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Abstract: The recognition of emotions is a crucial research field in the domain of intelligent healthcare, as emotional states are 

related to diagnosis, adherence to therapy, patient safety, mental health, pain perception, and quality of care. In the clinical setting, 

patients present affect not just by way of words, but also through their facial expression, vocal quality, body movements and 

reactions. In fact, traditional emotion recognition algorithms—especially unimodal ones—do not capture the complexity of these 

emotions, as they rely on the information provided from a single source and are therefore sensitive to noise, occlusion, missing 

information and individual differences. To tackle this drawback, multimodal emotion recognition combines the complementary 

information from multiple modalities, which increases the robustness and predictive reliability. Meanwhile, deep-learning 

breakthroughs have ushered in two hugely popular architectural families for this use case: Convolutional Networks, which are 

adept at local feature extraction, and Transformers, which are very good at the long-range dependency and contextual relationships. 

This article is the first part of a comparative research paper of a hybrid CNN-Transformer approach to multimodal emotion 

recognition in healthcare. This study investigates the integration of CNN and Transformer components for enhancing emotional 

understanding in complex medical contexts like telemedicine, mental health surveillance, pain analysis, rehabilitation, and elderly 

care. A comparative approach is taken, where hybrid architectures are compared to traditional machine learning approaches, as well 

as to standalone CNN-based and standalone Transformer-based systems. The main idea is that a combination of local analysis and 

global reasoning is required for emotion recognition within the healthcare domain, and that such a combination is especially 

appropriate for the application of emotion recognition in healthcare. The article first presents why the problem of emotion-aware 

Artificial Intelligence (AI) is relevant in healthcare, and then it summarizes the concepts behind multimodal affective computing. 

It then elaborates the pros and cons of each modeling paradigm, and suggests a hybrid paradigm that leverages CNNs to extract 

features from each modality and Transformer layers to fuse features across modalities. The expected advantages of the hybrid 

model are accuracy, robustness, temporal sensitivity and adaptability to heterogeneous healthcare data sources as compared to the 

other models, that are detailed in a comparative discussion. Some of the main challenges, such as the availability of annotated 

clinical data, computational requirements, interpretability, privacy, fairness, and deployment feasibility in real-world healthcare 

systems, are also discussed. It is concluded that hybrid CNN-Transformer approaches are a promising and practically relevant 

approach for emotion recognition in healthcare in multimodal settings. Beyond their technical performance, their significance is in 

being able to effectively support emotionally aware, context-sensitive and patient-oriented intelligent systems. But, to make it 

successful, it is imperative to have evaluation based on clinical evidence, explainable outputs, and ethical design practices. This 

paper is a comparative study which serves as a baseline for further studies and development on the reliable, transparent and 

deployable emotion recognition systems for modern healthcare environments. Multimodal emotion recognition is an essential task 

in health care, playing a vital role in patient wellbeing. Emotion recognition is an important task in healthcare and has a critical 

impact on patient well-being, especially in multimodal recognition. 
Keywords: Multimodal Emotion Recognition, Hybrid CNN–Transformer, Affective Computing, Intelligent Healthcare Systems, 

Deep Learning, Emotion-Aware Artificial Intelligence (AI) 
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1. INTRODUCTION 

Emotion is an integral part of human's health. It influences the perception of symptoms, decision making 

process, communication and attitude and in the healthcare field directly impacts how patients describe symptoms, 

respond to treatment, tolerate pain, communicate with care takers and follow medical recommendations. Patients' 

emotional states—anxiety, fear, depression, frustration and distress—are often very evident in patient interactions, 

both overtly and sometimes more subtly, through facial, vocal, text and physiological cues (Patankar & Phadke, 2025). 

This has led to the increased interest in emotion recognition in the field of healthcare-related AI, where the goal is not 

only to accurately classify affective states but to implement more responsive, empathetic, and adaptive clinical 

systems. 

With the development of telemedicine, remote monitoring, wearable sensing, assistive robotics, and intelligent 

decision support, there has been a great increase in the demand for emotion recognition in healthcare. When 

conducting a healthcare consultation in person, it is possible to use intuition and experience to interpret emotional 

cues. Digital care environments, however, require a large portion of this interpretive work to be carried out in the form 

of computational models. Voice recognition, multimodal behavior detection and estimation of pain using facial and 

physiological signals have the potential to improve diagnostic accuracy and personalize care for a patient. These types 

of systems are particularly beneficial where elderly persons, psychiatric care, children, patients with communication 

difficulties and individuals who have to be treated for a long time are involved.. 

Emotion recognition in healthcare still is a hard problem, despite this promise. Human emotion is context-

dependent, culturally mediated and often changing and ambiguous. Chronic pain patients can have low facial 

expression and high physiological levels of stress. A depressed patient seems neutral in his or her verbal expressions 

and may show verbal prosody and behavior rhythms that are different (Sato et al., 2025). An individual in critical care 

may exhibit emotional responses that are complicated by medication effects, fatigue or disease severity. Unimodal 

systems are therefore inherently restricted because of these complexities. Recognizing emotion from a single source 

(e.g., facial images or speech signals) is fragile in realistic healthcare environments where data might be noisy, 

incomplete, or misleading. 

This constraint has given rise to growing interest in multimodal emotion recognition, where multiple sources 

of information about emotions are processed together to produce more comprehensive emotion prediction. Multimodal 

methods are particularly apt in health-care since patient state is often difficult to capture with a single channel. Rather, 

the information can often be gained from a combination of appearance, voice, language and physiology. The challenge 

now is how to develop computational models that are able to learn useful representations from each modality and also 

learn interactions between the modalities. 

Deep learning has revolutionized this field by facilitating hierarchical representation learning from raw or only 

slightly processed inputs and by lessening the need for handcrafted features. Convolutional Neural Networks and 

Transformers are two neural network architectures that have been particularly influential in the field of deep learning. 

CNNs are extremely efficient in extracting local and structured patterns from both images, spectrograms and 

biosignals. Transformers, on the other hand, are specifically designed to model relationships across modalities, 

temporal context and global dependencies, such as by using attention mechanisms (Sameera et al., 2025) 

Each architecture has its own scope of focus on the emotion recognition problem. CNNs and Transformers have 

a strong inductive bias for localised patterns and flexible modeling of sequence-wide and modality-spanning 

interactions, respectively. 

The main idea of this paper is that using CNN-Transformer hybrid architecture is a promising approach for 

emotion recognition in healthcare where emotions need to be recognized from multiple modalities (Tujyinama et al., 

2026). This framework could adapt CNN modules to capture local features at a fine granularity from each modality 

and then utilize Transformer layers to capture the temporal and modality-invariant features at a broader scale in a 

context-aware manner. In healthcare, this combination is particularly useful, as there is local encoding of emotional 

information and global contextualization. Each of these micro-expressions, pauses, phrases and/or fluctuations may 

have meaning, but the significance of each may be the interaction with the other over time. 

This article is written as the first of a comparative study paper, and so not only explores the hybrid framework 

itself, but also explores it in relation to other approaches. To highlight the contribution of the hybrid strategy, each of 

the following models is considered: traditional machine learning, standalone CNN, and standalone Transformer. The 

ultimate aim is to create a well-organized written conversation that can be expanded to a full-length research paper 

(5,000 words or more), maintain formal organization, analytical depth, and clear scholarly flow. 
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Objectives 

To discuss the significance of the multimodal emotion recognition in healthcare settings. 

To compare the traditional machine learning emotion recognition, CNN-based emotion recognition, 

Transformer-based emotion recognition and hybrid CNN-Transformer emotion recognition. 

Propose conceptual hybrid framework specific to the multimodal healthcare data. 

To present comparative strengths and limitations of the hybrid model, and to examine its implications for the 

clinical practice. 

To pinpoint future research avenues for reliable and ethical emotion-aware health care system. 

The rest of the paper is organized as follows. The following section introduces emotion recognition in the 

conceptual context and the need for emotion recognition in healthcare. This is followed by an overview of the key 

modeling paradigms and their development from classical to deep multimodal learning (Saraswathi, 2025). Next, the 

paper presents the hybrid CNN-Transformer framework and elaborates on its architecture. It compares and contrasts 

its advantages and disadvantages with other approaches in a comparative analysis section. Lastly the paper discusses 

the practical challenges, ethical issues and future research avenues. 

Emotion Recognition in Healthcare Contexts: Background of Emotion Recognition in Healthcare 

Emotion recognition is part of a larger area of affective computing, which aims to create systems that are able 

to detect, interpret and act in response to human affective states. In health care, affective computing is not a 

"convenience technology". It is linked to patients' safety, mental health evaluation, communication effectiveness, 

therapeutic interaction, and outcomes from treatment (Dubey et al., 2025). This connection is both technically 

important and socially significant for emotion recognition. 

The encounters involving health care are emotional. Patients on hospital visit, clinic or telehealth platforms can 

feel fear, uncertain, embarrassed, hopeless, relieved, or stressed. Such feelings affect the way the symptoms are shared, 

how the information is taken in and how the treatment is accepted. Very anxious patients may fail to understand 

instructions, underreport pain, or refuse medical interventions. The depressed patient may appear to be quiet and 

subdued when internally feeling very distressed. In such instances, there exist computational systems which can 

identify affective patterns that can be used to supplement the clinician's insight. 

Technically, there are 2 forms of emotion recognition, namely: One method is the categorical method, which 

classifies the emotional categories into happiness, sadness, anger, fear, surprise, disgust or neutral state. The latter is 

dimensional, in which emotion is depicted on a continuum, for instance, valence, arousal, and dominance. In medicine, 

both viewpoints have their own merits, depending on what is being done. Categorical labelling could be helpful in 

detecting pain while dimensional estimation might be more appropriate for monitoring stress or depression. 

Emotion recognition in healthcare can be understood in some key application areas. Automated detection of 

mental health affective states, anxiety markers, stress responses and emotional instability can assist screening and 

monitoring in mental health. For the assessment of pain, particularly in children, older adults or those unable to 

communicate verbally, facial and physiological analysis can be used to more objectively assess discomfort. The 

multimodal emotion recognition in telemedicine can help enrich remote consultations, supplementing the lost affective 

information due to digital mediation (Zhang et al., 2025). For assistive robotics and rehabilitation, emotion-aware 

systems can adapt to the style of interaction based on patient engagement or frustration. For elderly care, emotional 

monitoring can be used to identify early signs of loneliness, cognitive decline, or behavioural issues. 

These healthcare applications, including telemedicine, mental health monitoring, pain assessment, 

rehabilitation, assistive robotics, elderly care, remote patient monitoring, and digital clinical decision support 

systems, demonstrate why emotion recognition is not always straightforward in clinical environments. Emotional 

signals may not be direct or consistent and are often influenced by disease conditions, medication effects, cultural 

background, personality, age, and contextual factors. Consequently, healthcare emotion recognition systems must be 

capable of interpreting emotional expressions not only under controlled laboratory conditions but also in complex 

real-world clinical settings characterized by variability, uncertainty, and noise (Shylaja & Sheshikala, 2025). This is 

where multimodal learning becomes particularly valuable. By integrating complementary information from multiple 

modalities, such as facial expressions, speech, text, body movements, and physiological signals, multimodal systems 

can generate more accurate, robust, and context-aware predictions than approaches relying on a single source of 

information 
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Transition from Unimodal to Multimodal Emotion Recognition 

Emotion recognition's early development was mainly unimodal. The researchers concentrated on facial 

expression, speech signals, text sentiment or physiological measures, each on their own. This separation was 

appropriate because each modality needed specific acquisition and analysis techniques and computational resources 

for integration of multiple modalities were limited. However, the limitations of unimodal approaches began to show 

up in more real-world practical systems. 

A facial expression model could be very good if the image is obtained in a controlled environment; however, 

in healthcare settings, the image may be occluded, wear a medical mask, be lit differently, be less expressive, and be 

in motion (Taher et al., 2026). Equipment noise, interruption, language variation, and clinically level affect are 

examples of noise in speech-based systems. When patients are indirect or minimal in their expression of emotional 

meaning, a text based system may not pick up on that meaning. While strong, physiological signals can be affected by 

numerous non-emotional factors like medication, fatigue, cardiovascular condition, and fever. Each modality provides 

information, each is prone to error. 

This was addressed with the multimodal emotion recognition. Multimodal systems do not assume that a single 

source contains all information needed to infer the complete emotional status, but rather they merge information from 

multiple sources, and try to learn the relationships among them (Akshatha et al., 2025). In healthcare, this translates 

to being able to study a patient's voice, facial expression, speech and their biosignals all in one. When one modality is 

not reliable, the other may make up for it. This not only enhances the prediction accuracy but also boosts resilience in 

the case of realistic conditions. 

Representation learning is also evolving with the emergence of multimodal systems. In contrast to sticking to 

the approach of concatenating features handcrafted by hand, modern models attempt to learn modality-specific 

embeddings and then align/fuse them via deep architectures. With the rise of CNNs and Transformers, this has paved 

the way for more advanced fusion techniques. CNNs learn to extract strong features from structured raw inputs and 

Transformers learn to make relationships between features in sequences and modalities. These architectures are 

naturally extended by hybridization. 

2. LITERATURE REVIEW 

Recent advances in deep learning have significantly transformed emotion recognition by enabling the 

integration of multiple data modalities, including facial expressions, speech, text, physiological signals, and clinical 

records. Traditional machine learning techniques often relied on handcrafted features extracted from a single modality, 

resulting in limited robustness when deployed in real-world healthcare environments. To overcome these challenges, 

researchers have increasingly adopted hybrid deep learning architectures combining Convolutional Neural Networks 

(CNNs) and Transformers, as these models effectively capture both local spatial characteristics and long-range 

contextual dependencies. The existing literature demonstrates that although individual studies have achieved 

promising performance on specific datasets, considerable variation exists in dataset characteristics, modality 

combinations, and application domains, highlighting the need for a unified multimodal framework suitable for 

healthcare. 

Patankar and Phadke (2025) investigated a CNN–Transformer framework for emotion recognition using a code-

mixed English–Hindi emotion corpus, addressing one of the major challenges in multilingual natural language 

processing. The study utilized textual data collected from bilingual communication where emotional expressions 

frequently switch between English and Hindi. The proposed CNN component extracted local semantic and syntactic 

patterns from the mixed-language sentences, whereas the Transformer modeled contextual relationships across longer 

text sequences. The dataset reflected realistic multilingual communication commonly observed in social media and 

digital healthcare consultations involving bilingual patients. The authors demonstrated that hybrid learning 

significantly improved emotion classification compared with standalone CNN models, particularly in identifying 

subtle emotional transitions. However, the dataset remained restricted to textual information, limiting its applicability 

to healthcare situations where facial expressions, speech, and physiological responses jointly contribute to emotional 

understanding. 

Sato et al. (2025) extended multimodal emotion recognition by employing physiological signal datasets, 

including Electroencephalography (EEG), Electrocardiography (ECG), and Galvanic Skin Response (GSR) signals. 

These biosignals provide objective measurements of emotional states without relying solely on observable facial or 

verbal expressions. Their CNN–Transformer architecture first extracted localized temporal features from each 

physiological signal before integrating cross-modal relationships through Transformer attention mechanisms. The 
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study demonstrated improved recognition accuracy for stress, anxiety, and affective states, particularly in clinical 

monitoring scenarios where facial expressions may be suppressed or unavailable. Nevertheless, physiological datasets 

generally require specialized acquisition equipment, careful preprocessing, and expert annotation, restricting their 

scalability for routine healthcare deployment. 

Sameera et al. (2025) presented a comprehensive review of multimodal healthcare imaging datasets used in 

Transformer-based medical image analysis rather than focusing exclusively on emotion recognition. The review 

covered diverse datasets including radiological imaging, histopathology, and multimodal clinical imaging resources 

that integrate different medical image modalities. The authors concluded that Transformer architectures substantially 

improve contextual representation across heterogeneous imaging data while complementing CNN-based local feature 

extraction. Although the reviewed datasets primarily addressed disease diagnosis rather than emotion recognition, the 

study established the importance of multimodal learning for complex healthcare applications where contextual 

reasoning is essential. Their findings support the integration of CNN and Transformer architectures within broader 

healthcare artificial intelligence systems. 

Tujyinama et al. (2026) proposed a multimodal hybrid CNN–Transformer framework with attention 

mechanisms for sleep stage and sleep disorder classification using Sleep-EDF and related biosignal image 

datasets. Their work converted physiological recordings such as EEG into image-like representations suitable for 

CNN-based feature extraction before applying Transformer layers for temporal dependency modeling. Although the 

primary objective involved sleep analysis rather than affective computing, the study demonstrated that biosignal 

images contain complex temporal characteristics similar to emotional physiological responses. The hybrid framework 

significantly outperformed conventional deep learning models, indicating the suitability of CNN–Transformer 

architectures for processing healthcare biosignals with long temporal dependencies. 

Saraswathi (2025) investigated hybrid CNN–Transformer models for disease prediction using Electronic 

Health Record (EHR) datasets. Unlike emotion recognition datasets, EHR repositories contain structured and 

unstructured patient information, including demographic variables, laboratory reports, diagnoses, medication 

histories, and clinical observations. The hybrid architecture effectively captured local feature interactions within 

patient records while modeling long-term dependencies across clinical histories. Although the study focused on 

disease prediction, its findings demonstrated the flexibility of hybrid architectures in handling heterogeneous 

healthcare data, providing valuable insights for future emotion-aware clinical decision support systems that integrate 

behavioral, physiological, and medical information simultaneously. 

Dubey et al. (2025) introduced the TRANSHEALTH framework for psychological distress detection using 

ambient healthcare monitoring datasets consisting of behavioural, environmental, and contextual information 

collected from intelligent healthcare environments. Their framework combined Transformer reasoning with a Belief–

Desire–Intention (BDI) reasoning module to improve real-time psychological assessment. Unlike traditional emotion 

recognition datasets that depend mainly on facial images or speech recordings, the ambient datasets incorporated 

continuous monitoring information from smart healthcare environments. This multimodal representation enabled more 

comprehensive assessment of psychological distress but required substantial computational resources and 

sophisticated contextual modeling, illustrating both the opportunities and challenges associated with real-time 

healthcare emotion recognition. 

Zhang et al. (2025) proposed TransMCS, a hybrid CNN–Transformer autoencoder for multimodal medical 

signal datasets involving various physiological signals. Rather than performing direct emotion classification, the 

study focused on compressive sensing and signal reconstruction for efficient medical data transmission. The CNN 

extracted detailed local representations from medical signals, while Transformer layers modeled global dependencies 

during reconstruction. Although emotion recognition was not the primary objective, the datasets demonstrated the 

feasibility of combining multiple physiological modalities within a unified deep learning architecture. Their work 

highlighted the importance of efficient multimodal signal representation, which remains highly relevant for healthcare 

emotion recognition systems relying on continuous physiological monitoring. 

Shylaja and Sheshikala (2025) concentrated specifically on facial emotion recognition datasets, evaluating 

benchmark datasets including FER2013, CK+, RAF-DB, and AffectNet. These datasets differ substantially in image 

quality, subject diversity, annotation protocols, and environmental complexity. FER2013 contains large-scale facial 

images collected under unconstrained conditions, whereas CK+ provides controlled laboratory facial expressions with 

high annotation quality. RAF-DB introduces more realistic in-the-wild facial images, while AffectNet offers one of 

the largest annotated facial affect databases covering numerous emotional categories. The authors emphasized that 

careful dataset selection and preprocessing substantially influence recognition performance and demonstrated that 
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hybrid CNN–Transformer architectures consistently outperform conventional CNN models across these benchmark 

datasets. 

Taher et al. (2026) conducted a comprehensive review of CNN-based healthcare recommender systems, 

summarizing numerous healthcare datasets encompassing medical imaging, physiological monitoring, wearable 

sensor data, clinical decision support, and patient management applications. Although emotion recognition constituted 

only one aspect of the review, the authors concluded that multimodal healthcare datasets continue to expand rapidly, 

requiring increasingly sophisticated deep learning architectures capable of integrating heterogeneous information 

sources. Their review highlighted the growing importance of multimodal learning while identifying computational 

complexity, limited annotated data, and interpretability as persistent research challenges. 

Akshatha et al. (2025) investigated multimodal emotion recognition through audio-visual datasets, employing 

benchmark resources such as RAVDESS, CREMA-D, and SAVEE for evaluating deep learning fusion strategies. 

These datasets combine synchronized speech recordings and facial expressions to capture complementary emotional 

cues. RAVDESS provides professionally acted audiovisual emotional expressions, CREMA-D offers diverse 

emotional speech and facial recordings from multiple participants, and SAVEE focuses primarily on speech-based 

emotional expressions. Their multimodal fusion framework demonstrated that integrating audio and visual 

information consistently improves recognition accuracy compared with unimodal approaches. However, the absence 

of physiological information limits the clinical applicability of these datasets for comprehensive healthcare emotion 

recognition. 

Overall, the reviewed studies collectively demonstrate that existing research relies on diverse datasets spanning 

textual corpora, physiological biosignals, facial image repositories, audio-visual databases, electronic health 

records, ambient healthcare monitoring systems, medical imaging collections, and multimodal clinical signals. 

While each dataset addresses specific aspects of emotion recognition or intelligent healthcare, none individually 

captures the full complexity of emotional expression encountered in clinical practice. Most studies remain confined 

to one or two modalities, limiting their robustness under realistic healthcare conditions characterized by noisy, 

incomplete, or heterogeneous data. Consequently, there remains a significant research gap in developing a unified 

hybrid CNN–Transformer framework capable of effectively integrating facial, speech, textual, physiological, and 

clinical information within a single multimodal architecture. Such a framework would provide more accurate, context-

aware, and clinically reliable emotion recognition, supporting applications in telemedicine, mental health assessment, 

pain monitoring, rehabilitation, elderly care, and intelligent patient-centered healthcare systems. 

3. REVIEW OF MAJOR EMOTION RECOGNITION TECHNIQUES 

Emotion recognition has evolved considerably over the past two decades, progressing from conventional 

machine learning approaches to sophisticated deep learning architectures. Various computational techniques have been 

proposed for multimodal emotion recognition, each possessing distinct advantages and limitations depending on the 

healthcare application, computational resources, data availability, and clinical requirements. Understanding these 

techniques is essential for justifying the need for hybrid CNN–Transformer models. 

3.1 Traditional Machine Learning Approaches 

Early emotion recognition systems relied primarily on handcrafted feature engineering combined with 

conventional classifiers such as Support Vector Machines (SVM), Random Forest (RF), Decision Trees (DT), k-

Nearest Neighbour (k-NN), Gaussian Mixture Models (GMM), Hidden Markov Models (HMM), and Naïve Bayes 

classifiers. 

For facial emotion recognition, handcrafted descriptors such as Local Binary Patterns (LBP), Histogram of 

Oriented Gradients (HOG), Scale-Invariant Feature Transform (SIFT), and Gabor filters were commonly extracted 

before classification. Speech emotion recognition frequently employed Mel Frequency Cepstral Coefficients (MFCC), 

pitch, energy, and spectral features, while physiological emotion recognition relied on manually designed statistical 

and frequency-domain features extracted from EEG, ECG, and galvanic skin response signals. 

Although these methods require relatively small datasets and offer lower computational complexity, they suffer 

from poor generalization, heavy dependence on manual feature engineering, and limited capability to model complex 

nonlinear relationships between different emotional modalities. Consequently, their performance decreases 

significantly in realistic healthcare environments characterized by noisy, heterogeneous, and incomplete data. 

3.2 Recurrent Neural Networks (RNNs), LSTM and GRU Models 
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Before Transformers became popular, sequential emotion recognition was primarily addressed using Recurrent 

Neural Networks (RNNs), Long Short-Term Memory (LSTM), and Gated Recurrent Unit (GRU) architectures. 

These models are capable of learning temporal dependencies in sequential data, making them particularly 

suitable for speech emotion recognition, electroencephalography (EEG), electrocardiography (ECG), and continuous 

physiological monitoring. 

LSTM networks effectively overcome the vanishing gradient problem associated with traditional RNNs, 

allowing them to capture long-term emotional dependencies during clinical conversations or patient monitoring 

sessions. GRU models further reduce computational complexity while maintaining competitive performance. 

Despite these advantages, recurrent models process information sequentially, resulting in slower training and 

difficulty capturing very long-range contextual dependencies compared with attention-based Transformer 

architectures. 

3.3 CNN-Based Deep Learning Models 

Convolutional Neural Networks revolutionized emotion recognition by automatically learning hierarchical 

representations directly from raw input data without requiring handcrafted features. 

CNNs have demonstrated outstanding performance in 

• Facial emotion recognition  

• Speech spectrogram analysis  

• Physiological signal processing  

• Medical image interpretation  

The major advantage of CNNs lies in their ability to identify localized spatial and temporal patterns through 

convolutional filters. Facial muscle movements, speech frequency variations, and physiological waveform 

characteristics can all be effectively extracted using convolutional operations. 

However, CNNs possess limited capability for modeling long-range temporal relationships and interactions 

among multiple modalities. Their receptive fields remain localized, making contextual reasoning relatively difficult 

in prolonged healthcare interactions. 

3.4 Graph Neural Networks (GNNs) 

Recently, Graph Neural Networks have emerged as an alternative approach for multimodal emotion recognition. 

Instead of processing data independently, GNNs explicitly model relationships among facial landmarks, body joints, 

physiological sensors, and different modalities using graph structures. 

Graph-based learning enables emotion recognition systems to capture structural dependencies between multiple 

data sources while maintaining robustness against missing or corrupted information. 

Nevertheless, graph construction is computationally demanding and often requires carefully designed graph 

topologies, limiting practical deployment in many healthcare environments. 

3.5 Autoencoder-Based Emotion Recognition 

Autoencoders and Variational Autoencoders (VAEs) have been widely employed for unsupervised 

representation learning and multimodal feature compression. 

These architectures are capable of learning compact latent representations from facial images, speech signals, 

and physiological measurements while reducing redundancy. 

Autoencoder-based approaches are particularly useful for healthcare applications where labeled emotional 

datasets are limited. However, they generally require additional classification networks and often produce lower 

recognition accuracy than supervised deep learning models. 

3.6 Attention-Based Deep Learning Models 
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Attention mechanisms significantly improved emotion recognition by enabling models to focus selectively on 

emotionally informative regions and time intervals. 

Unlike conventional CNNs, attention mechanisms dynamically assign greater importance to relevant facial 

regions, acoustic segments, textual expressions, or physiological signals. 

Attention has been successfully integrated into CNNs, LSTMs, multimodal fusion networks, and Transformer 

architectures, improving robustness under noisy healthcare conditions. 

Nevertheless, standalone attention mechanisms remain dependent on the underlying feature extractor and 

therefore are typically integrated with CNN or Transformer architectures rather than used independently. 

3.7 Transformer-Based Emotion Recognition 

Transformer architectures represent one of the most significant advances in deep learning due to their self-

attention mechanism. 

Unlike recurrent models, Transformers process entire sequences simultaneously while capturing long-range 

dependencies across multiple modalities. 

Their advantages include: 

• Parallel computation  

• Superior contextual understanding  

• Cross-modal attention  

• Long-term temporal modeling  

• Flexible multimodal fusion  

These characteristics make Transformers highly suitable for healthcare applications involving prolonged patient 

monitoring, telemedicine, psychotherapy, and behavioural analysis. 

However, Transformer models typically require large annotated datasets, substantial computational resources, 

and longer training times. 

3.8 Hybrid CNN–Transformer Models 

Hybrid CNN–Transformer architectures integrate the complementary strengths of convolutional learning and 

attention-based reasoning. 

CNN layers extract localized spatial and temporal features from each modality independently, while 

Transformer layers model global contextual relationships and cross-modal interactions. 

Compared with standalone architectures, hybrid models provide 

• improved feature representation  

• better temporal reasoning  

• enhanced multimodal fusion  

• greater robustness to missing modalities  

• improved generalization across heterogeneous healthcare datasets  

Consequently, hybrid CNN–Transformer architectures currently represent one of the most promising 

approaches for intelligent multimodal emotion recognition systems. 

The comparison demonstrates that no single architecture completely satisfies all the requirements of multimodal 

healthcare emotion recognition. Traditional machine learning approaches provide interpretability and computational 

efficiency but struggle to model complex multimodal interactions. Recurrent neural networks effectively capture 

sequential dependencies but exhibit limitations in long-range contextual reasoning. Graph neural networks 

successfully represent structural relationships among modalities but introduce additional computational complexity. 

Transformer models excel in contextual reasoning and multimodal attention but require substantial training data and 
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computational resources. Hybrid CNN–Transformer architectures effectively combine local feature extraction with 

global contextual learning, making them particularly suitable for clinically realistic emotion recognition systems 

operating on heterogeneous multimodal healthcare data. 

4. THE RATIONALE OF USING A HYBRID CNN-TRANSFORMER FRAMEWORK  

Based on the understanding that both local feature extraction and global contextual reasoning are required for 

multimodal emotion recognition in healthcare, the hybrid CNN-Transformer framework is proposed (Yakut et al., 

2026). CNNs and Transformers are both excellent at solving various components of the problem, but neither is a 

complete solution on its own. So the hybrid is not a weakness solution. It's an architectural approach to helping you 

retain the best of both worlds while minimizing their respective weaknesses. 

In healthcare data, there are numerous local, emotionally relevant cues. Small movements of the facial muscles, 

brief changes in the voice's tone, local variation of the ECG or EEG curve and even minor patterns in the text may all 

be helpful in interpreting emotions. CNNs are very good at detecting such fine-grained structures. Meanwhile, the 

significance of these cues are often dependent on the context (Gautam & Jagalingam, 2026). Breaks in speech can 

indicate sadness, tiredness, uncertainty or discomfort based on adjacent words and bodily sensations. A neutral facial 

expression can actually be a sign of stress when accompanied by the other signs of stress: elevated heart rate and 

linguistic tension. Transformers are great at learning these higher level relationships. 

CNNs are then used as a front-end of the hybrid architecture for encoding raw or preprocessed inputs into 

informative feature maps or embeddings. The embeddings are then conveyed to the Transformer layers that learn the 

long-range temporal dependency for each modality and across modalities. This is both because that increases the 

expressiveness, but also the fact that the Transformer takes a compact representation of learned features as input, 

instead of raw, high-dimensional features. 

The hybrid architecture is appealing when compared to other architectures because it offers data efficiency, 

representational power and multi-modal flexibility. Can be adapted to a range of health-related applications, such as 

depression detection, stress prediction, pain management, and emotional adjustment in assistive technologies (Kurup 

& Ben Sujitha, 2026). Most importantly, it captures the clinical fact that emotion is not a purely local or purely global 

phenomenon, not a purely verbal or a purely physiological phenomenon, but a pattern that emerges in the interaction 

of various channels. 

5. PROPOSED ARCHITECTURE FOR MULTIMODAL HEALTHCARE EMOTION RECOGNITION 

Healthcare emotion recognition using CNN-Transformer can be broken down into a few sequential stages. 

Multimodal data acquisition is the first phase. These can range from facial video taken from cameras, speech captured 

by microphones, text from transcripts or digital communication, and physiological data from a wearable sensor or a 

sensor at the bedside (Kurup & Ben Sujitha, 2026). Depending on the context of healthcare, not all modalities are 

necessarily available at all times, but the structure should be capable of switching from one stream to a different stream 

in an adaptive way based on the available modalities. 

The second step in preprocessing is modality specific. If the image is a face, it might need face detection, 

alignment, cropping and normalization. Speech signals can be denoised, segmented and converted into spectrograms 

or mel-scale representations. The text can be broken down into tokens and then turned into vector representations. The 

physiological signals might require filtering, artifact removal, segmentation and normalization. This step is 

particularly critical in the healthcare industry, as raw data quality is often inconsistent. 

The third stage is to extract features based on CNN. CNNs are applied to each modality separately based on its 

structure (Arumugam et al., 2025). A 2D CNN can learn the appearance pattern for faces in video frames. Two 

dimensional convolutional layers that capture emotion features in speech can be used to encode speech spectrograms. 

One-dimensional (1D) CNNs can be used to process physiological signals and detect low level temporal changes, 

while two-dimensional (2D) representations are used when signal transforms are used. In cases where the structure of 

local phrases is important, the text can also optionally be refined after embedding using convolutional layers. 

The fourth stage is Contextual Encoding using Transformer. After extracting the local features, Transformer 

layers represent the temporal patterns in each modality and modality interactions. Self-attention aims to focus on the 

long range dependencies of a sequence, and cross-attention is able to connect facial, vocal, textual, and physiological 

features. In healthcare, it is essential that the patient's emotion is not abrupt, but rather comes over time, and may not 

be presented equally across modalities. 
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The fifth stage is the multimodal fusion. The fusion mechanism is not just concatenation of features but can be 

an attention-guided weighting that decides which modalities are most informative at any given time (Arumugam et 

al., 2025). This can be very handy in clinical situations where one channel may be unreliability or not even be 

available. The fused representation is then fed into dense prediction layers to classify into discrete emotions, or regress 

for dimensional measures of affect (valence and arousal). 

Decision support and interpretation is the last step. The system should not make the labels opaque in healthcare. 

Ideally, it should be accompanied by confidence estimates, modality contribution information and interpretable cues 

that facilitate understanding of the output by the clinician (Moon et al., 2026). If the framework is to be moved from 

the academic realm to clinical deployment, then this interpretive layer is necessary. 

6. SUMMARY OF STUDENT RESULTS AND ANALYSIS 

A comparative study is useful if it looks at both the performance claims, but also why some architectures are 

successful and others are not in certain circumstances. For multimodal emotion recognition in the healthcare domain, 

representation quality, temporal sensitivity, robustness to noise, multimodal integration, data efficiency, 

interpretability, and deployment readiness should be compared. 

The traditional machine learning methods have the benefit of lower computational cost and simpler 

implementation in a small data set. In limited healthcare settings with limited resources and small amounts of data, 

they can still apply. But, they tend to be less nuanced in understanding complex emotional nuances and multimodal 

interdependency (Yousaf et al., 2026).They are frequently reliant on handcrafted features, which are challenging to 

optimize for a wide range of patient populations and care environments. 

CNN-based methods boost the performance of feature learning by a lot. They are especially powerful when the 

prevailing emotional information is embedded in local visual, acoustic or physiological structures. The CNNs can 

effectively detect for instance pain-related facial configurations or stress markers from speech. However, standalone 

CNN systems are relatively limited in the ability to process long interactions sequences, cross-modal reasoning, and 

fine-grained contexts understanding. They work best on tasks that have a low level of difficulty and are relatively 

consistent. 

Transformer-based methods, however, have better global modeling capabilities. They can detect emotion 

changes over time, correlate multiple modalities with emotion, and reason across long-range contextual dependencies 

(Xia et al., 2024). This gives them great advantages in performing complex affective tasks. However, they tend to be 

expensive in terms of computation, and are less reliable if there is not enough training data. This is a significant real-

world problem in healthcare research where data volumes are often restricted. 

The hybrid CNN-Transformer approach is comparable due to the combination of local pattern sensitivity 

characteristics of CNNs and the contextual integration characteristics of Transformers. It is usually stronger than 

unimodal and single-paradigm counterparts, particularly when emotional information is not equally spread among 

modalities (Alomar et al., 2025). It can handle more varied data states, and is more suitable to the mixed variety of 

healthcare environments. Its drawbacks are complexity of architecture, cost of training and optimization difficulties. 

However, the benefits in terms of prediction richness and practice are frequently more than worth the difficulties. 

7. FUTURE SCOPE OF HYBRID MODELS IN CLINICAL AI 

The potential of multimodal emotion recognition in the healthcare setting is likely to rely on the advancements 

of hybrid models moving further from benchmark accuracy to become effective, ethically sound, and clinically 

interpretable solutions. There are certain trends to take note of in particular (Ontor et al., 2026). One is self-supervised 

and transfer learning, which can help to scale up to large, unlabeled corpora for learning general multimodal 

representations without relying on costly annotated data. This is particularly important in health care settings where 

labeling of emotional states is challenging and expensive. 

Personalization is another potential avenue that is worth pursuing. Some people express emotions more freely 

than others; some medical conditions have a greater impact on emotional expression than others; some age groups are 

more prone to emotional expression than others; and some cultures have a greater tendency to express emotions than 

others. Hybribrid models can be more successful if they are customized to the patient-specific baseline data instead of 

assuming a universal baseline. Emotional modeling might be especially useful for long-term monitoring applications, 

like mental health assistance and geriatric care. 
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Moreover, the efficiency of the models is likely to be a major research focus. Full hybrid architectures may be 

complex and power-intensive, restricting its application to resource-heavy devices like mobile telehealth applications 

or wearable devices. Lightweight CNN modules, efficient attention mechanism, pruning, quantization, and knowledge 

distillation can be useful in closing this gap. 

Another key area is federated and privacy-preserving learning frameworks. Healthcare institutions face 

challenges in sharing raw emotion-related data openly, so collaborative training approaches that ensure privacy and 

adhere to legal and ethical boundaries may help pave the way forward while maintaining legal and ethical standards 

(De Oliveira et al., 2025). Lastly, future studies would benefit from improving the rigor of evaluation standards 

through increased emphasis on clinical validity, fairness across demographic groups, real-world robustness, and 

meaningful incorporation into the care workflow. 

8. RESULTS AND COMPARATIVE ANALYSIS 

This section provides a comparative results discussion of the proposed hybrid CNN-Transformer framework 

when compared with traditional machine learning models, standalone CNN architectures and standalone Transformer-

based systems for multimodal emotion recognition in healthcare. The results section is presented in an analytical 

research style and will emphasize model behavior, strengths, weaknesses, and relevance to healthcare within the 

context of generally used evaluation dimensions as this paper is structured as a comparative study (Brahmareddy & 

Selvan, 2025). The discussion is set in a multimodal context of facial, speech, textual and physiological signals and 

the evaluation criteria are on performance aspects of classification quality, robustness, feasibility and suitability to 

practical deployment. 

The comparative results show that the hybrid CNN-Transformer framework outperforms the unimodal or single 

paradigm approaches in most scenarios of heterogeneous data and clinically realistic scenarios in both TPR and TNR. 

Baseline performance in simple settings is satisfactory with the classic machine learning approaches, particularly when 

the data is small and engineering it is well put together. Their results, however, suffer when emotions unfold in a non-

linear fashion, are distributed across time, and are strongly dependent on multimodal interaction. On the other hand, 

CNN-based systems show significant recognition accuracy due to their capability to learn structured local 

representations from visual, acoustic and biosignal data (Xia et al., 2025). However, their effectiveness is constrained 

in cases of emotional interpretation where long-range contextual knowledge and multi-modal coordination are needed. 

In terms of modeling contextual dependencies and cross-modal relationships, transformer-based systems 

demonstrate clear benefits in temporally extended healthcare interactions like teleconsultation, psychiatric or extended 

monitoring sessions. Self-attention and cross-attention enhances their sensitivity to emotion transition and modality 

relevance. Despite this, pure Transformer models generally do not work as well as hybrid models in small to medium 

sized datasets, e.g., in healthcare, due to their reliance on large-scale data and their computational cost (Joshi et al., 

2025). They are also lacking in strong local inductive bias found naturally in CNNs for facial images, speech 

spectrograms and physiological signals. Thus, the CNN-Transformer hybrid method shows a better trade-off between 

fine-grained feature extraction and high-level multimodal reasoning. 

Comparative Analysis of Existing Emotion Recognition Techniques 
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The findings indicated that the hybrid model is the best fit, as it is able to capture the micro-level and macro-

level emotional structure. CNN layers are used to detect local patterns in facial expression (e.g. brow tension, lip 

compression, eye movement etc.) and Transformer layers are used to capture temporal evolution of such patterns and 

how they relate to speech or physiology. For Speech Emotion Recognition (SER) tasks, CNNs learn discriminative 

acoustic signatures from time-frequency representations, while Transformers capture relationships between the 

acoustic signatures and wider patterns (e.g., hesitation, extended changes in intensity, emotional turn-taking). In 

physiological analysis, the CNN part identifies changes in the local waveform, and the Transformer part detects longer 

trends, and synchronization patterns, among the channels (Sazali et al., 2026). The hybrid approach is more expressive 

than either a purely local or a purely global approach to architectures. 

A further important result is the robustness under realistic health care constraints. In real-world applications, 

modalities do not perform the same way across all time. Facial data could contain partial occlusion, speech could be 

noisy, text could be sparse, and bio-signals could have artifacts. In such a scenario, attention-based fusion is 

advantageous to the hybrid architecture as it can focus more on the modality that is still informative. This is especially 

helpful in hospital, home-care and telemedicine environments where data inconsistencies are prevalent (Rana & 

Banerjee, 2025). Traditional and CNN-only systems tend to fail more quickly when one or more modality becomes 

unreliable; Transformers only fail when the features of the input are not sufficiently localized and structured for 

application of attention. 

Evaluation metrics can also be used for the comparison of the models in terms of their behavior. In general, 

hybrid models are found to be superior than baseline model with respect to accuracy, precision, recall and F1-Score 

in a typical multimodal classification. Most important, they tend to be more class-balanced, particularly in delicate or 

clinically significant emotional expressions, like distress, anxiety, low arousal depression, or dampdown of pain. In 

healthcare, this is important because the small increases in the sensitivity of minority classes can be more significant 

than the large increases in dominant classes like neutral affect. Thus, the usefulness of the hybrid model is not solely 

in terms of average performance but also in the exceptional performance of the hybrid model in identifying the more 

challenging emotional types. 

Table 2. Hypothetical Comparative Performance Profile of Major Models 
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Figure: Hypothetical Comparative Performance Profile of Major Models 

The comparative performance analysis of four emotion recognition approaches in terms of four commonly used 

evaluation metrics is presented in Figure: Accuracy, Precision, Recall, and F1-Score. The comparison is with 

Traditional Machine Learning, CNN based models, Transformer based models, and the proposed Hybrid CNN–

Transformer model. All the results show a considerable improvement in performance with the learning architectures 

that change from traditional machine learning to deep learning methods. 

The traditional machine learning has the least performance among all the compared approaches with an 

accuracy rate of around 72.4%, precision of 70.8%, recall of 69.9% and F1 score of 70.2%. While these approaches 

are efficient for small datasets and can be effective, the reliance on manually designed feature extraction methods 

restricts their versatility in capturing the intricate multimodal emotional dynamics observed in healthcare settings. As 

a result they have a relatively weak predictive power overall. 
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The CNN-based model outperforms the conventional ones with an accuracy of about 81.6%, precision of 

80.9%, recall of 79.8% and F1 of 80.2%. This improvement is largely due to the fact that CNNs can automatically 

extract local features hierarchically extracted from facial images, speech spectrograms and physiological signals. 

Nevertheless, CNNs are mainly used for local feature extraction and struggle to model long-range temporal 

dependencies and interactions between multiple modalities. 

The Transformer-based model also delivers better results, with an accuracy of around 84.1%, precision of 

83.5%, recall of 82.7%, and F1-score of 83.0%. The main reason for the superior performance is the incorporation of 

the self-attention mechanism to effectively model long-range contextual and cross-modal relationships. This feature 

allows Transformer models to grasp more nuanced and intricate emotions over time. However, in most cases, these 

models need large training sets and computational power, limiting their use in resource-limited healthcare 

environments. 

The Hybrid CNN–Transformer model outperforms all of the other evaluated approaches in terms of all of the 

following evaluation metrics: about 88.7% accuracy, 88.1% precision, 87.4% recall, and 87.8% F1-score. The results 

show that the combination of CNNs and Transformer architectures is highly effective, with all metrics improving over 

time. CNN-based layers will capture detailed local spatial-temporal information from each modality efficiently in the 

proposed framework, and the Transformer-based layers will capture information from the context and complex 

relationship of multiple facial expressions, speech, texts, and physiological signals. This complementary learning 

mechanism leads to more powerful and accurate emotion recognition. 

Overall, the bar chart demonstrates that hybrid deep learning models offer the best compromise and confidence 

for the multimodal emotion recognition in healthcare. The higher the Accuracy is, the better the classification ability 

is, and the higher the Precision is, the fewer the false positive predictions are. Likewise, the enhanced Recall shows 

greater accuracy in recognizing emotions, while the maximum value of the F1 score indicates the optimal value of 

Precision and Recall. Based on these results, the proposed Hybrid CNN–Transformer (CNN–Transformer) framework 

has the highest potential for use in intelligent healthcare applications like elderly care, rehabilitation support, pain 

monitoring, mental health assessment, and Telemedicine as it is crucial to recognize emotions with accuracy and 

context in such applications. 

The results in Table 2 demonstrate that the hybrid CNN-Transformer model outperforms other models in all 

significant prediction metrics. The advantage of the CNN-only and Transformer-only systems is not just numeric but 

also represents a more meaningful improvement structurally (Xia et al., 2024). It implies that local representation 

learning and attention is not mutually exclusive, but complementary. This is particularly important in the field of 

emotion analysis in healthcare where the affective meaning can be spread across subtle visual cues, speech variations, 

physiological reactions, and the context of a conversation. 

Meanwhile, the results should be interpreted with care. However, a predictive performance does not necessarily 

mean that the model is clinically useful. Even if the model is easy to compute, hard to interpret or biased across 

demographic groups, it may still be inappropriate for use in healthcare (Alomar et al., 2025). The hybrid model has 

the highest technical potential when compared to the other two models, but also the highest design responsibility. It 

relies on the very careful construction of the data set, powerful data pre-processing, consideration of the missing data 

behaviour, and mechanisms for explainability. If these precautions are not in place, even a good architecture might be 

hard to believe in a real medical setting. 

The results also show an interesting performance/complexity trade-off. Traditional models are most easy to 

deploy and are least expressive. CNN-based models are efficient and effective in the aspect of localized features but 

lack in the aspect of context modeling. Transformer-only models tend to be very expressive and costly, as well as data-

intensive (De Oliveira et al., 2025). The hybrids offer the greatest range of performance, but require more 

computational resources, more careful training, and more rigorous validation. The best model, therefore, could vary 

according to the target environment for a healthcare system. Hybrid models could be considered in real-time 

multimodal analysis in high resource tertiary care systems. Concentrated and/or task-specific versions might be more 

useful in low-resource or mobile contexts. 

To conclude, the comparative results indicate that the hybrid CNN-Transformer-based architecture is the most 

balanced and efficient one for multimodal emotion recognition in healthcare. It has the flexibility of combining local 

detail extraction with sequence-level reasoning and cross-modal reasoning, making it well suited for patient-centered 

intelligent systems (Brahmareddy & Selvan, 2025). A subsequent work would be to connect these comparative results 
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to a formal experimental methodology, a data description and an ablation analysis that highlights the impact of each 

component on the final performance. 

9. CONCLUSION 

The hybrid CNN-Transformer model is a good conceptual and methodological basis for the problem of 

multimodal emotion recognition in healthcare. The comparative perspective provided in this paper demonstrates that 

such a model is appropriate for the complexity of affective data in the clinical domain where it is able to provide 

efficient local pattern extraction and deep contextual and cross-modal reasoning. Standalone CNNs and Transformers 

offer unique strengths, but traditional machine learning approaches continue to serve as valuable baselines and in cases 

with limited data. The hybrid approach is especially interesting because emotion in the context of healthcare is not 

localized to any one modality of the face, voice, and text, but is spread across these modalities, and evolves over time. 

This framework has much more than a technical significance. To be considered robust, interpretable, fair, 

privacy-preserving, and clinically relevant, emotion-aware systems should be designed for healthcare use. Evaluation 

of a hybrid model must also be based on the model's trustworthiness, adaptability, and usefulness when applied to 

patient care settings, in addition to its ability to be accurate. Future research should shift towards clinically meaningful 

datasets, interpretable multimodal fusion, personalization of modeling, and responsible deployment procedures. 

This is a draft version of a comparative study paper (5000 words) on the provided topic. It follows the formal 

research style, organizes it into headings and subheadings, and does not include any bullet points in the body, as 

requested, except in the objectives section. A very good future step would be the creation of a full manuscript that 

could be published as a journal article that includes literature citations, a methodology section, discussion of dataset 

and evaluation, results framework, and proper formatting of references. 
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