1007/s12065-020-00501-w

Johnson, D., Trick, M.: Introduction to the Sec-
ond DIMACS Challenge: Cliques, coloring, and
satisfiability, p. 1-7. American Mathematical So-
ciety (Oct 1996), http://dx.doi.org/10.1090/
dimacs/026/01

Laan, s., Marx, M., Mokken, R.J.: Close commu-
nities in social networks: Boroughs and 2-clubs.
SSRN Electronic Journal (2015), http://dx.doi.
org/10.2139/ssrn.2686127

Lu, Z., Zhou, Y., Hao, J.K.: A hybrid evolution-
ary algorithm for the clique partitioning problem.
IEEE Transactions on Cybernetics 52(9), 9391-9403
(Sep 2022), http://dx.doi.org/10.1109/tcyb.
2021.3051243

Maggi, L., Leguay, J., Cohen, J., Medagliani, P.:
Domain clustering for inter[ ldomain path computa-
tion speedlup. Networks 71(3), 252-270 (Dec 2017),
http://dx.doi.org/10.1002/net.21800

Mokken, R.J., Heemskerk, E.M., Laan, S.: Close
communication and 2-clubs in corporate networks:
Europe 2010. Social Network Analysis and Mining
6(1) (Jun 2016), http://dx.doi.org/10.1007/
s13278-016-0345-x

Mokken, R.J., et al.: Cliques, clubs and clans. Qual-
ity and Quantity 13(2), 161-173 (1979), http://dx.
doi.org/10.1007/bf00139635

Pasupuleti, S.: Detection of Protein Complexes in
Protein Interaction Networks Using n-Clubs, p. 153—
164. Springer Berlin Heidelberg (2008), http://dx.
doi.org/10.1007/978-3-540-78757-0_14

Szabd, S., Zavalnij, B.: Benchmark problems for ex-
haustive exact maximum clique search algorithms. In-
formatica 43(2) (Jun 2019), http://dx.doi.org/
10.31449/inf .v43i2.2678

(28]

[31]

T.P. Dinh et al.

Thang, T.B., Long, N.B., Hoang, N.V., Binh, H.T.T.
Adaptive knowledge transfer in multifactorial evo-
lutionary algorithm for the clustered minimum rout-
ing cost problem. Applied Soft Computing 105,
107253 (Jul 2021), http://dx.doi.org/10.1016/
j.aso0c.2021.107253

Thanh, P.D., Anh, D.T.. A Hybrid Multifacto-
rial Evolutionary Algorithm for the Minimum s-
Club Cover Problem, p. 232-242. Springer Nature
Singapore (2025), http://dx.doi.org/10.1007/
978-981-96-4288-5_19

Thanh, P.D., Long, N.B., Vinh, L.S., Binh, H.T.T.:
Evolutionary multitasking algorithm based on a
dynamic solution encoding strategy for the mini-
mum s-club cover problem. Evolutionary Intelligence
18(1) (Nov 2024), http://dx.doi.org/10.1007/
s12065-024-00999-4

Wen, Y.W., Ting, C.K.: Parting ways and reallocat-
ing resources in evolutionary multitasking. In: 2017
IEEE Congress on Evolutionary Computation (CEC).
p. 2404-2411. IEEE (Jun 2017), http://dx.doi.
org/10.1109/cec.2017.7969596


http://dx.doi.org/10.1109/mci.2022.3155332
http://dx.doi.org/10.1109/mci.2022.3155332
http://dx.doi.org/10.31449/inf.v49i5.7018
http://dx.doi.org/10.31449/inf.v49i5.7018
http://dx.doi.org/10.1007/s12065-020-00501-w
http://dx.doi.org/10.1007/s12065-020-00501-w
http://dx.doi.org/10.1090/dimacs/026/01
http://dx.doi.org/10.1090/dimacs/026/01
http://dx.doi.org/10.2139/ssrn.2686127
http://dx.doi.org/10.2139/ssrn.2686127
http://dx.doi.org/10.1109/tcyb.2021.3051243
http://dx.doi.org/10.1109/tcyb.2021.3051243
http://dx.doi.org/10.1002/net.21800
http://dx.doi.org/10.1007/s13278-016-0345-x
http://dx.doi.org/10.1007/s13278-016-0345-x
http://dx.doi.org/10.1007/bf00139635
http://dx.doi.org/10.1007/bf00139635
http://dx.doi.org/10.1007/978-3-540-78757-0_14
http://dx.doi.org/10.1007/978-3-540-78757-0_14
http://dx.doi.org/10.31449/inf.v43i2.2678
http://dx.doi.org/10.31449/inf.v43i2.2678
http://dx.doi.org/10.1016/j.asoc.2021.107253
http://dx.doi.org/10.1016/j.asoc.2021.107253
http://dx.doi.org/10.1007/978-981-96-4288-5_19
http://dx.doi.org/10.1007/978-981-96-4288-5_19
http://dx.doi.org/10.1007/s12065-024-00999-4
http://dx.doi.org/10.1007/s12065-024-00999-4
http://dx.doi.org/10.1109/cec.2017.7969596
http://dx.doi.org/10.1109/cec.2017.7969596

https://doi.org/10.31449/inf.v49i3.9307

Informatica 49 (2025) 507-524 507

Enhanced YOLOv11 for Robust Real-Time Skiing Action
Recognition via Multimodal and Spatiotemporal Learning

Dong Liu, Minghai Ju*

School of Physical Education of Suihua University, Suihua 150021, Heilongjiang, China
E-mai: LiuDong_liud@outlook.com, JuMinghai0806 @outlook.com

*Corresponding author

Overview paper

Keywords: deep learning, action recognition, skier, YOLOv11, robustness test

Received: May 20, 2025

This paper proposes an enhanced YOLOv11 model for real-time skiing action recognition, incorporating
five key architectural improvements: spatiotemporal modeling, adaptive channel attention (ACA), hybrid
convolution blocks, dynamic-aware pooling, and multi-scale feature fusion. The model is evaluated on the
proprietary SnowAction dataset, which includes over 100,000 annotated video segments under diverse
weather and terrain conditions. Comparative experiments demonstrate that YOLOv11 achieves 94.5%
accuracy on sliding actions, 7.2% higher than YOLOv4, and attains 55.2 FPS at 640x480 resolution. In
cross-model benchmarks, YOLOv11l surpasses CNN-LSTM, 3D CNN, and Transformer models in
precision, recall, and inference speed, showing strong real-time capability and robustness in adverse
weather. These results establish YOLOv11 as a reliable solution for high-dynamic action recognition tasks
in skiing scenarios.

Povzetek: Raziskava predstavi nadgrajeni YOLOvI 1 za sprotno prepoznavo smucarskih gibov v zahtevnih
razmerah. Model zdruzuje pet kljucnih novosti: spatiotemporalno modeliranje, prilagodljivo kanalno
pozornost (ACA), hibridne konvolucijske bloke, dinamicno zaznavno zdruzevanje (DPP) ter vecmerilno
fuzijo znacilk. PreizkuSen je na lastnem videonaboru SnowAction (>100 000 oznacenih segmentov) z

razlicnimi vremenskimi in terenskimi pogoji.

1 Introduction

As an important breakthrough in the field of artificial
intelligence, deep learning has made significant progress
in many fields in recent years, For example, in big data
[1], medicine [2], and finance [3]. Especially in the field
of computer vision. Computer vision is a technology that
enables computers to "see" and understand images and
videos. The application of deep learning in computer
vision, especially the rise of convolutional neural
networks (CNNSs), has greatly improved the accuracy and
efficiency of tasks such as image classification, object
detection, and action recognition. Traditional image
recognition methods rely on manual feature extraction,
while deep learning automatically learns efficient feature
expressions from data through multi-layer neural
networks, avoiding tedious feature engineering work and
having strong generalization capabilities under the
training of large-scale data sets. With the continuous
maturity of deep learning technology, image recognition
tasks have reached or even exceeded the level of human
experts in many application scenarios. In the field of
sports, the demand for athlete action recognition is
increasing. Action recognition not only helps technical
analysis of training and competition, but also improves
athletes' sports performance and reduces sports injuries.

Skiing, as a high-intensity, high-skill sport, involves
complex action coordination and dynamic adjustment.
Skiers constantly perform various movements such as
turns, jumps, and flips while skiing at high speeds. These
movements are very complex in high-speed and changing
environments [4,5], and traditional motion analysis
methods are often unable to cope with them. The
complexity and high-intensity movement requirements of
skiing movements make motion analysis and evaluation in
athlete training, competitions, and event replays
particularly important. Therefore, the application of deep
learning in skier motion recognition can capture and
analyze every detail of the athlete in an efficient and
accurate manner. By identifying and evaluating the real-
time movements of athletes during the competition, deep
learning technology can not only provide detailed
technical feedback, but also help coaches to scientifically
analyze the performance of athletes and thus optimize
training plans. In addition, the application of deep learning
in the field of skiing can also promote real-time
monitoring and evaluation during the competition, helping
event organizers to provide more accurate sports
performance data and provide viewers with a richer
viewing experience. However, challenges in skiing
motion recognition still exist, especially in the
performance of diverse movements, complex
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backgrounds, and high-dynamic environments, which
requires further technical exploration [6].

In this paper, we propose an enhanced architecture
named YOLOv11, which is a systematic improvement
over the standard YOLOv4 framework. YOLOv11l
integrates three major modules: hybrid convolutional
blocks for feature extraction, an Adaptive Channel
Attention (ACA) mechanism for context refinement, and
a Dynamic Perception Pooling (DPP) module for scale-
aware representation. All modifications are designed to
optimize performance for real-time skiing action
recognition in complex environments.

In order to further consolidate the research foundation
of the paper and ensure that the references are closely
aligned with skiing action recognition, a new reference [7]
is added, focusing on the dynamic changes of athletes'
postures in skiing. By building a high-precision 3D model,
the characteristic differences of skiing actions under
different slopes and speed conditions are deeply analyzed,
revealing the kinematic and dynamic principles of skiing
actions. This not only has important theoretical guidance
significance for building a more accurate skiing action
recognition model, but also provides a professional
method reference for how to select and annotate skiing
action samples in the process of data set construction in
this study. It echoes the core work of this study, which is
to apply the YOLOv11l model to action recognition in
complex skiing scenes, in terms of research content and
methods, and together improves the research depth and
credibility of the paper in the field of skiing action
recognition.

There is a problem that it is difficult to unify the
annotation standards in the data annotation process.
Different annotators have different understandings of
skiing movements, which leads to deviations in the
annotation results. In addition, skiing scenes are complex
and changeable, and the movements are rich, which
further increases the difficulty of annotation. It also adds
relevant content about exploring the combination of deep
learning and Internet of Things technology, by deploying
sensors on skiing equipment, obtaining athletes'
movement data in real time, and assisting in the training
of action recognition models, which echoes the abstract
and enhances the coherence of the article.

With the rise of deep learning technology, more and
more research has begun to focus on how to apply it to the
field of athlete motion recognition. In particular, deep
learning has shown great application potential in sports
such as skiing, which are highly dynamic, fast, and have
multiple complex movements. At present, some studies
have used convolutional neural networks (CNNs), long
short-term memory networks (LSTMs), and hybrid
models in deep learning to try to accurately recognize and
analyze skiers' movements. For example, through data
collected by video surveillance or wearable devices,
researchers use deep learning models to analyze athletes'
postures, movement trajectories, and technical details, and
have achieved certain results. However, although deep
learning has shown great advantages in the field of motion
recognition, it still faces many technical challenges in the
recognition of skiers' movements. First, skiers' movements
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are of high speed and complexity, which puts high
demands on the accuracy and real-time performance of
motion capture. Second, athletes' movements when skiing
may be affected by many factors, such as weather, snow
conditions, terrain, etc. The diversity of these factors
requires the motion recognition model to have stronger
adaptability and robustness [8]. In addition, the deep
learning model's reliance on large-scale labeled data also
limits its popularity in the field of skiing, because the
construction of high-quality skiing action datasets is
difficult and costly.

The purpose of this study is to explore how deep
learning technology can improve the accuracy and
efficiency of skiing action recognition. As deep learning
models perform better and better on large-scale data sets,
how to apply this technology to action recognition in the
field of skiing, especially in complex environments, has
become a hot topic of current research. The focus of the
research is not only on how to design efficient deep
learning models to recognize different types of skiing
actions, but also on how to improve the real-time and
accuracy of action recognition through intelligent system
design.

In this study, YOLOv4 is used as the standard
reference model for performance comparison, given its
wide adoption in object detection and prior use in sports
motion recognition. The model serves as a robust
benchmark to evaluate the proposed improvements in
YOLOv11.

2 Theoretical basis

2.1 Skiing

Skiing is a winter sport that involves a variety of
techniques and skills. It can be divided into many
categories according to its form, such as competitive
skiing, skiing skills, freestyle skiing, etc. Each form of
skiing has its own unique action requirements. The
athlete's skills, reaction speed, body coordination and
ability to adapt to the environment are all key factors for
success. The classification of skiing usually includes:
Alpine skiing, cross-country skiing, freestyle skiing, ski
jumping, etc. Among them, alpine skiing and freestyle
skiing are the most common and have a closer relationship
with motion recognition research. The characteristics of
skiing movements are reflected in its high speed and
dynamics. Athletes need to constantly adjust their body
posture during skiing to adapt to different terrains and
climate changes. Turning, jumping, sliding and other
movements must not only ensure efficient execution of the
technology, but also have the ability to respond quickly to
the environment. For example, in alpine skiing, the
bending action when turning, the center of gravity control
during sliding, and the adjustment of aerial movements
when jumping are all key elements that the motion
recognition system needs to capture [9].

Powder snow is soft, the skis sink deep into the snow,
the skier's movements are relatively large, and the visual
features produced change significantly, but the reflection
of the snow may interfere with image acquisition; hard
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snow is hard, the skis slide fast, and the movements are
relatively compact, so the model needs to accurately
capture subtle changes in movements. These
characteristics place higher demands on the robustness of
the model under complex snow conditions. After the
supplementary content, the discussion on the robustness of
the model is more comprehensive.

2.2 Basic concepts of action recognition

Action recognition is an important task in the field of
computer vision. Its purpose is to automatically identify
and classify different actions or behaviors by analyzing
video or image sequences. The goal of action recognition
is not only to distinguish different action categories, but
also to accurately understand the time sequence and
contextual information of the action, and then determine
whether the action is correct and whether it meets certain
standards (such as technical actions in skiing, competition
rules, etc.). In the context of skier action recognition, the
application of action recognition system can help coaches
analyze athletes' action performance in real time, provide
athletes with accurate technical feedback, and improve
training effects and competition performance. Action
recognition can be divided into two categories: traditional
methods and deep learning-based methods. Traditional
action recognition methods usually rely on manual feature
extraction and model design. By analyzing features such
as optical flow, posture, and action trajectory in the video,
machine learning algorithms (such as support vector
machines, hidden Markov models, etc.) are used to
classify actions. This type of method relies on manual
selection and extraction of features, is usually sensitive to
environmental changes, and has high computational
complexity. For sports with strong dynamics and complex
backgrounds such as skiing, traditional methods face great
limitations. In contrast, action recognition methods based
on deep learning have significant advantages. Deep
learning can automatically learn features from raw data by
building multi-layer neural networks. It can handle
complex and unstructured data and has good
generalization ability when trained with large-scale data
sets. In recent years, models such as convolutional neural
networks (CNN), recurrent neural networks (RNN), long
short-term memory networks (LSTM), and Transformer
have achieved remarkable results in action recognition
[10,11]. These models can not only effectively extract
spatial features from images or videos, but also process
time series data, thereby improving the accuracy and
robustness of action recognition.

2.3 Comparison between traditional
methods and deep learning methods

Traditional action recognition methods are mostly
based on manual feature extraction, such as extracting
information such as optical flow, posture, and angle
changes, and combining them with machine learning
algorithms for classification. The optical flow method
infers the motion trajectory of objects in the image by
analyzing the pixel changes between consecutive frame
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images; while posture estimation infers the human action
pattern by analyzing the position changes of each joint of
the human body. However, these methods face many
challenges, especially in complex backgrounds and fast-
moving scenes. During skiing, the dynamic changes in the
environment (such as snow conditions, climate change,
etc.) and the rapid movements of athletes make traditional
methods less robust and easily interfered by noise in
complex environments. Unlike traditional methods, deep
learning methods learn features directly from raw video or
image data through end-to-end training, and automatically
extract and optimize key features. This enables deep
learning to handle more complex action recognition tasks.
In skiing action reco