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Abstract—The Multimodal Sentiment Analysis (MSA) land-
scape for Arabic content is strikingly underexplored, mainly due
to limited datasets and a lack of robust integration methods
across text, audio, and image. While transformer-based models
like MarBERT and ArBERT achieve strong results on Arabic
text, most research remains unimodal and does not fully exploit
multimodal synergy. In this work, we propose a three-fold
approach for Arabic MSA. First, we finetune robust transformers
for each modality, namely ViT, MarBERT, and HuBert for image,
Text, and Audio, respectively. Second, we perform an early feature
fusion. Third, we use classifiers for sentiment prediction. On
the recent Ar-MuSA benchmark released on 2025, our tri-modal
fusion system, achieves state-of-the-art performance (F1=0.7756,
Accuracy=0.7759), significantly exceeding the multimodal models
benchmarked on the Ar-MuSa dataset, as well as the unimodal
and bimodal methods. This demonstrates that comprehensive tri-
modal fusion and thoughtful classifier selection are essential for
accurate, human-centric Arabic sentiment analysis.

Keywords—Arabic sentiment analysis; multimodal learning;
feature fusion; machine learning; early fusion

I. INTRODUCTION

The Arabic digital space has grown rapidly in recent
years [1], [2], [3], [4], [5]. Social media platforms, video-
sharing services, and online forums allow users to express
opinions and emotions through text, speech, and images. As a
result, sentiment is increasingly communicated in a multimodal
manner [6], [7], [8]. This evolution raises new challenges for
artificial intelligence (AI) [9] and natural language processing
(NLP) [10], which must go beyond textual analysis to under-
stand sentiment more accurately [11]. Early work in Arabic
sentiment analysis mainly focused on text written in Modern
Standard Arabic (MSA) [12], [13], [14], [2]. These approaches
often relied on machine learning techniques and handcrafted
features [15]. The introduction of transformer-based models
has significantly improved text-based sentiment analysis [16],
[17]. However, Arabic remains a complex language due to
its rich morphology, dialectal variation, and informal writing
styles commonly used in social media. Importantly, sentiment
is not expressed through text alone. Spoken language conveys
emotion through prosody, such as intonation and rhythm.
Visual content also plays a key role, as facial expressions
and contextual cues often reveal affective states. Ignoring
these signals leads to incomplete sentiment understanding,
particularly in socially rich Arabic media.

While multimodal sentiment analysis has been widely
explored for English [18], [6], [11], research in Arabic remains
limited. One major reason is the lack of large, well-annotated
multimodal datasets. Another challenge lies in designing effec-
tive fusion strategies that can integrate heterogeneous modal-
ities. The release of the Ar-MuSA [19] dataset addresses part

of this gap by providing aligned text, audio, and image data
for Arabic sentiment analysis.

In this work, we investigate multimodal Arabic sentiment
analysis using transformer-based feature extraction for text,
speech, and images. We adopt hybrid pipelines that combine
deep pretrained representations with machine learning clas-
sifiers. In particular, we focus on early feature-level fusion
and systematically compare unimodal, bi-modal, and tri-modal
configurations.

Beyond technical contributions, this research aims to sup-
port a more context-aware understanding of Arabic digital
content. Robust multimodal sentiment analysis is essential for
applications such as content moderation, opinion mining, and
social media analysis. It is also especially valuable in low-
resource and highly variable linguistic environments such as
Arabic.

The main contributions of this study are as follows:

e We provide a systematic evaluation of multimodal
sentiment analysis for Arabic using text, audio, and
image modalities from the Ar-MuSA dataset.

e  We analyze the impact of early fusion strategies across
uni-modal, bi-modal, and tri-modal settings.

e We report the state-of-the-art results and highlight
practical insights for future research in Arabic mul-
timodal sentiment analysis.

The remainder of this study is structured as follows:
Section II surveys foundational research in Arabic sentiment
analysis and multimodal approaches. Section III presents the
details of our proposed multimodal sentiment analysis pipeline,
including unimodal feature extraction, fusion methods, and
classification strategies. Section IV describes the Ar-MuSA
dataset, outlines preprocessing procedures, and details the
experimental protocol. Section V reports and analyzes the
experimental results across unimodal, bimodal, and tri-modal
configurations. Section V-B provides a direct comparison of
our approach with existing Ar-MuSA benchmarks and state-
of-the-art results. Section VI offers an in-depth interpretation
of key findings and their broader implications. Finally, Sec-
tion VII concludes the study and suggests possible directions
for future research in Arabic multimodal sentiment analysis.

II. RELATED WORK

Arabic Sentiment Analysis (ASA) has evolved from classi-
cal machine learning pipelines that rely on handcrafted features
to transformer-based and multimodal approaches that integrate
textual, acoustic, and visual signals. This section reviews prior
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work in line with the thematic structure adopted in this study:
1) Arabic sentiment analysis, 2) multimodal Arabic sentiment
analysis, 3) multimodal machine learning foundations, and 4)
transformer-based classification. We conclude by synthesizing
the main limitations reported in the literature and highlighting
the research gap addressed by this work.

A. Arabic Sentiment Analysis

Contemporary ASA research consistently emphasizes the
linguistic complexity of Arabic—including rich morphology,
dialectal variation, and informal writing styles—as a central
challenge for robust sentiment modeling. In [15], the authors
compare conventional methods such as SVM and Naive Bayes
with deep learning and transformer-based approaches (e.g.,
LSTM and AraBERT), reporting that AraBERT achieves su-
perior performance (above 88% accuracy in their reviewed
settings) while noting persistent limitations related to corpus
scarcity and dialectal diversity.

Several application-driven studies confirm that classical
machine learning approaches remain competitive in domain-
specific settings when datasets are appropriately curated.
Musleh et al. investigate Arabic YouTube comments and
evaluate six classifiers for binary sentiment polarity; their
experiments show that Naive Bayes achieves the best perfor-
mance (94.62% accuracy and MCC of 91.46%), demonstrating
the continued relevance of lightweight models for constrained
ASA tasks [20]. In another social-media context, Musleh et
al. propose a machine-learning approach to detect depression
from Arabic Twitter posts, formulating a multi-class problem
(depressed, non-depressed, neutral) and reporting that Random
Forest attains 82.39% accuracy [21]. This work illustrates that
extending sentiment-related analysis to mental-health signals
introduces additional complexity in labeling, feature robust-
ness, and generalization.

In the education domain, [22] construct an Arabic dataset
from student satisfaction surveys and compare classical models
with the AraBERT transformer, achieving an accuracy of 78%
and highlighting the limited availability of Arabic sentiment
datasets tailored to educational evaluation. Overall, these stud-
ies collectively show that: 1) dataset design and domain cover-
age are crucial to performance, and 2) pretrained transformers
often provide gains, but robustness across domains and dialects
remains an open challenge.

B. Multimodal Arabic Sentiment Analysis

Although text-only ASA dominates the literature, mul-
timodal Arabic sentiment analysis (MuSA) is increasingly
studied due to the prevalence of sentiment expression through
voice, facial cues, and contextual imagery in videos and social
platforms. Early work by [23] introduces a direction toward
Arabic multimodal sentiment analysis by presenting a dataset
and exploring SVM-based classification, arguing that multi-
modality can better capture sentiment signals in heterogeneous
social media content. In [24], the authors analyze Arabic
YouTube videos by integrating acoustic and facial features
and testing different classifiers (including SVM and neural
networks), achieving an overall accuracy of 76%, which un-
derlines both the promise of multimodal cues and the difficulty
of robust inference in real-world settings.
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More recent efforts emphasize improved fusion strategies
across text, audio, and vision. In [25], the authors propose
enhanced video analytics through multi-level fusion of textual,
auditory, and visual information, reporting more than 94% ef-
fectiveness in multi-dialect Arabic videos. Their results suggest
that carefully designed fusion mechanisms can significantly
improve performance beyond unimodal baselines, particularly
when dialectal and expressive cues are important.

Dataset construction remains a key bottleneck for MuSA.
In [26], the authors introduce and validate an Arabic multi-
modal dataset using transformer-based components and word-
alignment techniques, but they also emphasize limitations in
dataset scale and coverage. Addressing the need for standard-
ized benchmarking, [27] propose Ar-MuSA, an open-source
multimodal benchmark dataset and evaluation framework that
combines text, audio, and visual elements, demonstrating that
multimodal approaches often outperform unimodal strategies
when validated with advanced models such as MarBERT
and HuBERT. In low-resource settings, [28] further introduce
UniTextFusion, an early-fusion strategy that textualizes non-
text modalities to integrate them into Arabic language models;
using LoRA-based fine-tuning, they report improvements of
up to 34% in Fl-score compared to existing baselines. These
findings highlight the importance of both dataset availability
and parameter-efficient multimodal fusion for Arabic.

C. Multimodal Application Using Machine Learning

General multimodal machine learning (MML) research
provides the conceptual foundation for MuSA, particularly for
understanding how to represent, align, and fuse heterogeneous
modalities. In [29], the authors provide a comprehensive sur-
vey and propose a taxonomy organizing MML challenges into
representation, translation, alignment, fusion, and co-learning.
This taxonomy is especially relevant to Arabic multimodal
sentiment tasks where temporal alignment and noisy cross-
modal signals can substantially affect performance.

In [30], the authors extend these foundations by framing
principles, challenges, and open questions in multimodal ma-
chine learning, covering representation, alignment, reasoning,
generation, transference, and uncertainty quantification. Their
discussion suggests that multimodal systems should be evalu-
ated not only by accuracy but also by robustness, transferabil-
ity, and reliability—criteria that are particularly important in
Arabic contexts with high dialect variability and diverse media
conditions.

Multimodal modeling is also increasingly applied to prag-
matic phenomena closely related to sentiment, such as sarcasm.
In [31], the authors present a multimodal Arabic sarcasm
detection approach using text, audio, and image features on
the Ar-MuSA dataset; leveraging BiLSTM, CNN, and ResNet-
50 encoders, they achieve 97% accuracy and show clear
gains over unimodal settings. This supports the argument that
multimodality can capture implicit affective and pragmatic
cues that are difficult to infer from text alone.

D. Transformer Application in Classification

Transformers have become the dominant paradigm for
classification in both NLP and computer vision, and they
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have strongly influenced both unimodal ASA (e.g., AraBERT-
like encoders) and multimodal systems that depend on trans-
former backbones or transformer-compatible representations.
In [32], the authors survey transformer-based text classifica-
tion, proposing an expanded taxonomy and discussing perfor-
mance, cost, safety, and bias considerations; importantly, they
argue that large transformer models are not universally supe-
rior without careful consideration of domain and deployment
constraints .

In vision, [33] review vision transformers for image clas-
sification, tracing the evolution from ViT to more advanced
variants and comparing them to CNNs, while emphasizing
open challenges such as data efficiency and computational
demands. These insights motivate efficiency-aware multimodal
designs, since MuSA systems often require strong unimodal
encoders in each modality.

Evidence also indicates that smaller, well-adapted pre-
trained models can compete with much larger models in
classification tasks. In [34], the authors evaluate pretrained
language models for mathematical problem classification and
show that compact transformer models can match larger LLMs
with a macro-F1 of 0.8685, highlighting the practical value
of targeted fine-tuning and cost-effective architectures. This
aligns with recent MuSA work that favors parameter-efficient
tuning methods such as LoRA [28].

E. Research Gap

Despite substantial progress, the reviewed literature reveals
several persistent gaps. First, the availability of large-scale,
diverse, and well-aligned Arabic multimodal datasets remains
limited; while Ar-MuSA advances benchmarking [27], other
dataset efforts still report constraints in scale and coverage
[26]. Second, robustness across dialects, domains, and informal
language remains a central challenge in ASA [15]; strong
results in a specific domain (e.g., YouTube) may not transfer
to other contexts such as education or mental health [20],
[21], [22]. Third, although recent low-resource fusion methods
show promise [28], the design space of fusion strategies
(early/late/hybrid fusion and modality interaction modeling)
has not been consistently evaluated under comparable settings
for Arabic. Finally, many studies emphasize accuracy-focused
evaluation, while broader multimodal literature argues for more
systematic analysis of reliability, uncertainty, and failure modes
[30].

These limitations motivate the need for an approach that:
1) better accounts for Arabic linguistic variability, 2) lever-
ages complementary multimodal cues through principled and
efficient fusion, and 3) is evaluated with robustness and gen-
eralization analysis beyond single-dataset performance.

III. PROPOSED APPROACH

The model architecture proposed in this research addresses
the task of Arabic multimodal sentiment analysis through
a principled integration of information from textual, visual,
and audio modalities. The system leverages the strengths of
transformer-based models for each modality, and employs a
structured pipeline for effective fusion and classification. The
process is illustrated in Fig. 1.
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A. Unimodal Representation Learning

For each modality—text, audio, and image—we employ
state-of-the-art transformer architectures, each fine-tuned on
the Ar-MuSA dataset to extract robust, modality-specific em-
beddings:

Ctext = MarBERT(Xtext; gtext) (1)
€audio = HU-BERT(Xaudio; aaudio) (2)
€image = ViT(Ximage; Himage) 3

where, Xiext, Xaudio> aNd Ximage are the respective raw
inputs, 6 denotes the set of fine-tuned parameters specific to
each model, and ex represents the resulting embedding vectors.

This approach is motivated by several key considerations.
First, using dedicated transformer models for each modal-
ity allows us to capitalize on their architectural strengths,
which have been empirically demonstrated across diverse
tasks in natural language processing, speech analysis, and
computer vision. Each model—MarBERT, HuBERT, and
ViT—incorporates design choices and pretraining strategies
that make it uniquely effective for its target data type.

Second, fine-tuning on the Ar-MuSA dataset ensures that
each model adapts to the linguistic, acoustic, and visual
characteristics specific to the domain of interest. This step
enhances the models’ ability to capture salient and contextually
relevant patterns, which is especially important when dealing
with datasets that diverge from widely available pretraining
corpora.

Third, transformer-based encoders yield highly expressive
and context-aware representations. These models effectively
model complex dependencies: MarBERT excels at capturing
nuanced semantics in Arabic text, HuBERT models both local
and long-range speech patterns, and ViT efficiently encodes
spatial and hierarchical information in images. The unimodal
embeddings produced are therefore rich in both local detail
and global structure.

Finally, a wealth of recent literature highlights the ben-
efits of strong unimodal feature extraction as a precursor
to multimodal learning [35], [36]. Isolating and optimizing
each modality at the representation level not only improves
single-modality interpretability, but also provides a robust
foundation for effective cross-modal fusion, leading to superior
performance in downstream multimodal tasks.

Through this methodical unimodal representation learning
scheme, we ensure that each input stream contributes maxi-
mally informative, discriminative, and complementary features
to the overall multimodal system.

B. Multimodal Feature Fusion

In multimodal learning, feature fusion refers to the pro-
cess of integrating information derived from multiple input
modalities—such as text, audio, and images—into a single,
unified representation suitable for downstream tasks. Among
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Fig. 1. Overview of the proposed multimodal Arabic sentiment analysis pipeline. Each modality is encoded by a dedicated finetuned transformer (MarBERT
for text, HUBERT for audio, ViT for images). The resulting embeddings are concatenated to produce a joint multimodal feature vector, which is then used as
input to a machine learning classifier (SVM) for sentiment prediction (positive, neutral, negative).

various fusion strategies, early fusion (also known as feature-
level fusion) is a widely adopted approach. In early fusion,
raw or low-level feature embeddings from each modality are
combined at the initial stages of the model pipeline, usually
before any decision-level processing or prediction.

Formally, let €cxt, €audio> and €jmage denote the learned
feature representations for the text, audio, and image modal-
ities, respectively. Under early fusion, we concatenate these
feature vectors to obtain a single, comprehensive embedding:

€fused = [etext; €audios eimage] (4)

Here, [ ;-; -] denotes straightforward vector concatenation.

The principal rationale for employing early fusion is its
capacity to preserve the diversity and richness of information
from each input modality. Unlike late fusion approaches, which
combine information at the decision level and potentially
disregard modality-specific patterns, early fusion allows the
model to exploit nuanced interactions between modalities
at a granular level. This aligns with empirical findings in
recent studies, which demonstrate that feature-level fusion
retains complementary signals and facilitates deeper cross-
modal synergy, ultimately enhancing performance in complex
multimodal learning tasks [37], [38].

C. Multimodal Sentiment Classification

Following feature extraction and fusion, the joint multi-
modal embedding ey, seq serves as the input to a Support Vector
Machine (SVM) classifier, which is tasked with sentiment
prediction across three discrete categories: positive, neutral,

and negative. Specifically, the SVM learns a discriminative
function over the fused feature space:

7= fsvm (efused; W) (5)

where, VWV denotes the set of weights, thresholds, and bias
terms optimized during supervised training on labeled data.

The decision framework is instantiated as follows: for
T : : i (@) @)

each training instance i, the input tuple (Xiey(, X, idios Ximage)

——processed into the fused embedding—yields a sentiment

prediction:

(x) %@

Xiext» Xaudior Ximage) — 3% € {positive, neutral, negative}

(6)

The choice of SVM for this classification task is motivated
by several factors. First, SVMs are highly effective in high-
dimensional settings such as those arising from feature-level
fusion of transformer-based embeddings. Their emphasis on
maximizing the margin between decision boundaries lends
itself well to the complex, nonlinear distributions often present
in multimodal data. Second, SVMs are robust to overfitting,
especially in cases where the number of training samples
is modest compared to the feature space dimensionality—a
common scenario in multimodal sentiment datasets. The ability
to use various kernel functions (e.g., linear, RBF) further
enhances the SVM’s flexibility to capture intricate cross-modal
relationships within the fused space.

Furthermore, SVMs offer solid interpretability of the
learned margins and support vectors, facilitating post-hoc anal-
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Fig. 2. Distribution of sentiment categories across modalities in the Ar-MuSA dataset.

ysis and potentially providing insights into which modalities
or feature combinations most influence classification decisions.
This interpretability is important not only from a research
standpoint but also for transparency in consequential real-
world applications such as sentiment analysis of media content
or public communication.

Empirical studies corroborate the effectiveness of SVMs
as final classifiers in multimodal pipelines [39], demonstrat-
ing competitive or superior performance compared to more
parameter-intensive neural classifiers, especially when the pre-
ceding stages of the pipeline produce strong, information-rich
feature embeddings.

In summary, the SVM-based multimodal sentiment classi-
fier leverages the joint, complementary information captured
in epseq to robustly predict sentiment, fully exploiting the
synergy of textual, acoustic, and visual modalities within a
principled maximal-margin framework.

IV. EXPERIMENT
A. Dataset and Preprocessing

1) Dataset: In this study, we employ the Ar-MuSA (Ara-
bic Multimodal Sentiment Analysis) dataset, a comprehen-
sive and open-source benchmark specifically developed to
address the scarcity of resources for Arabic multimodal
sentiment analysis [19]. Ar-MuSA consists of 8,700 sam-
ples spanning three modalities—text (transcripts), audio, and
images—systematically extracted from 107 Egyptian Arabic
YouTube videos, with precise alignment ensured via synchro-
nized timestamps. Each sample is annotated for sentiment
(positive, negative, or neutral) at both the modality-specific
and overall levels by a team of native-speaking annotators,

and the final labels are determined through majority voting.
The corpus significantly surpasses existing Arabic multimodal
datasets in terms of both scale and diversity, providing a bal-
anced sentiment distribution (35.5% positive, 43.3% neutral,
21.2% negative), while also capturing the unique linguistic
and cultural challenges inherent in Arabic (see Fig. 2), such
as sarcasm present in speech and facial expressions. The
data preparation pipeline involves detailed preprocessing steps,
including audio segmentation, representative frame extraction,
and automated transcript generation via SeamlessM4T v2. Ar-
MusSA is publicly accessible through HuggingFace, facilitating
research advancements in cross-modal fusion and Arabic nat-
ural language processing.

2) Preprocessing: Preprocessing is a critical step in mul-
timodal sentiment analysis, as it ensures consistency across
modalities and prepares inputs for transformer-based model-
ing. In this work, we adopted modality-specific preprocessing
pipelines for text, audio, and visual data to optimize compati-
bility with state-of-the-art models in each domain.

For the text modality, transcripts were tokenized using the
MARBERT tokenizer, which is designed explicitly for Arabic,
incorporating both dialectal variants and Modern Standard
Arabic [40]. During preprocessing, raw text was mapped to
token indices, and each sequence was padded or truncated
to a maximum length of 128 tokens to maintain uniformity
across samples. This standardization ensures consistent input
dimensions for the MARBERT model during training and
inference.

The audio modality comprised segmented utterances
aligned with the text and visual data. Audio signals were
first converted to mono and resampled to a sampling
rate of 16 kHz. Following this, we utilized HuggingFace’s
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Wav2Vec2FeatureExtractor for feature extraction, which in-
cluded normalization, framing, and padding or truncation to
a fixed duration of 5 seconds (approximately 80,000 samples).
This approach ensures that each audio sequence is of compa-
rable length, facilitating efficient batch processing and stable
learning during model fine-tuning.

We extracted a single frame per utterance corresponding to
the relevant audio and text segments for the visual modality.
Each image was loaded in RGB format to ensure color consis-
tency across the dataset. Preprocessing was performed using
the ViTImageProcessor from the Hugging Face Transformers
library. This extractor standardized all frames to the required
224 x 224-pixel size and applied intensity normalization,
preparing the images for input into the Vision Transformer
model (“google/vit-base-patch16-224)[41].

B. Training Details

In this work, our primary focus is maximizing the ex-
pressive power of tri-modal fusion for Arabic multimodal
sentiment analysis. While we report baseline results for uni-
modal and bimodal scenarios for comparative rigor, most
of our methodological attention is dedicated to the optimal
training and integration of the textual, acoustic, and visual
streams in the tri-modal setting. To this end, our training
protocol is structured around two core stages: 1) independent
modality-specific fine-tuning and 2) downstream fusion and
classifier training. Below, we provide a detailed account of
both, explicitly referencing all training protocols and model
configurations utilized.

The specific hyperparameters for each modality were deter-
mined empirically and are summarized in Table I, Table II, and
Table III. These tables offer a transparent and comprehensive
reference with all key settings, including optimizer type (Adam
or AdamW), learning rate, batch size, number of epochs,
gradient accumulation steps, warmup steps or ratios, evaluation
frequency, and initialization seeds.

TABLE I. TRAINING SETUP FOR MARBERT MODEL

Parameter Value
Adam Epsilon le-8
Learning Rate le-5
FP16 Enabled
Train Batch Size 16

Eval Batch Size 16
Gradient Accumulation Steps | 2
Number of Epochs 5
Warmup Steps 0.2
Evaluation Strategy Per Epoch
Random Seed 42
Logging Steps 200

After feature extraction from the fine-tuned MarBERT
(text), HuUBERT (audio), and ViT (visual) models, the re-
spective feature vectors were concatenated along the feature
dimension to form unified representations for each data in-
stance. These tri-modal concatenated feature vectors were then
used as input for a suite of machine learning classifiers:
Support Vector Machine (SVM), Random Forest (RF), k-
nearest Neighbors (KNN), and Naive Bayes (NB), and each
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TABLE II. TRAINING SETUP FOR HUBERT MODEL

Parameter Value
Adam Epsilon le-8
Learning Rate 2e-5
FP16 Enabled
Train Batch Size 8

Eval Batch Size 8
Gradient Accumulation Steps 2
Number of Epochs 3
‘Warmup Steps 0.2
Evaluation Strategy Per Epoch
Random Seed 42
Logging Steps 200

TABLE III. TRAINING SETUP FOR VIT 16xX16 MODEL

Parameter Value

Train Batch Size 32

Eval Batch Size 32

Learning Rate 0.0001
Input_shape (224, 224, 3)
Optimizer Adam

Loss_function Categorical Cross entropy
Number of Epochs | 3
Metrics

Accuracy

model was implemented within a scikit-learn pipeline
[42]. Table IV summarizes the primary hyperparameters used
for each classifier, as optimized or specified for our tri-modal
(Text+Audio+Image) classification experiments:

For all experiments, data were partitioned using a strati-
fied split, with 80% of the data allocated for training, 10%
for validation, and 10% for testing, while maintaining label
distribution across all subsets (random_state=42) to en-
sure reproducibility. Unless specified otherwise, all classifier
hyperparameters were tuned and evaluated primarily on the
tri-modal feature fusion setting, which constitutes the central
focus of our approach.

C. Evaluation Metrics

A rigorous evaluation of our multimodal sentiment clas-
sification model requires a multifaceted approach, particularly
given the frequent class imbalance typical of sentiment analysis
datasets. To this end, we adopted a comprehensive suite of
metrics to ensure fairness and depth in assessing our mod-
els. The primary metrics considered include overall accuracy,
weighted precision (WP), weighted recall (WR), and weighted
Fl-score (WF-1). Below, we present explicit definitions and
the mathematical formulations employed for each metric.

1) Weighted Precision (WP): Precision quantifies the pro-
portion of optimistic predictions that are indeed correct. In sce-
narios where classes are imbalanced, simply averaging across
classes can be misleading. Weighted precision mitigates this by
giving higher importance to classes with greater representation
in the data. It is computed as:

>, [Precision; x Supporti]

WP =
>~ i = 1"Support,

where, Precision; is the precision for class 4, Support, is
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Fig. 3. Classification accuracy (%) of all evaluated classifiers across modalities and fusion types.

TABLE IV. PRIMARY HYPERPARAMETERS USED FOR EACH CLASSIFIER
IN THE TRI-MODAL EXPERIMENT

Classifier Hyperparameters
SVM (RBF) kernel=rbf
C=1.0

gamma=scale
probability=True
random_state=42

Random Forest n_estimators=500
max_depth=30
max_features=sqrt
class_weight=balanced
min_samples_split=5
n_jobs=-1
random_state=42
KNN n_neighbors=5
weights=distance

algorithm=auto
n_jobs=-1
GaussianNB

aprés normalisation)

Naive Bayes

Ensemble (Voting) | Voting=soft

estimateurs={SVM, RF, KNN, NB}

the number of true samples in class ¢, and 7 is the total number
of classes.

2) Weighted Recall (WR): Recall measures the ability of
the classifier to identify all relevant instances for each class
correctly. Just like precision, it is important to adjust for class
support. Weighted recall is defined as:

>, [Recall; x Support;]
>_i—1 Support;

WR =

with Recall; representing the recall for class 7. This metric
ensures a more representative assessment, especially when
certain classes dominate the dataset.

3) Weighted FI1-Score (WF-1): The Fl-score is the har-
monic mean of precision and recall and provides a single
measure of a classifier’s accuracy about the positive class. The
weighted F1-score, which addresses the variance in class sizes,
is calculated as:

>, [F1-Score; x Support,]
>, Support,

WF-1 =

where, the F1-score for each class, ¢, is given by:

2 x Precision; x Recall;

F1-Score; = —
Precision; + Recall;

4) Accuracy: Often considered the most intuitive metric,

accuracy is the ratio between the number of correct predictions
and the total number of predictions made:

Number of correct predictions

Accuracy =
y Total number of predictions

To provide additional transparency, each experimental re-
sult is accompanied by a full classification report detailing
precision, recall, Fl-score, and support for each sentiment
class (positive, negative, and neutral). We further visualize
performance using confusion matrices, which offer insight into
which classes the model will most likely confuse.

All metrics are systematically computed using the
scikit—-learn Python package [42], ensuring reproducibil-
ity and consistency across experiments. Using weighted met-
rics throughout is deliberate, as it more accurately reflects
classifier performance in the presence of uneven class distri-
butions—an everyday reality in real-world sentiment datasets.

This robust evaluation protocol allows for a nuanced com-
parison of different classifiers and fusion methods, underpin-
ning the credibility of our findings in multimodal sentiment
analysis.
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TABLE V. COMPARISON OF OUR CONFIGURATIONS WITH STATE-OF-THE-ART SYSTEMS AND AR-MUSA BENCHMARK BASELINES

System / Study Modality / Fusion Model WF-1 Accuracy
Our (Tri-modal) Text + Audio + Image SVM 0.776 0.776
Khaled et al. [28] Late Fusion LLaMA 3.1-8B 0.67 0.71
Khaled et al. [28] Late Fusion SILMA Al 0.65 0.68
Ar-MuSA [19] Late Fusion Voting Ensemble 0.60 0.63
V. RESULTS accuracy as primary metrics. Table V provides a consolidated

This section presents an in-depth evaluation of our multi-
modal sentiment classification methodology on the Ar-MuSA
benchmark, particularly emphasizing the tri-modal (text, au-
dio, and image) fusion setting. For broader benchmarking,
unimodal and bi-modal results are included. However, the anal-
ysis prioritizes tri-modal fusion—demonstrating its integrative
strengths and practical relevance for robust Arabic sentiment
recognition, as shown in Fig. 3.

A. Main Focus: Tri-modal Fusion Results

Integrating textual, audio, and visual streams is hypothe-
sized to leverage complementary evidence and improve sen-
timent classification performance. In our tri-modal fusion, we
concatenate deep feature vectors from MarBERT (text), Hu-
BERT (audio), and ViT (image), yielding a high-dimensional
representation for each instance. Table VI documents perfor-
mance across classifiers.

TABLE VI. TRI-MODAL SENTIMENT CLASSIFICATION RESULTS
(TEXT-IMAGE-AUDIO FUSION)

Classifier Accuracy WR WF-1 wp

SVM 0.7759 0.7759 | 0.7756 | 0.7783
Random Forest 0.7747 0.7747 | 0.7747 | 0.7771
KNN 0.7454 0.7454 | 0.7449 | 0.7466
Naive Bayes 0.7356 0.7356 | 0.7362 | 0.7386
Ensemble Model 0.7678 0.7678 | 0.7678 | 0.7691

Tri-modal fusion consistently yields the highest overall
performance, confirming the value of aggregating diverse cues.
The SVM outperforms all other models (Accuracy: 0.7759,
WE-1: 0.7756), suggesting that synergistic evidence from
all three modalities enables stronger discrimination of senti-
ment—especially capturing aspects that cannot be derived from
text or image alone. Random Forest is a close second, while
KNN and Naive Bayes lag, possibly due to their limitations
with complex, high-dimensional data. The ensemble, while
robust, does not exceed the single SVM, indicating that hard
or soft voting does not add to the already dominant SVM clas-
sification when features are so robust. Importantly, tri-modal
fusion provides measurable, though sometimes modest, gains
compared to unimodal and bimodal systems, underscoring its
unique value.

B. Comparison with the State-of-the-Art and Baselines

To quantify the effectiveness of our approach, we compare
our best modal configurations against the official Ar-MuSA
benchmark baselines [19], as well as the recent late-fusion
large-model results reported by Khaled et al. [28]. Following
common practice in sentiment classification on potentially
imbalanced datasets, we report weighted Fl-score (WF-1) and

view of the competing systems and highlights the relative con-
tribution of each modality and fusion setting in our pipeline.
For an intuitive overview of the relative gains across systems.

As observed in Table V, our tri-modal configuration
(Text+Audio+Image) with early feature concatenation and an
SVM classifier achieves a WF-1 of 0.776 and an accuracy
of 0.776, establishing the overall results among the compared
systems. In particular, this represents a clear improvement
over the best tri-modal baseline reported in Ar-MuSA (late-
fusion voting ensemble; WF-1 = 0.60, accuracy = 0.63) [19],
indicating that our fusion and feature design enables more
effective exploitation of complementary cross-modal senti-
ment cues. Compared with recent late-fusion, large-model
approaches [28], our best configurations remain consistently
both metrics. This outcome highlights that, for Ar-MuSA-style
sentiment analysis, carefully designed early fusion coupled
with effective feature extraction can rival (and in this case
outperform) heavier late-fusion strategies, while remaining
comparatively simple and potentially more efficient to train
and deploy.

C. Uni and Bi-modal Results: Added for Comparative Bench-
marking

To contextualize the strength of tri-modal fusion, we evalu-
ated unimodal and bimodal setups—especially for comparison
with the Ar-MuSA baseline. These results reveal how much
each modality contributes individually and in pairs, but serve
primarily as references for the added value of tri-modal inte-
gration.

1) Unimodal results: Table VII compiles unimodal results
across text, audio, and image—for all classifiers.

TABLE VII. UNIMODAL SENTIMENT CLASSIFICATION RESULTS ACROSS
MODALITIES.

Modality Classifier Accuracy WR WF-1 Wwp
SVM 0.7586 0.7586 | 0.7580 0.7595
Random Forest 0.7569 0.7569 | 0.7563 0.7584
Text KNN 0.7437 0.7437 | 0.7433 0.7436
Naive Bayes 0.7569 0.7569 | 0.7574 0.7595
Ensemble Model 0.7575 0.7575 | 0.7577 0.7587
SVM 0.4971 0.4971 | 0.4602 0.4887
Random Forest 0.4805 0.4805 | 0.4549 0.4588
Audio KNN 0.4236 0.4236 | 0.4180 0.4151
Naive Bayes 0.4500 0.4500 | 0.4537 0.4772
Ensemble Model 0.4598 0.4598 | 0.4632 0.4775
SVM 0.7718 0.7718 | 0.7641 0.7687
Random Forest 0.7708 0.7708 0.7631 0.767 7
Image KNN 0.7310 0.7310 | 0.7263 0.7259
Naive Bayes 0.5655 0.5655 | 0.5746 0.6871
Ensemble Model 0.7684 0.7684 | 0.7700 0.7727
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Text and image provide height unimodal baselines, but each
is limited: image achieves the highest scores (SVM WEF-1:
0.7641) yet cannot capture language-specific sentiment; text
is robust (SVM WF-1: 0.758) but may miss paralinguistic
or non-verbal signals. Audio is the weakest (SVM WF-1:
0.460), reflecting the challenge of sentiment inference from
prosody alone and possible imbalance in audio cues, a point
corroborated by prior results on Arabic datasets. Ultimately,
these unimodal numbers highlight why fusion—especially tri-
modal fusion—is necessary for holistic sentiment recognition.

2) Bi-modal results: Bi-modal fusion results (see Ta-
ble VIII) are listed next. Here, we focus on the text-audio
and text-image pairs, following the Ar-MuSA evaluation.

TABLE VIII. BI-MODAL SENTIMENT CLASSIFICATION RESULTS
(TEXT-AUDIO AND TEXT-IMAGE FUSION).

Fusion Classifier Accuracy WR WF-1 wp
SVM 0.7569 0.7569 | 0.7562 | 0.7583
Random Forest 0.7586 0.7586 | 0.7581 | 0.7602
T+A KNN 0.7443 0.7443 | 0.7439 | 0.7441
Naive Bayes 0.7155 0.7155 | 0.7158 | 0.7165
Ensemble Model 0.7489 0.7489 | 0.7487 | 0.7493
SVM 0.7750 0.7750 | 0.7746 | 0.7776
Random Forest 0.7745 0.7745 | 0.7743 | 0.7774
T+I KNN 0.7471 0.7471 0.7467 | 0.7482
Naive Bayes 0.7632 0.7632 | 0.7637 | 0.7664
Ensemble Model 0.7695 0.7695 0.7697 0.7716

Notes: T = Text modality; A = Audio modality; I = Image modality.

Bi-modal fusion, particularly with the text-image pair,
yields performance only slightly above the best unimodal
results (WF-1 up to 0.7746 for SVM). In some cases, improve-
ments are marginal or classifier-dependent. The text-audio pair
offers minimal additional information over text alone, which
aligns with the weaker standalone audio performance. These
outcomes reinforce that while bimodal fusion can harness
some complementary signals, the dominant contribution still
arises from the text stream, and these combinations primarily
serve as strong baselines and ablation checks for the tri-modal
configuration.

It is evident from the above results that while unimodal and
bi-modal settings offer competitive baselines and are crucial
for benchmarking against prior work, such as the Ar-MuSA
dataset, their practical ceiling is reached quickly. The tri-
modal approach remains unmatched in providing robust and
nuanced sentiment analysis by integrating all available cues.
These findings support the growing consensus in the literature
that multimodal fusion—when effectively implemented—can
yield modest but consistent advances over single or dual-
modality systems, especially in linguistically and emotionally
rich domains such as Arabic social media.

In the subsequent section, we contextualize these findings
by directly comparing our results to the Ar-MuSA benchmarks,
highlighting the gains achieved with our tri-modal fusion
strategy.

VI. DISCUSSION

The experimental results clearly demonstrate the advan-
tages of multimodal learning for Arabic sentiment analysis

Vol. 17, No. 2, 2026

on social media data. Across all evaluated settings, tri-modal
fusion (Text+Audio+Image) consistently achieved the best
performance, with early feature concatenation combined with
an SVM classifier yielding the highest scores (WF-1 = 0.776,
Accuracy = 0.776). This confirms that sentiment in user-
generated Arabic content is not solely conveyed through text,
but rather emerges from the complementary interaction of
linguistic, visual, and acoustic cues.

Unimodal experiments highlight the relative contribution of
each modality. Text and image independently provide strong
sentiment signals, whereas audio alone remains comparatively
weak due to noise, speaker variability, and the subtle nature
of prosodic cues. Nevertheless, when integrated with text
and image, audio contributes complementary information that
improves robustness and reduces ambiguity in difficult cases.

Bi-modal fusion experiments reveal that Text+Image repre-
sents the most effective dual-modality configuration, achieving
performance close to the full tri-modal system. In contrast,
Text+Audio fusion offers only marginal gains over text-only
models. These findings suggest that visual context plays a
particularly important role in disambiguating sentiment in
Arabic social media, while audio acts as a secondary but
supportive modality.

Compared with prior work and official Ar-MuSA baselines,
the proposed approach consistently outperforms existing uni-
modal, bi-modal, and tri-modal systems, including recent late-
fusion and large-model approaches. Notably, the performance
of a relatively simple early-fusion SVM pipeline indicates
that carefully designed feature-level integration of pretrained
encoders can be more effective than heavier ensemble or late-
fusion architectures.

Overall, the results advocate for comprehensive tri-modal
fusion as the most reliable strategy for sentiment classification
in Arabic social media, while also highlighting Text+Image
fusion as a practical near-optimal alternative when audio is
unavailable. These findings reinforce the importance of multi-
modal representations for capturing the richness and variability
of sentiment expression in low-resource and highly informal
linguistic settings.

VII. CONCLUSION

This study introduced a comprehensive framework for
Arabic multimodal sentiment analysis that integrates textual,
visual, and acoustic information through early feature-level
fusion. By leveraging strong pretrained encoders—MarBERT
for text, ViT for images, and HuBERT for speech—and
combining them with margin-based classification, the proposed
approach achieves state-of-the-art performance on the Ar-
MuSA benchmark. Experimental results confirm that tri-modal
fusion consistently outperforms unimodal and bi-modal con-
figurations, underscoring the importance of jointly modeling
linguistic content, visual context, and paralinguistic cues for
sentiment understanding in user-generated Arabic media.

The study further demonstrates that while text and image
modalities provide strong standalone signals, audio plays a
complementary role that enhances robustness when integrated
with other modalities, despite its relatively weaker individual
performance. Compared with existing baselines and recent
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late-fusion approaches, the proposed early-fusion strategy of-
fers a more effective and computationally efficient alternative.

Building on these findings, future work will focus on

extending the framework through improved speech represen-
tation learning, dialect-aware acoustic modeling, and more
interaction-aware fusion strategies. Such extensions aim to
further strengthen multimodal representations and advance
sentiment analysis in low-resource, highly variable Arabic
social media environments.
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