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Abstract. The growing popularity of social media has produced large volumes of multimodal user-generated content in the form of text,
images, and speech, creating new opportunities to study how users express sentiment and emotion. This paper presents a narrative review
of multimodal sentiment and emotion detection methods designed for social media data. The review covers representation methods for the
textual, visual, and speech modalities, together with the machine learning and deep learning models used to analyze each modality and to
fuse multimodal representations. The literature is analyzed in terms of feature extraction methods, fusion methods, and application
contexts such as mental health monitoring, disaster management, education, and healthcare. The review shows that several weaknesses
persist: text-based models still dominate, heterogeneous modalities are poorly integrated, standardized multimodal datasets are lacking,
and deep multimodal systems are difficult to interpret. To address these concerns, the paper consolidates methodological knowledge across
modalities and frames a unified multimodal analysis perspective that focuses on combining complementary features and on application-
specific issues. The review offers a reference framework to guide future research and development in social media sentiment and emotion
analysis by consolidating approaches, identifying research gaps, and clarifying the practical requirements of emotion-aware multimodal
systems.
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I. Introduction
Social media platforms have become important channels of
communication, where users share opinions, experiences,
and emotions through text, images, videos, and audio. The
large volume of such user-generated data has increased the
importance of sentiment and emotion analysis for under‐
standing public opinion and human behavior.

Traditional sentiment analysis methods focus mainly on
textual information. Although these approaches can identify
opinions expressed in written content, they often fail to cap‐
ture the emotional cues present in images, facial expres‐
sions, and speech signals. As a result, sentiment interpreta‐
tion based only on text may be incomplete in many social
media scenarios.

Multimodal sentiment analysis combines information
from different data sources, such as text, visual content, and
audio signals, to achieve a fuller understanding of emotions.
Recent developments in machine learning and deep learning
have enabled effective extraction and fusion of features
from different modalities, leading to improved sentiment
prediction.

This narrative review summarizes the major multimodal
sentiment and emotion analysis approaches used in social
media applications. It discusses commonly used modalities,
fusion techniques, application areas, key challenges, and fu‐
ture research directions in the field.

II. Literature Review
Multimodal sentiment and emotion analysis has progressed
from text-based sentiment classification to frameworks that
integrate textual, visual, and acoustic information. Morency,
Mihalcea, and Doshi demonstrated that combining lan‐
guage, facial expressions, and vocal cues improves senti‐
ment prediction compared with unimodal methods  [1].
Poria and colleagues integrated semantic textual features
with visual descriptors and reported improved classification
performance  [2], while Abburi and colleagues employed
deep neural networks to combine audio and textual features
for multimodal sentiment analysis [3].

Advanced fusion strategies then became a major research
focus. Zadeh and colleagues introduced the Tensor Fusion
Network (TFN), which models unimodal, bimodal, and tri‐
modal interactions for improved sentiment prediction  [4],
and later proposed the Memory Fusion Network (MFN) to
capture temporal dependencies in sequential data [5]. Haz‐
arika and colleagues highlighted the importance of contex‐
tual modeling in conversational emotion recognition [6] and
later proposed the modality-invariant and modality-specific
representation (MISA) framework, which improves stability
across domains [7].

Attention-based architectures further enhanced multi‐
modal learning. Poria and colleagues incorporated multi‐
modal attention mechanisms to identify emotionally rele‐
vant features  [8], whereas Majumder and colleagues pro‐
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posed hierarchical fusion with context modeling for multi‐
modal sentiment analysis  [9]. Tsai and colleagues intro‐
duced the Multimodal Transformer, which uses cross-modal
attention to learn interactions among the text, audio, and vi‐
sual streams [10]. Subsequent studies improved multimodal
representation learning through routing and attention mech‐
anisms [11], modality-specific representation learning [12],
and contrastive learning techniques [13].

Research has also explored modality-specific emotion
recognition. Soleymani and colleagues developed a multi‐
modal affect recognition resource that combines facial,
acoustic, and physiological signals  [14]. Reliable facial
emotion recognition models have also been proposed, and
Gupta, Kumar, and Tekchandani applied facial emotion
analysis to the assessment of learner engagement  [15].
Speech features are important in sentiment analysis, and
Mittal and colleagues reported improved emotion recogni‐
tion by fusing facial, textual, and speech cues [16].

Several studies have demonstrated practical applications
of multimodal sentiment analysis. Yazdavar and colleagues
applied multimodal learning to mental health assess‐
ment  [17]. Jain and colleagues proposed a real-time senti‐
ment analysis framework that uses multimedia input  [18],
and Bryan-Smith and colleagues demonstrated the value of
real-time social media sentiment analysis for disaster moni‐
toring [19].

Surveys by Baltrušaitis, Ahuja, and Morency  [20], Lai
and colleagues [21], and Alslaity and Orji [22] summarized
advances in multimodal machine learning and sentiment
analysis and highlighted challenges related to data availabil‐
ity, model complexity, explainability, and fairness. The liter‐
ature shows a clear shift from feature-concatenation meth‐
ods to transformer-based and representation-learning ap‐
proaches. Despite notable improvements in sentiment pre‐
diction, challenges such as computational cost, limited mul‐
timodal datasets, modality alignment, and interpretability
continue to drive research in this field.

III. Multimodal Sentiment Analysis Framework
Based on the reviewed literature, a generalized multimodal
sentiment analysis framework consists of five major stages:
data acquisition, preprocessing, feature extraction, multi‐
modal fusion, and sentiment classification. The framework
integrates textual, visual, and acoustic information to build
a combined representation of user sentiment and emotional
state. Recent studies indicate that combining multiple
modalities improves sentiment prediction accuracy by cap‐
turing complementary emotional cues that single-modality
analysis often misses.

The first stage collects multimodal data from social
media platforms, including textual posts, images, videos,
and speech signals. Because social media content is highly
diverse and unstructured, preprocessing is applied to im‐
prove data quality and consistency. Text preprocessing gen‐
erally includes tokenization, stop-word removal, and nor‐
malization, whereas image and audio preprocessing involve
noise reduction, resizing, segmentation, and feature stan‐
dardization. Effective preprocessing is essential for remov‐
ing irrelevant information and improving feature quality.

After preprocessing, modality-specific features are ex‐
tracted. Textual features capture semantic and contextual in‐
formation through embedding and language representation
techniques. Visual features represent facial expressions, ob‐
ject characteristics, and scene-level information, while
acoustic features describe emotional properties such as
pitch, energy, intensity, and speech dynamics.

The core component of the framework is multimodal fu‐
sion, in which heterogeneous features from different modal‐
ities are integrated into a unified representation. The objec‐
tive of fusion is to preserve complementary information
while modeling cross-modal relationships. The fused repre‐
sentation is then processed by classification models to pre‐
dict sentiment polarity or emotion categories such as posi‐
tive, negative, neutral, happiness, sadness, anger, and fear.

The final output of the framework is a sentiment or emo‐
tion prediction that can support applications such as mental
health monitoring, healthcare systems, disaster response,
social media analytics, and human-computer interaction.
The overall framework, shown in Fig.  1, illustrates how
complementary information from multiple modalities can
improve sentiment understanding, contextual awareness,
and emotion recognition.

IV. Applications of Multimodal Sentiment and
Emotion Analysis

The integration of textual, visual, and acoustic information
has extended sentiment and emotion analysis to many do‐
mains. By using complementary emotional cues from dif‐
ferent modalities, multimodal systems provide more reliable
and context-aware sentiment interpretation than conven‐
tional text-based approaches.

Mental health monitoring is one of the most widely stud‐
ied application areas. Yazdavar and colleagues demon‐
strated that combining textual and visual information from
social media posts improves the identification of indicators
of depression, anxiety, and emotional distress  [17]. Multi‐
modal analysis enables the detection of both explicit and
implicit emotional expressions, which supports early psy‐
chological assessment.

In healthcare, multimodal sentiment analysis has been ap‐
plied to pain assessment, patient monitoring, and emotion
recognition. Integrating facial expressions and speech char‐
acteristics can improve the identification of patient discom‐
fort and emotional state. Such systems can help healthcare
professionals understand patient responses better.

Disaster and crisis management is another important ap‐
plication area. Social media users frequently share textual
updates, images, and videos during emergencies. Multi‐
modal sentiment analysis helps identify public reactions,
emotional responses, and the severity of the situation,
thereby supporting emergency response and decision-
making [19].

Human-computer interaction has also benefited from
multimodal emotion recognition. Emotion-aware systems
can analyze user sentiment through speech, facial expres‐
sions, and textual interactions to provide adaptive re‐
sponses. These capabilities improve the user experience in
virtual assistants, intelligent tutoring systems, and interac‐
tive digital platforms.
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Fig. 1. Generalized framework for multimodal sentiment and emotion analysis.
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The reviewed studies indicate that multimodal sentiment
analysis offers significant advantages in real-world environ‐
ments where emotional information is distributed across
multiple communication channels. Its ability to capture
contextual and affective information makes it a valuable
component of next-generation intelligent systems.

V. Challenges and Future Research Directions
Despite significant progress in multimodal sentiment and
emotion analysis, several challenges continue to limit its
practical deployment in real-world social media environ‐
ments. One of the primary challenges is the heterogeneity
of multimodal data. Text, images, and audio have different
structures and characteristics, which makes feature extrac‐
tion, representation learning, and modality alignment
complex.

Another major limitation is the scarcity of large-scale
multimodal datasets with reliable sentiment and emotion
annotations. Most existing datasets are domain-specific and
lack linguistic, cultural, and demographic diversity, which
limits model generalization across social media platforms
and user communities.

The increasing complexity of multimodal deep learning
architectures also raises practical concerns. Advanced fu‐
sion techniques, such as transformer-based and attention-
based models, often require substantial computational re‐
sources, which limits their deployment in real-time applica‐
tions. In addition, the interpretability of multimodal models
remains a challenge, because it is often difficult to identify
the contribution of each modality to the final prediction.

Privacy and ethical concerns have also gained importance
because of the use of personal images, speech recordings,
and social media content. Responsible data collection, user
consent, and transparent model development are essential
for the ethical use of multimodal sentiment analysis
systems.

Future research should focus on lightweight and compu‐
tationally efficient multimodal architectures, large-scale
multilingual datasets, explainable artificial intelligence tech‐
niques, and adaptive fusion mechanisms that can handle
missing or incomplete modalities. These advances are ex‐
pected to improve the reliability, scalability, and practical
applicability of multimodal sentiment analysis systems.

VI. Conclusion
Multimodal sentiment and emotion analysis has emerged as
an effective approach for understanding human emotions in
social media environments by integrating textual, visual,
and acoustic information. The literature reviewed in this
paper shows that multimodal approaches consistently
achieve better sentiment interpretation and emotion recogni‐
tion than conventional text-based methods. Recent advances
in deep learning, attention mechanisms, and transformer-
based architectures have significantly improved multimodal
feature representation and fusion.

The review highlights the growing application of multi‐
modal sentiment analysis in areas such as mental health
monitoring, healthcare, disaster management, and human-
computer interaction. However, challenges related to multi‐
modal data availability, computational complexity, model

interpretability, and privacy remain important research
concerns.

Future work should focus on efficient fusion techniques,
explainable multimodal models, and large-scale multilin‐
gual datasets to improve the reliability and practical deploy‐
ment of sentiment analysis systems. With continued ad‐
vances in multimodal learning, sentiment-aware intelligent
systems are expected to play an increasingly important role
in real-world decision-making and emotion-aware comput‐
ing applications.
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