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Abstract
Although emotions play a fundamental role in modulating pain perception, their objective assessment in 
clinical contexts remains challenging. Recent advances in artificial intelligence (AI) have opened new 
opportunities to measure emotional states through facial expression analysis, physiological signal 
modeling, natural language processing (NLP), and multimodal data integration. In affective computing, the 
field that focuses on technologies designed to recognize, interpret, process, and simulate human emotions, 
facial expression-based emotion recognition has progressed from traditional machine learning methods to 
advanced deep learning approaches, including convolutional neural networks (CNNs), attention-based 
hybrid models, and transformer architectures. Similarly, recurrent neural networks and self-supervised 
learning methods have been implemented for developing models from physiological signals such as 
electrocardiography, photoplethysmography, galvanic skin response, and related biosignals. Additionally, 
NLP systems can extract affective information from naturalistic text, using both lexicon-based and 
transformer-based models. Finally, multimodal fusion and alignment techniques allow the integration of 
heterogeneous data streams, providing richer and more ecologically valid emotion representations. 
Collectively, these strategies offer powerful tools for advancing automatic pain assessment (APA) in cancer 
care, with the potential to support personalized, emotion-aware therapeutic approaches. However, from an 
AI perspective, several open challenges remain, including multimodal representation learning under weak 
supervision, robustness to missing or degraded modalities, limited explainability of affective inference 
models, lack of standardized benchmarking protocols, and the presence of bias and domain shift in emotion 
datasets. Given the inherently subjective, context-dependent, and culturally mediated features of the 
emotional experience, further research is needed to address these technical limitations, integrating 
technological advances with the intrinsic complexity of emotion interpretation.
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Introduction
Emotion is a brief, integrated psychophysiological state that combines subjective feeling, evaluative 
appraisal, autonomic bodily arousal, expressive behaviors, and readiness to act, triggered by events deemed 
relevant to the person’s goals [1]. This multifaceted set of states helps individuals cope with stressful and 
non-stressful events. Their adaptive value became scientifically relevant in the second half of the 19th 
century, when Charles Darwin demonstrated that facial and bodily expressions serve communicative 
functions common to all species [2]. A century later, affective science converged on two complementary 
perspectives, including theories of discrete basic emotions and continuous dimensional models such as 
Russell’s circumplex, which maps feelings along the axes of valence and arousal [3].

Similarly, pain is more than just a sensory signal, and the International Association for the Study of 
Pain (IASP) defines it as “an unpleasant sensory and emotional experience” [4]. Therefore, emotions 
modulate pain in a bidirectional manner; specifically, anxiety and sadness can amplify nociceptive 
processing, while positive perceptions of safety can dampen it through descending inhibitory pathways [5]. 
Furthermore, in chronic conditions, maladaptive emotions can worsen catastrophizing and increase 
disability. These key aspects underscore the clinical need to assess affective and nociceptive function. 
Nevertheless, this assessment is far from straightforward. Briefly, affective states can rapidly fluctuate, are 
filtered by cultural rules of expression, and can be blunted or masked by analgesics or sedatives [1–3, 6]. 
Moreover, different populations, such as infants, individuals with cognitive deficits, or those on ventilatory 
support, are unable to communicate their feelings and pain experiences reliably [7].

Moving beyond subjective assessments, efforts to establish objective and quantifiable indicators of 
affectivity have led researchers toward algorithmic measurement of emotions. Rosalind Picard’s [8] 
manifesto Affective Computing reframed these theoretical insights as computational challenges, proposing 
that machines capable of recognizing and responding to emotion would transform human-computer 
interaction [9, 10]. Importantly, artificial intelligence (AI) strategies such as deep learning (DL) and 
machine learning (ML) models can integrate vision, speech, and verbal features, as well as physiological 
signals, to detect intonation shifts, but also the subtle, context-related signatures that elude human coders. 
This research area is commonly referred to as emotion AI or affective computing [11].

Traditionally, cancer pain assessment relies on patient-reported outcome (PRO) measures such as the 
Visual Analog Scale (VAS) and Numeric Rating Scale (NRS), as well as observational tools used when self-
report is not feasible. While these approaches are widely adopted in clinical practice, they are inherently 
subjective, intermittent, and may be influenced by cognitive, emotional, and contextual factors, particularly 
in complex oncology settings. These limitations highlight the need for more objective and continuous 
assessment strategies, motivating the development of AI-based automatic pain assessment (APA) systems. 
This emerging field infers a patient’s pain intensity from facial, vocal, and different physiological cues (i.e., 
biosignals) to precisely and objectively assess pain [12]. In a clinical landscape that requires 
multidisciplinary collaboration between clinicians, AI researchers mostly in the fields of computer vision 
(CV) and natural language processing (NLP), psychologists, linguists, and researchers in pain medicine, it is 
also necessary to identify the most suitable methods for APA [13].

From an AI perspective, APA can be formalized as a multimodal inference problem under uncertainty 
[14]. Therefore, emotional and nociceptive states are latent variables that must be inferred from 
heterogeneous data streams, including facial expressions, physiological signals, speech, and text. 
Nevertheless, several core AI challenges emerge. They include representation learning across modalities, 
temporal dependency modeling, domain adaptation from controlled datasets to real-world environments, 
and robustness to missing or degraded modalities, as well as multimodal alignment.
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Since integrating emotional recognition methods into APA systems may help overcome current 
limitations of subjective pain ratings and improve the personalization of cancer pain management, we aim 
to provide a structured overview of AI strategies for emotion recognition in cancer pain research, 
organizing existing approaches into methodological categories and highlighting current limitations and 
future research directions. On the other hand, emotion recognition remains inherently complex due to its 
interdisciplinary nature, involving psychological processes, physiological responses, and computational 
analysis, which must be jointly considered to achieve reliable automated assessment. In this context, a clear 
distinction between different types of cancer-related pain is essential, particularly when considering acute 
and chronic manifestations. These pain types differ in temporal dynamics, behavioral expression, and 
physiological correlates, with important implications for the development and validation of APA models 
[12–14]. This review primarily focuses on chronic cancer-related pain, which represents the most prevalent 
and clinically complex condition in oncology. However, acute and procedural pain, such as postoperative 
pain or pain related to diagnostic and therapeutic interventions, are also considered where relevant, 
particularly in relation to the applicability of AI-based emotion recognition systems.

Although this work is not intended as a systematic review, a structured literature selection process was 
adopted to ensure transparency and methodological rigor. A targeted search was conducted across major 
scientific databases, including PubMed/MEDLINE, Scopus, Web of Science, and IEEE Xplore, using 
combinations of keywords related to APA, emotion recognition, and pain. To better focus on advances and 
perspectives in the field of APA, particular attention was given to studies addressing one or more of the 
core domains explored in this review, namely, facial expression analysis, physiological signal modeling, 
NLP, multimodal fusion, and foundation models.

Facial-expression-based emotion recognition
In different settings, facial expression analysis represents a valuable approach for pain assessment, 
particularly in patients who are unable to provide reliable self-reports due to advanced disease, cognitive 
impairment, or treatment-related factors [15]. In such contexts, automatic analysis of facial cues may offer 
an objective and continuous alternative to traditional assessment methods [12]. Consequently, it represents 
a promising non-invasive modality for APA, enabling continuous monitoring of pain-related affective 
responses even in patients with communication barriers. Notably, facial expression recognition (FER) is 
fundamental to understanding human emotions. Moreover, it is also a key part of non-verbal 
communication. On the other hand, the inherent complexity of emotions, together with individual 
variations in how they are perceived and processed, still represents a significant obstacle for automatic 
recognition systems [16]. Facial muscle activation patterns can be used from a theoretical perspective to 
analyze facial expressions, as formally stated in Facial Action Coding System (FACS), which encodes facial 
movements into action units (AUs), thus facilitating orderly and repeatable inference of underlying 
emotional states [17]. Building on the relevance of AUs for objective facial coding, several APA approaches 
have been proposed [12, 13]. For example, researchers developed a binary classifier grounded in extended 
FACS features, using an artificial neural architecture to discriminate between pain and no-pain states in a 
cohort of oncology patients undergoing video recordings during clinical procedures. The model, trained on 
facial AUs extracted using OpenFace from datasets annotated according to the FACS, achieved a validation 
accuracy of 94.48%, with a precision of 0.95, a recall (sensitivity) of 0.97, and an AUROC of approximately 
0.98 [18].

Driven primarily by the introduction of DL methods, automatic FER has undergone radical changes 
over the past decade. Research has shown that some emotions, such as fear, are processed differently than 
others, producing distinct patterns in their classification and recognition [19]. In this context, DL, 
particularly convolutional neural networks (CNNs), has proven useful for continuous prediction tasks and 
emotion classification [20]. CNNs, commonly used in image recognition applications, are powerful neural 
networks. They operate on a series of convolutional and pooling layers that gradually extract meaningful 
features from the input images. One or more fully connected layers then process these features to produce 
the final prediction. To perform image recognition, a CNN must be trained using a large, annotated dataset 
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containing examples of the desired elements. The network learns the connections between the input 
features and their appropriate labels by adjusting its parameters using backpropagation and optimization 
techniques during the training phase. Once trained, CNNs can infer labels for previously unseen images 
[21].

From a methodological perspective, CNNs are particularly effective in this domain because they can 
capture spatial hierarchies of facial features, enabling the detection of subtle muscle activations associated 
with pain expressions. These models use reference data leveraging psychological principles, exploiting 
emotional recognition based on classification and regression processes. Specifically, classification assigns 
emotional data (e.g., facial expressions, physiological signals) to discrete categories such as “happy”, 
“angry”, or “in pain”, while regression estimates the intensity or continuous level of an emotional response, 
allowing for more nuanced emotional profiling [17, 20]. Recent advances have led to interesting 
discoveries. One of the most notable examples is the development of techniques for estimating emotional 
content through spatial analysis of facial expressions. Computerized systems for advanced cognitive 
perception, particularly those based on neural networks such as DL models, rely on detailed, static 
representations of facial features. These systems use geometric and spatial analysis to improve the 
accuracy of facial recognition [22]. Beyond clinical and affective computing contexts, visual and behavioral 
analysis techniques have also been applied in intelligent video surveillance. In this domain, the goal is not 
limited to low-level feature extraction, but extends to the semantic interpretation of human activities and 
behaviors in order to detect relevant or abnormal events within complex scenes [23]. Knowledge 
representation frameworks have been proposed to model contextual elements, actions, and their temporal 
compositions, enabling higher-level reasoning over video data. Such approaches integrate visual analysis 
with structured representations of context and events, supporting both automatic event recognition and 
the summarization of relevant video segments for human monitoring. Although originally developed for 
intelligent video surveillance, knowledge representation frameworks for modeling contextual and temporal 
patterns can be adapted to APA systems to support the structured interpretation of pain-related behaviors 
in clinical settings.

Interestingly, CNN-based facial analysis can be embedded into APA pipelines to provide objective 
emotional markers that correlate with pain intensity. For example, in a recent feasibility study, the authors 
employed the YOLOv8 real-time object detection CNN to identify facial regions and extract pain-related 
expressions from live video streams of oncological patients. The system achieved an overall detection 
accuracy of 91.7%, with a mean inference time of 18.2 ms per frame, thus allowing real-time monitoring 
even in non-controlled clinical environments. Notably, the model demonstrated an F1-score of 0.90 for pain 
detection versus baseline states, and thus demonstrates the robustness of CNN-based facial recognition for 
dynamic bedside assessment [24].

Following this line, more complex architectures have been developed and fine-tuned. Wang and Jia [25] 
fine-tuned an extended neural network consisting of a hybrid dual-branch structure with an attention 
mechanism focused on the global and local facial features. The parallel configuration of the network helps 
to distinguish between similar facial expressions, contributing to the improved model’s accuracy, even in 
the presence of noise or some change in the environment. The results obtained on popular datasets, such as 
RAF-DB and FER-Plus, heavily outperformed the traditional methods, which communicated the value of 
multimodal fusion and selective attention in the domain of automatic emotion recognition. These advanced 
architectures, such as hybrid attention and transformer models, could improve the robustness and accuracy 
of APA systems in real-world clinical environments.

In addition to hybrid models and attention-based architectures, further research is needed in the realm 
of automatic FER. For example, generalizability remains one of the primary challenges. In this context, 
while most systems are trained and validated using controlled and standardized datasets, they fail to 
encompass the diversity and complexity of spontaneous facial expressions [26]. This discrepancy results in 
a decline in performance when models are applied to data collected in natural conditions, which are 
characterized by numerous confounding factors. These include variations in head positioning, partial 
occlusions caused by items such as glasses, beards, or masks, uneven lighting conditions, and demographic 
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imbalances in the training data, which can negatively affect the system’s ability to accurately recognize 
emotions in diverse populations [27, 28].

To overcome these challenges, several recent studies have developed advanced models designed to 
maintain high performance despite obstacles on the face and variations in position. For example, Gao and 
Zhao [28] developed a transformer-based model called transformer facial encoders (TFEs), which 
dynamically focuses attention on visible regions of the face while simultaneously reconstructing hidden 
parts. Validated on the RAF-DB and AffectNet [29] datasets, this approach showed better performance than 
traditional CNN methods, especially in the presence of partial facial coverings. Similarly, Li et al. [30] 
proposed a multi-angle feature extraction (MAFE) framework that leverages a hybrid backbone consisting 
of CNN and Swin Transformer. This model has been specifically optimized to preserve fine facial details, 
thus improving the robustness and accuracy of recognition in unfavorable environmental conditions. 
Another promising way to improve the performance of FER systems provides the ability to generalize to 
unseen domains. Zhang et al. [31] proposed an innovative approach that combines features derived from 
CLIP with sigmoid masks to isolate relevant expressive signals, enabling zero-shot expression recognition, 
without the need for retraining on the target domain. Their framework demonstrated superior 
performance compared to traditional methods on multiple benchmarks, offering greater robustness in 
heterogeneous and realistic contexts.

Recent trends in FER research emphasize the importance of modelling temporal dynamics and 
incorporating contextual information to more accurately capture the transient nature of emotional 
expressions. Methods leveraging static images often fail to detect microexpressions or subtle emotional 
transitions, leading to increasing interest in approaches leveraging video sequences and temporal 
modeling. In particular, architectures integrating convolutional backbones with temporal modules, such as 
Temporal Convolutional Networks (TCNs), have demonstrated strong performance in capturing dynamic 
facial patterns across benchmark datasets [32], highlighting their potential relevance for APA. Moreover, 
architectures such as three-dimensional CNNs (3D CNNs) and recurrent models, including long short-term 
memory (LSTM) networks, have demonstrated superior capabilities in capturing the temporal evolution of 
facial features, thus enabling more accurate emotion classification in dynamic environments [33, 34]. 
Temporal modeling of microexpressions and dynamic facial patterns is particularly valuable for APA, as it 
can facilitate the detection of subtle pain-related changes over time (Table 1).

Table 1. Deep learning applications for facial-expression-based emotion recognition.

Approach/Model† Description Strengths (relevance to APA) Main limitations Ref.

CNN Extraction of spatial features 
from static facial images for 
emotion classification or 
regression

Effective detection of facial 
muscle activation patterns (AUs); 
suitable for baseline pain/no-pain 
discrimination

Limited ability to capture 
temporal dynamics; reduced 
performance in real-world 
conditions (occlusions, 
variability)

[24]

Hybrid CNN A combination of 
convolutional feature 
extraction with attention 
mechanisms focusing on 
salient facial regions

Improved discrimination of subtle 
expressions; better robustness to 
noise and inter-individual 
variability

Increased architectural 
complexity; requires large 
annotated datasets

[25]

Transformer-based 
models (TFE, Swin)

Attention-based 
architectures model global 
dependencies and 
dynamically focus on 
informative regions

Strong robustness to occlusions 
and pose variations; improved 
generalization across datasets

High computational cost; 
data-intensive training

[28–
30]

CNN + temporal 
models (TCN, LSTM, 
3D CNN)

Integration of spatial feature 
extraction with temporal 
modeling of video 
sequences and facial 
dynamics

Capture of microexpressions and 
temporal evolution of pain-related 
facial patterns; critical for 
continuous and real-time APA

Requires temporally 
annotated datasets; higher 
computational burden

[32–
34]

† These approaches differ in their ability to capture static versus dynamic emotional features, with temporal models being 
particularly relevant for continuous pain assessment in clinical settings. CNN: convolutional neural network; LSTM: long short-
term memory; TFE: transformer facial encoder; 3D CNN: three-dimensional CNN; TCN: Temporal Convolutional Network; AUs: 
action units; APA: automatic pain assessment.
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As emotion recognition systems strive for greater realism and accuracy, the integration of multimodal 
data, such as vocal cues, physiological measurements, and contextual information, has emerged as a critical 
direction for research. This multimodal integration seeks to improve the interpretability of emotional states 
by addressing the limitations of relying solely on facial signals, which can often be ambiguous or insufficient 
when considered in isolation. Although these systems inevitably involve increased computational 
requirements, they provide a richer and more ecologically valid representation of emotional behavior. 
Mirroring the multisensory integration that characterises human emotional perception, multimodal 
approaches can substantially improve the accuracy, generalisability, and contextual sensitivity of emotion 
recognition models [35].

A growing number of studies are devoted to the issue of fairness and bias in FER recognition systems. 
Empirical evidence has shown that these models often exhibit inconsistent performance across different 
demographic groups, such as gender, age, and ethnicity, mainly due to unbalanced representation within 
widely used FER datasets. To overcome these limitations, current research is increasingly exploring 
approaches such as data balancing, domain adaptation, and the integration of fairness-aware learning 
frameworks. These strategies are becoming fundamental to the development of more equitable and 
generalisable FER systems [36].

Physiological and wearable signal modelling
The modelling of physiological signals obtained through wearable technologies has attracted considerable 
interest in both academic and applied research, particularly for its potential in real-time, continuous, and 
non-invasive monitoring of human physical conditions. Wearable devices can capture a wide range of 
biosignals, including electrocardiography (ECG), photoplethysmography (PPG), galvanic skin response 
(GSR), skin temperature, respiratory rate, accelerometric data, and other complementary physiological 
modalities. These signals are key indicators of autonomic nervous system activity and provide insights into 
various psychophysiological processes, such as stress, fatigue, emotional arousal, and cognitive load [37, 
38].

Physiological signals offer an objective window into affective and nociceptive states, making them 
essential components of multimodal APA frameworks [39–41]. In AI terms, physiological signal modeling 
constitutes a non-stationary multivariate time-series learning problem, characterized by high inter-subject 
variability and context-dependent dynamics. Recurrent and convolutional architectures implicitly encode 
inductive biases related to temporal continuity and local dependencies, while self-supervised objectives 
aim to learn invariant representations across subjects and recording conditions.

However, modelling biosignals presents multiple challenges, including high susceptibility to motion 
artefacts, inter-individual variability, and the non-linear and non-stationary nature of physiological data. 
Recent work has applied DL models, particularly recurrent architectures such as LSTM networks, to 
address these issues, demonstrating greater robustness to noise and motion when using multisensory 
fusion [42]. LSTM networks are an advanced type of recurrent neural network designed to capture long-
term dependencies in sequential data. They use a gated memory mechanism, consisting of input, forget, and 
output gates, to regulate the flow of information and preserve relevant temporal features over time. This 
makes them particularly well-suited to the analysis of physiological signal time series, where past states 
contain information essential for accurate modelling [43]. Moreover, by learning temporal autonomic 
patterns, LSTM-based models can support APA in continuously detecting pain responses without patient 
self-report.

Transfer learning techniques have also been employed to improve model generalisability across 
heterogeneous sensing modalities by leveraging pretrained representations and cross-modal adaptation 
strategies, particularly when transferring knowledge between physiologically related biosignals or 
integrating multimodal affective cues in data-limited settings [44, 45]. Hybrid architectures integrating 
CNNs, bidirectional LSTMs, wavelet-based feature extraction, and attention mechanisms have shown 
promising performance in reconstructing ECG signals from PPG inputs, improving signal fidelity while 
enhancing model interpretability [46].
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Recent innovations in physiological signal modelling have focused on improving signal quality and 
learning generalisable representations from wearable device data [47]. One promising direction involves 
the use of advanced signal processing and representation learning techniques to improve the quality and 
robustness of PPG signals in real-world conditions [48]. These models aim to remove motion artefacts and 
noise by learning a compressed representation of the clean signal, exploiting the sparsity hypothesis of 
physiological signals. This is particularly useful for real-world scenarios, where PPG recordings from wrist-
worn wearables often suffer from low signal-to-noise ratios due to motion or ambient light interference. At 
the same time, the development of base models, i.e., large-scale models pre-trained on diverse, multimodal 
physiological datasets, represents a step towards more flexible and reusable architectures. Recent advances 
have also explored multimodal foundation models for physiological signals, aiming to learn transferable 
representations across tasks such as emotion recognition, stress detection, and sleep analysis. For example, 
NormWear has been trained on signals such as ECG, PPG, GSR, and electroencephalography (EEG) across 
various populations and contexts [49]. These models can generate robust representations that transfer 
across tasks and domains, enabling zero-shot or few-shot learning for applications such as emotion 
recognition, stress detection, sleep stage classification, and even automotive risk estimation.

Furthermore, self-supervised learning (SSL) approaches, particularly those based on reconstruction 
objectives, have emerged as a key technique for exploiting large amounts of unlabelled physiological data, 
especially in wearable biosignal analysis contexts [50]. Unlike supervised approaches, SSL learns 
meaningful representations by solving pretext tasks, such as signal reconstruction, temporal order 
prediction, or contrastive learning, without relying on manual annotations. This is particularly 
advantageous in biomedical contexts, where labelled data is often scarce or costly to obtain. The resulting 
models can then be optimised for downstream tasks with minimal supervision, improving scalability and 
applicability in health monitoring via wearable devices [50]. In this context, transfer and SSL can further 
enhance APA scalability by exploiting large amounts of wearable data without the need for extensive 
manual labeling (Table 2).

Table 2. Physiological and wearable signal modeling for emotion recognition.

Approach/Model Input signals Main function Typical applications Key challenges Ref.

Recurrent and transfer 
learning models 
(LSTM, CNN-BiLSTM, 
transfer learning)

ECG, PPG, GSR, 
temperature, 
respiration, 
accelerometry

Temporal modeling 
and cross-modal 
generalization of 
physiological time 
series

Emotion recognition, 
stress detection, 
cognitive load 
monitoring, wearable 
health inference

Motion artifacts, inter-
individual variability, 
non-stationarity, 
domain shift

[42–
47]

Signal processing and 
feature extraction 
approaches

Primarily PPG and 
related wearable 
biosignals

Signal denoising, 
compression, and 
improvement of signal 
quality

Preprocessing for 
wearable-based 
monitoring and 
downstream 
classification tasks

Sensitivity to real-world 
noise, reduced 
robustness under 
motion, and low signal-
to-noise conditions

[48]

Multimodal foundation 
models (e.g., 
NormWear)

Multivariate 
physiological 
signals (e.g., ECG, 
PPG, GSR, EEG)

Learning transferable 
representations across 
tasks and populations

Emotion recognition, 
stress detection, sleep 
analysis, zero-
shot/few-shot 
wearable sensing

High training cost, data 
heterogeneity, potential 
bias, and limited clinical 
validation

[49]

Self-supervised 
learning (SSL)

Unlabeled 
physiological and 
wearable 
biosignals, 
especially PPG

Learning latent 
representations 
through 
reconstruction-based 
or related pretext tasks

Scalable wearable 
biosignal modeling 
with limited annotation 
requirements

Defining suitable 
pretext objectives, 
interpretability, and 
downstream 
transferability

[50]

LSTM: long short-term memory; CNN: convolutional neural network; BiLSTM: bidirectional LSTM; ECG: electrocardiography; 
PPG: photoplethysmography; GSR: galvanic skin response; EEG: electroencephalography.

Natural-language approaches to affective text
In the context of cancer pain, NLP offers a valuable opportunity to extract affective and pain-related 
information from textual data sources routinely generated in clinical practice, including PROs, clinician 
notes, and semi-structured interviews. Importantly, recent evidence suggests that patients’ verbal 
expressions encode not only pain intensity but also emotional, cognitive, and pragmatic dimensions of the 
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pain experience. For instance, linguistic analyses of oncological patients’ utterances have shown that pain-
related discourse frequently includes expressive speech acts, metaphorical descriptions, and narrative 
structures reflecting psychological states such as distress, adaptation, and coping mechanisms [51]. At the 
same time, accurately identifying emotional states from everyday language remains a fundamental 
challenge in psychology and computational linguistics [1, 3, 11]. Additionally, understanding linguistic 
variability is crucial for APA, as language often encodes subtle emotional and pain-related cues [11, 24, 51]. 
From a computational perspective, affective text analysis extends beyond traditional sentiment 
classification and can be framed as an inference task over latent emotional states expressed through 
language [52]. While transformer-based models learn contextual semantic representations, they remain 
sensitive to individual linguistic habits, pragmatic context, and domain-specific language use, posing crucial 
challenges for generalization and interpretability, particularly in clinical narratives, where emotional 
expressions may be implicit, metaphorical, or shaped by coping strategies.

Recent developments in NLP have improved the detection of emotional content in text by leveraging 
datasets collected in natural contexts and by using models that account for both linguistic context and 
individual differences in emotional expression. Recent research conducted by Fisher et al. [53] sought to 
use pioneering tools in negative emotion monitoring therapy by employing NLP to determine its utility in 
adolescents. The authors used transcripts from Ecological Momentary Assessment (EMA), a real-time 
emotional capturing tool, with a dataset that comprised 7,680 open-ended texts obtained from 97 subjects. 
The primary aim of the research was to determine the possibility of negative emotion classifiers identifying 
affective models drawn from language used in daily self-reporting annotations [53]. This work is notable 
for the direct contrast made between nomothetic and idiographic modelling approaches. Nomothetic 
models use aggregate data and ascribe the same predictive elements to every individual. Idiographic 
models are constructed for everyone, personally mapping language use and emotional states. This 
distinction in methodology rests on the assumption that emotional expression is deeply personal. The same 
linguistic or syntactic cues can mean vastly different emotional things depending on the individual, i.e., the 
speaker. Some expressions that, in the case of an adolescent, suggest some sort of distress, are neutral or 
even positive for another.

This level of variability makes it difficult to apply generalizable models to clinical psychology and youth 
mental health, where emotional signals are often misinterpreted, potentially placing vulnerable individuals 
at risk and substantially affecting clinical outcomes [53]. Findings in this regard are pivotal to effective text 
analysis. They show how ineffective blanket approaches are in any emotionally diverse population. In 
recent years, NLP has increasingly focused on models that move beyond basic sentiment or valence 
detection toward richer representations of affective and contextual meaning. Specifically, researchers are 
attempting to understand the subtleties, variability, and context-dependence in naturalistic language. For 
instance, transformer-based models, such as Robustly Optimized BERT Pretraining Approach (RoBERTa) 
[54], provide powerful contextual embeddings that could be fine-tuned on domain-specific datasets, 
including those targeting affective states, to improve the detection of subtle emotional patterns. This is 
particularly relevant in light of recent large-scale studies leveraging social media corpora, where emotional 
meaning is inferred from millions of real-world text instances and enriched through human-annotated 
lexicons, enabling a more nuanced and multidimensional representation of affective content [55, 56].

Moreover, as affective computing applications move toward personalized mental health monitoring, 
the ability to model individual baselines and detect deviations over time becomes critical. This adaptability 
is particularly relevant in digital mental health tools where passive, language-based monitoring can offer 
early indicators of emotional distress without requiring active clinical input [57]. However, these 
advancements also raise significant methodological and ethical questions, such as the reliability of emotion 
inference over time, the interpretability of DL models in sensitive settings, and the need to safeguard user 
privacy when analyzing emotionally laden text data [58].

Continued progress in this field will likely depend on the development of multimodal, ethically 
responsible systems that combine linguistic, behavioral, and contextual signals. Such systems should not 
only predict affective states with precision but also contribute to actionable outcomes, such as timely 
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intervention or supportive feedback. As NLP tools are increasingly integrated into clinical and educational 
technologies, the challenge will be to ensure that affective text analysis remains both scientifically rigorous 
and aligned with human-centered values [59]. This aspect is of pivotal importance for APA research as it 
can provide a reliable extraction of affective information from patient reports, clinical notes, or digital 
health records (Table 3).

Table 3. NLP approaches for affective text analysis.

Approach/Model Description Strengths (relevance to APA) Main limitations Ref.

Transformer-based 
models (BERT, 
RoBERTa)

Pre-trained language models 
fine-tuned on emotion-specific 
datasets to capture contextual 
semantic representations

High sensitivity to subtle 
affective cues; effective 
modeling of context-
dependent emotional 
language

Limited interpretability; 
sensitive to domain shift 
and individual linguistic 
variability

[52, 
54]

Lexicon-based and 
hybrid approaches (e.g., 
NRC, emoji lexicons)

Combination of emotion 
lexicons and data-driven 
representations to infer affective 
content from text

Interpretable and robust 
across domains; useful for 
capturing multidimensional 
emotional signals

Limited ability to model 
complex, implicit, or 
metaphorical language

[55, 
56]

Idiographic versus 
nomothetic modeling 
approaches

Comparison between 
population-level models and 
personalized language-emotion 
mappings

Enables modeling of individual 
variability in emotional 
expression; critical for 
personalized APA

Requires longitudinal and 
subject-specific data; 
limited generalizability

[53]

Clinical NLP and 
longitudinal monitoring 
approaches

Analysis of patient-generated 
text (e.g., PROs, clinical notes, 
EMA) to track emotional states 
over time

Supports early detection of 
emotional distress; enables 
continuous and real-world 
monitoring

Ethical concerns (privacy); 
variability in data quality; 
challenges in temporal 
consistency

[53, 
58, 
59]

APA: automatic pain assessment; NLP: natural language processing; BERT: Bidirectional Encoder Representations from 
Transformers; RoBERTa: Robustly Optimized BERT Pretraining Approach; NRC: National Research Council (Emotion Lexicon); 
EMA: Ecological Momentary Assessment; PROs: patient-reported outcomes.

Multimodal fusion and alignment
In the context of cancer pain assessment, multimodal fusion is particularly relevant because pain is 
inherently multidimensional, involving behavioral, physiological, and cognitive components [4]. Integrating 
heterogeneous signals such as facial expressions, speech, and physiological responses allows a more 
comprehensive representation of the patient’s affective and nociceptive state, reducing the uncertainty 
associated with single-modality approaches. This distinction is particularly relevant when integrating 
multimodal data, as the relative contribution of facial, physiological, and behavioral signals may differ 
between acute and chronic pain conditions [12, 13].

Multimodal fusion strategies in AI can be broadly categorized into early fusion, late fusion, and hybrid 
approaches. Early fusion integrates raw or low-level features from different modalities into a shared 
representation, while late fusion combines modality-specific predictions at the decision level. Hybrid and 
representation-level fusion methods aim to learn joint latent spaces through cross-modal attention or 
shared embeddings [60].

Notably, multimodal fusion can provide the foundation for next-generation APA systems by combining 
complementary emotional and physiological signals, consistent with prior multimodal pain assessment 
frameworks integrating facial and physiological signals [61]. Furthermore, multimodal AI systems can 
integrate speech analysis and FER, supporting continuous and real-time pain assessment. In cancer pain, 
researchers implemented an automatic emotion recognition system trained on the EMOVO dataset, a 
validated Italian corpus designed to simulate the six prototypical emotions (“Big Six”: happiness, anger, 
fear, sadness, surprise, disgust) [62]. A Multi-Layer Perceptron Neural Network, trained on 181 prosodic 
features (including pitch, intensity, formants, jitter, shimmer, and speech rate), achieved an overall 
classification accuracy of 84%, with balanced precision, recall, and F1-scores across emotion classes. This 
emotional speech model was then applied to real-world audio recordings obtained from clinical interviews 
with oncology patients, allowing for the continuous annotation of emotional states during naturally 
occurring communicative contexts. In parallel, facial expressions were analyzed through an AUs-based 
classifier, and using continuous video streams, facial expressions were processed in real-time and 
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categorized into binary pain/no-pain states. The FER model alone yielded an accuracy of 82.4%. 
Nevertheless, the integration of SER features and facial emotion markers through feature-level fusion 
significantly enhanced the system’s discriminative power. The combined multimodal model achieved an 
overall accuracy of 89.3% and an AUC of 0.91, substantially outperforming the unimodal models. 
Furthermore, facial emotional markers exhibited a statistically significant positive correlation with 
patients’ self-reported pain intensity scores (r = 0.62, p < 0.01). Finally, speech annotation and facial 
expression analysis were synchronized using the Eudico Linguistic Annotator (ELAN) v6.7, enabling time-
aligned multimodal labeling and exploration of emotional trajectories during the interviews. This 
methodological framework allowed the identification of predominant emotional states over time and their 
dynamic relationship with pain expressions [63]. Importantly, similar AI-based approaches for pain 
assessment have been explored by multiple independent research groups, particularly in multimodal and 
physiological signal-based frameworks, supporting the generalizability of these methodologies [64, 65].

However, in clinical APA systems, multimodal integration requires not only combining data streams 
but also ensuring their meaningful alignment. For instance, facial expressions, physiological responses, and 
speech signals must be temporally synchronized to reflect the same underlying pain episode. Misalignment 
between modalities may lead to inconsistent or misleading interpretations of the patient’s state. Therefore, 
multimodal alignment plays a critical role in ensuring that heterogeneous signals are coherently integrated 
in real-world clinical scenarios. This process requires not only the fusion of data, but also sensible 
structuring and valid correlation between information and modalities (alignment) [66, 67]. The integration 
of heterogeneous modalities such as visual, physiological, and audio signals poses significant challenges in 
clinical environments, where data may be incomplete, noisy, or acquired at different sampling rates.

The joint processing of heterogeneous information sources is a central challenge in contemporary AI, 
particularly in the field of multimodal learning [60]. In application contexts where data no longer appear as 
homogeneous entities but as parallel streams of different types (such as images, audio signals, text, three-
dimensional data, sensor measurements, and time recordings), it becomes essential not only to aggregate 
these sources but also to structure them according to a logic that preserves semantic consistency and 
informational relevance [68–70]. Simply superimposing disparate signals is not enough to generate usable 
knowledge; to prevent the operation from degenerating into a disorganised aggregation of data, it is 
necessary to implement two complementary and interdependent processes: multimodal fusion and 
multimodal alignment [71].

Fusion can be defined as the process through which representations from different domains are 
combined into a unified form, allowing for the synergistic exploitation of the entire wealth of information. 
Essentially, this involves moving beyond unimodal analysis to obtain joint representations capable of 
capturing intermodal relationships, thereby improving the system’s ability to perform complex inferences 
[72]. However, this fusion operation is only effective if preceded or accompanied by a precise alignment 
phase, which aims to establish relevant correspondences—temporal, spatial, or conceptual—between 
entities represented in different modes but referring to the same event, object, or concept [73]. In clinical 
APA applications, alignment is primarily temporal (e.g., synchronizing audio tracks with lip movements in 
videos) [74] and spatial (e.g., associating RGB data with depth information in images) [73]. Conceptual 
alignment is also relevant, as it links observed signals to higher-level representations or target variables 
within the model [75].

The complexity of these tasks is compounded by several challenges: different sampling frequencies, 
temporal discrepancies, incomplete data, modality-specific sounds, and asymmetries in semantic 
abstraction levels [76]. Furthermore, modalities vary significantly in their intrinsic structure: text is 
discrete and symbolic, images are continuous and spatially distributed, and audio is sequential and context 
dependent [77]. This heterogeneity requires advanced representation techniques such as shared latent 
spaces, multimodal DL architectures based on cross-modal attention mechanisms, and contrastive learning 
approaches that facilitate associations between modalities without imposing a reductive common format 
[78].
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To address these issues, recent research has focused heavily on models that can not only integrate 
different modalities but also do so contextually, considering the dynamic relationships and semantic 
context in which these modalities manifest themselves [79]. State-of-the-art multimodal architectures, 
including multimodal transformers and graph-based neural networks, do not merely map heterogeneous 
inputs into a common space but rather aim to model the complex interactions between elements of 
different modalities [80]. As a result, fusion becomes an adaptive and context-driven process, while 
alignment takes on an epistemological role by anchoring representations to shared and interpretable 
semantic structures [81].

Although significant progress has been made, several theoretical and practical challenges remain. In 
particular, handling cases where one or more modalities are missing or degraded (mode dropout) [82], 
reducing dependence on large manually annotated datasets through SSL methods [83], and ensuring the 
interpretability of multimodal decision-making processes [84] remain active areas of research. 
Furthermore, the issue of scalability poses significant obstacles, as the computational complexity associated 
with simultaneously handling multiple modalities can quickly compromise system efficiency and reliability, 
especially in real-time applications such as autonomous driving or surgical robotics [85]. These challenges 
are particularly critical in oncology, where real-time and reliable pain monitoring is required to support 
clinical decision-making.

Foundation models and self-supervised emotion understanding
Foundation models have recently emerged as a transformative paradigm in AI, enabling the learning of rich 
and transferable representations through large-scale self-supervised training on heterogeneous and 
predominantly unlabeled data [86]. This paradigm is particularly relevant for emotion understanding, a 
domain traditionally constrained by limited annotated datasets and by the inherently subjective, context-
dependent, and multimodal nature of affective signals [87]. Unlike supervised approaches relying on 
explicit emotion labels, which are often noisy or inconsistent, self-supervised strategies exploit intrinsic 
data properties, such as masked prediction, temporal coherence, and cross-modal correspondence, to learn 
robust representations without direct annotation [88].

Recent developments have demonstrated the applicability of these approaches to emotion recognition 
tasks across different modalities. In particular, self-supervised and multimodal architectures have been 
applied to video, speech, and physiological signals, showing improved generalization across datasets and 
robustness to inter-subject variability [89–91]. These characteristics are especially relevant for affective 
computing and APA, where emotional and nociceptive expressions are dynamic, heterogeneous, and often 
partially observable.

Emotional expression rarely emerges from a single modality; rather, it results from the interaction of 
facial dynamics, vocal features, physiological responses, and linguistic content, each contributing 
complementary information across time and context [89]. Foundation models trained on multimodal data 
are therefore well suited to capture these interactions by learning shared latent representations that 
preserve temporal, spatial, and semantic relationships across modalities [90, 91]. This capability enhances 
robustness to noise, missing data, and variability in acquisition conditions, which are common in real-world 
scenarios [92]. In the context of APA, such properties are particularly valuable for integrating 
heterogeneous clinical signals and improving the reliability of pain inference.

From a methodological perspective, foundation models support transferable and scalable learning. 
Pretrained representations can be adapted to new populations, tasks, or environments with limited fine-
tuning, helping to address challenges such as inter-individual variability, cultural diversity, and domain 
shift in emotion recognition [93]. This is especially important in clinical contexts, where collecting large, 
well-annotated datasets is often impractical, and where models must generalize across diverse patient 
populations.
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However, despite these advantages, the application of foundation models to APA in oncology remains 
limited. Most existing studies are conducted in controlled environments or non-clinical settings, and robust 
validation in real-world cancer populations is still lacking. This represents a significant gap in the current 
literature and highlights the need for prospective, clinically grounded investigations to assess the 
translational potential of these approaches [12, 13, 40, 94].

In addition, foundation models introduce several critical challenges. The interpretability of learned 
representations remains limited, as the internal mechanisms of large deep architectures are often opaque, 
hindering the identification of spurious correlations and reducing trust in sensitive applications [95]. 
Training on large-scale, weakly curated datasets may also amplify demographic and cultural biases, leading 
to uneven performance across population subgroups and raising fairness concerns [96]. Furthermore, the 
multidimensional nature of emotions, including intensity, temporal evolution, and contextual modulation, 
poses difficulties for evaluation, as current benchmarks often rely on simplified categorical labels that do 
not capture the continuous and dynamic structure of affective states [34].

Recent methodological advances aim to address these limitations by integrating relational and 
contextual reasoning into emotion modeling. Approaches combining foundation models with graph-based 
representations, attention mechanisms, and knowledge-driven reasoning have been proposed to better 
capture long-range dependencies, conversational context, and social interactions [97–99]. These 
developments suggest that future foundation models for affective computing and APA will increasingly 
combine structured knowledge with data-driven learning to enhance both interpretability and 
performance.

Overall, foundation models trained with self-supervised objectives represent a powerful 
methodological advance for emotion understanding, enabling scalable, multimodal, and transferable 
representation learning [87, 88, 100]. However, their effective adoption requires careful attention to 
interpretability, bias mitigation, and evaluation rigor, particularly when applied to clinically sensitive 
domains such as cancer pain assessment [101, 102]. Interestingly, early work on unified normalization 
frameworks for heterogeneous multimedia data provides a conceptual basis for consistent cross-modal 
reasoning, which remains relevant for contemporary multimodal foundation models [103].

Future directions
Despite significant advances, no single sensor or method is capable of fully capturing the complexity of 
human emotional states, due to overlapping physiological patterns and strong context dependency [104]. 
Facial expressions, physiological responses, and language-based cues each provide partial and context-
dependent information and are subject to modality-specific limitations, including noise, inter-individual 
variability, and environmental constraints [12, 13, 39–41]. Consequently, multimodal approaches that 
integrate complementary signals through robust fusion and alignment strategies are essential to achieve 
reliable and clinically meaningful APA systems. Nevertheless, a major limitation in affective computing, 
particularly in clinical contexts, is the scarcity of large, high-quality emotion-labeled datasets, which 
constrains model generalizability and reproducibility [105].

Another central insight concerns the gap between methodological innovation and real-world clinical 
applicability. Although advanced ML and DL models have demonstrated promising performance in 
controlled experimental settings, their translation into oncology practice remains limited by issues of 
generalizability, interpretability, and bias. These challenges are particularly relevant in cancer pain 
management, where AI-driven inferences may influence monitoring strategies and therapeutic decisions 
[95, 96].

An additional critical dimension for the clinical translation of emotion-aware AI systems concerns 
regulatory approval and governance. Systems designed for APA may be classified as Software as a Medical 
Device (SaMD) and must therefore comply with regulatory frameworks such as FDA clearance in the United 
States and CE marking under the European Medical Device Regulation (MDR). These pathways require 
rigorous evidence of safety, performance, and clinical benefit, as well as transparency in the model design 
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and validation processes. In this context, several challenges emerge. AI models must demonstrate 
robustness across diverse patient populations and clinical settings, ensuring generalizability and 
minimizing bias. Continuous performance monitoring and post-market surveillance are also essential, 
particularly for adaptive or continuously learning systems. Furthermore, the integration of explainable AI 
approaches may support regulatory acceptance by improving interpretability and clinician trust. 
Addressing these regulatory requirements is a key step toward the safe and effective deployment of AI-
based emotion recognition systems in oncology practice [106].

From a translational perspective, emotion-aware AI systems should be conceived as decision-support 
tools that augment, rather than replace, clinical judgment. When rigorously validated and appropriately 
integrated into clinical workflows, such systems may support continuous pain monitoring, enable earlier 
detection of pain exacerbations, and contribute to more personalized and adaptive management strategies, 
especially in vulnerable populations [12, 13, 107].

Looking forward, future research should prioritize longitudinal and real-world validation studies, the 
development of explainable and bias-aware multimodal models, and the seamless integration of APA 
frameworks into digital health infrastructures. In this complex scenario, strengthening interdisciplinary 
collaboration among clinicians, affective scientists, and AI researchers will be critical to ensure that 
methodological advances translate into tangible clinical benefits.

Conclusions
Taken together, the reviewed evidence confirms that affective processes constitute a fundamental yet 
under-assessed dimension of cancer pain, with a significant impact on symptom perception, coping 
strategies, and treatment outcomes. Therefore, automated emotion recognition represents both a major 
opportunity and a methodological challenge for AI-driven cancer pain assessment. Continued progress in 
this field will depend not only on algorithmic performance but also on clinical relevance, transparency, and 
ethical robustness, ultimately shaping the role of affective computing in personalized cancer pain care. 
Finally, future research should address existing technical limitations by integrating technological advances 
with the intrinsic complexity of emotion interpretation, acknowledging the subjective, context-dependent, 
and culturally mediated nature of emotional experience.
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