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Abstract 

This review provides a detailed exploration of the current state of anxiety detection using machine 
learning (ML), with a focus on both feature-based and end-to-end models. The field has experienced 
rapid growth, with a significant increase in academic output necessitating an updated review of 
commonly used ML models and their performance, anxiety-inducing methodologies, data collection 
conditions, and dataset utilization. Feature-based ML models, such as Support Vector Machines, have 
been extensively employed due to their interpretability and simplicity. However, these models 
require manual feature engineering, which can be labor-intensive and potentially biased. End-to-end 
deep learning models have emerged as powerful alternatives, capable of utilizing raw signal directly 
and handling large datasets. Additionally, this review categorizes stressors into six distinct types – 
social, mental, physical, emotional, driving, and daily-life stressors – to provide a better overview of 
methodologies used to elicit anxiety. These are further explored based on whether data were collected 
under controlled in-lab conditions or real world in-the-wild conditions. This review underscores the 
need for further exploration into model architecture and their suitability for different types of data, 
advocating for a more nuanced and personalized approach to anxiety detection using machine 
learning. 

Keywords: anxiety; deep learning; machine learning 

1. Introduction

Mental health includes cognitive wellness and the ability to cope with adverse events in
everyday life to function productively. Appropriate amounts of anxiety are essential for survival and 
motivation. Prolonged anxiety, however, can lead to mental illness and disorders that negatively 
impact cognition, emotion, behavior, and perception of self and the world [1]. The global COVID-19 
pandemic significantly worsened the quality of life, with isolation, quarantine, and social avoidance 
further exacerbating mental health issues, leading to increased reports of symptoms of stress, anxiety, 
and depression [2]. Anxiety disorders, particularly, have become a major global health challenge due 
to their high prevalence and substantial economic impact, yet access to mental health services 
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remains limited [3,4]. Anxiety disorders are also associated with increased physical health conditions 
like cardiovascular diseases and weakened immunity, which could further impair decision making 
and cognitive performance [5,6]. These issues highlight the need for the development of effective 
diagnostic and therapeutic tools to improve treatment access and support mental health care systems 
[7,8].  

The detection and monitoring of anxiety through machine learning (ML) has become an 
increasingly crucial area of research in affective computing. Significant advancements have been 
made with traditional feature-based (FB) models. Such models are popular for their interpretability 
and ease of implementation. They rely on manually engineered features derived from physiological 
or behavioral signals, enabling domain knowledge to play a critical role in their performance. 
However, this manual feature engineering process can be labor-intensive and may introduce biases 
or fail to capture subtle, complex patterns within the data [9,10].  

End-to-end (E2E) approaches eliminate the need for explicit feature extraction by learning 
representations directly from raw data. These models, often include deep learning models, excel in 
handling complex, non-linear relationships and temporal dependencies in time-series signals  
[11,12]. A comparative study [11] highlights the dependency of E2E models on dataset size and 
quality, while also noting that FB models retain their relevance in many affective computing 
applications. Despite their computational intensity and less transparent operation, these models have 
demonstrated comparable performance in anxiety detection tasks.  

As the volume of academic work in this field continues to grow, there is a pressing need to 
review existing model architectures, methodologies, data collection conditions, and dataset 
utilization. This review provides a comprehensive overview and summary of current state-of-the-art 
research in the ML application to anxiety detection. It also examines the challenges of deploying these 
models in real-world scenarios and explores future research directions for advancing the field toward 
the future of robust ML models and personalized healthcare. 

 

1.1 Defining Anxiety 

Stress and anxiety are closely related concepts often used interchangeably in literature, which 
can obscure definitions and reduce clarity. Stress is typically characterized as a current stimulus that 
triggers temporary physiological and psychological responses [13]. Anxiety, a negative affective and 
cognitive state that contributes to mental health disorders, consists of excessive worrying, 
rumination, or fear of future threats [14]. Spielberger’s theory further differentiates anxiety into state 
and trait anxiety [15–17]. State anxiety refers to a temporary and transient negative emotional reaction 
accompanied by physiological responses to stressful stimuli. Trait anxiety, on the other hand, denotes 
an individual's inherent tendency to experience state anxiety when encountering stress [18].  

While stress and anxiety share overlapping physiological responses mediated by the 
hypothalamic-pituitary-adrenal (HPA) axis and sympathetic nervous system (e.g., cortisol release, 
increased heart rate) [14], [19]—this review focuses on ‘state anxiety’ to describe the transient and 
stimuli-driven physiological responses. Many studies use the term ‘stress’ to describe these 
responses, while their investigations often align closely with what would be categorized as ‘state 
anxiety’, involving detecting physiological markers and psychological response to transient threats 
[20–24]. Several studies also used State-Trait Anxiety Inventory (STAI) [17] scores to confirm the 
presence of ‘stress' elicited by anxiety-inducing stimuli [20,21], [25]. Furthermore, although the terms 
‘stress’ and ‘stressors’ are sometimes used interchangeably to refer to both the cause and responses 
to adverse stimuli [26], we reserve the term ‘stressor’ specifically for the adverse stimuli presented to 
participants to evoke anxiety. 

Throughout this review, we will use ‘anxiety’ as a simplified alternative term for state anxiety, 
capturing both subjective emotional states and physiological responses for understanding the impact 
of stressors. This approach, which distinguishes stressors (external triggers) from anxiety (cognitive, 
emotional, and physiological responses), aligns with Bystritsky and Kronemyer’s transdiagnostic 
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model of the ‘stress/anxiety complex’ [26]. Here, stress and anxiety are conceptualized as 
interdependent phenomena on a continuum, where stressors elicit anxiety and anxiety exacerbate 
stress reactivity through shared neurobiological pathways (e.g., HPA axis dysregulation) [26]. While 
their framework underscores the interdependence of these phenomena, the persistent conflation of 
‘stress’ and ‘anxiety’ in literature necessitated the inclusion of ‘stress’ in our search strategy to ensure 
comprehensive review of the current field.  

1.2 Measuring Anxiety 

three interconnected domains: subjective, behavioral, and physiological systems [27]. The 
subjective system captures an individual's self-reported experiences of anxiety, often through 
questionnaires or clinical interviews. The behavioral system encompasses observable expressions, 
such as facial expressions, body language, and other non-verbal cues. Finally, the physiological 
system reflects the biological and autonomic processes underlying anxiety. 

i. Traditional Measures  

Traditional anxiety assessment tools include standardized questionnaires such as the STAI [17] 
and the Beck Anxiety Inventory [28]. The subjective measures are straightforward to administer, 
though these methods are limited by recall bias, a systematic error due to inaccuracies in 
remembering past events, and their inability to monitor changes in real-time across different contexts 
[9], [29]. Clinical interviews conducted by trained professionals include assessment of anxiety 
symptoms, history of mental illness, and stressful events exposure. It offers a more precise diagnosis 
and cause of anxiety disorders than self-reports but are costly and time-consuming [30].  

ii. Behavioral Measures 

Behavioral observations focus on non-verbal aspects like facial expressions and body language 
and are useful for those unable to complete questionnaires or discuss their emotions. However, 
these observations can be subjective and may not accurately reflect anxiety in individuals who may 
suppress their symptoms [31],  [32]. 

ii. Physiological Measures 

The exploration of anxiety detection has significantly benefited from physiological measures, 
notably through the analysis of brain and cardiac activities, electromyography (EMG), respiration, 
and electrodermal activity (EDA). Brain activity measurement such as electroencephalogram (EEG), 
functional near-infrared spectroscopy and magnetic resonance imaging offer insights into 
neurological responses to anxiety, despite challenges such as spatial resolution, susceptibility to 
noise, and cost [33]. Cardiac activity, particularly heart rate variability (HRV) interpolated from 
electrocardiogram (ECG) or photoplethysmography (PPG), has been established as a robust indicator 
of anxiety, with advancements in wearable technologies enhancing real-time, non-invasive 
monitoring   [34,35]. EMG [36] also provide peripheral insights into anxiety levels through muscle 
tension and autonomic nervous system activity [37–39]. EDA [40] and other measures, including 
pupil dilation [41] and skin temperature changes [42], have been incorporated into ML algorithms 
for anxiety detection, demonstrating the potential of non-invasive techniques [35,43]. Behavioral 
measures, leveraging observable physical and interactive markers, offer a complementary approach 
to understanding anxiety through the analysis of physical activity, voice characteristics, or other 
behavioral patterns, despite the need for adaptation to individual differences and real-world 
applicability [44,45]. These multifaceted approaches underscore the complexity of anxiety detection 
and the necessity for diverse measurement techniques to capture its nuanced manifestations.  
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1.3. Inducing Anxiety 

Anxiety can be triggered in laboratory environments through the presentation of different 
stressor types. In-lab environments are specifically designed to conduct experiments under 
standardized conditions. They allow researchers to carefully manipulate variables, administer 
stressors, and supervise the study protocol while minimizing noise and artifacts, external influences, 
and confounding factors. The consistent and controlled atmosphere of in-lab conditions enables the 
collection of high-quality data to ensure that any observed effects on anxiety are attributable to the 
experimental stressor rather than random variables. On the other hand, in-the-wild conditions 
passively monitor participants’ responses in real-world scenarios with minimal intervention. Here 
we characterize these stressors into six main categories: social, mental, physical, emotional, driving, 
and daily-life stressors. 

Social stressors, such as the Trier Social Stress Test (TSST) [111], are designed to induce anxiety 
through social evaluation and performance pressure. The TSST typically involves public speaking 
and mental arithmetic tasks. Participants are asked to perform these tasks in front of an audience or 
evaluators, who often maintain neutral or critical expressions to trigger stress responses associated 
with social evaluative threat and fear of negative judgment. 

Mental stressors typically involve tasks that demand high levels of cognitive processing, thus 
creating conditions of mental overload known to induce stress. Commonly used tasks include the 
Stroop Color-Word Test (SCWT), mental arithmetic, and n-back tasks. The SCWT is a classic 
psychological task used to evaluate the cognitive inference, attention, and selective inhibition 
response via the Stroop effect [46] to elicit state anxiety and acute stress responses [47]. The SCWT 
typically involves congruent and incongruent conditions, in which participants are required to name 
the color of presented words. The word itself might be colored by the same (congruent) or different 
color (incongruent; e.g., the word ‘blue’ printed in red font). In incongruent conditions, the conflict 
between the word's meaning and the font color creates cognitive interference, requiring the brain to 
inhibit automatic responses, leading to increased mental effort and stress [46]. Mental arithmetic tasks 
are another common type of mental stressor. These tasks require quick mental calculations and 
induce anxiety by taxing cognitive resources, such as working memory and processing speed, as well 
as frustration or stress due to their difficulty, the potential for errors, or time pressures [48]. The n-
back working memory task is another popular mental task that requires participants to monitor a 
sequence of stimuli and indicate when the current stimulus matches the one presented n steps earlier 
[130], [131]. This task increases in difficulty as the value of n increases to put greater demands on the 
participant's working memory and cognitive control.  

Physical stressors, such as the cold pressor test [48], elicit anxiety responses through physical 
exertion, discomfort, or pain. During the cold pressor test, participants immerse their hand in ice-
cold water for a set period, activating the sympathetic nervous system due to the discomfort 
associated with cold exposure.  

Emotional stressors involve exposing participants to stressful images or videos, such as those 
from the International Affective Picture System (IAPS) [49]. These stimuli are designed to elicit 
negative emotional states like fear, disgust, or sadness for anxiety responses. 

Driving stressors is listed as a separate category because driving encompasses a combination of 
cognitive, emotional and physical demands that requires attention, decision making and 
coordination of motor movements [50,51]. It is also a common real-world activity, and responses 
induced in this context are highly relevant for studying anxiety detection in daily functioning [51]. 
Driving tasks usually involve simulated driving tasks that place participants in virtual or controlled 
real-world driving environments mimicking challenging or demanding driving conditions. These 
scenarios induce anxiety due to the need for constant attention, quick decision-making, and the 
potential for simulated hazards, reflecting real-world stressors faced by drivers. Such stressors are 
particularly relevant for studying anxiety in contexts where performance and safety are critical. 

Daily-life stressors are a category that we propose. It refers to anxiety-inducing situations 
encountered in naturalistic settings, such as workplace challenges and academic examinations. There 
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is a growing interest in real-world ('in-the-wild') conditions, where data collection occurs in 
naturalistic settings as participants conduct their routine daily activities with little or no interference 
or supervision. These scenarios provide a more ecologically valid context for studying anxiety [52,53].  

1.4. Detecting Anxiety 

ML-based anxiety detection efforts predominantly utilized FB models, which required extensive 
domain-specific knowledge for manual feature extraction and engineering [12,54]. These models 
often depended on handcrafted features derived from physiological signals or behavioral data. The 
typical process involves the following steps: 1) Data Collection, where physiological signals are 
gathered from participants; 2) Data Preprocessing, which includes removing noise and artifacts; 3) 
Feature Extraction, which involves the derivation of relevant features; 4) Feature Selection using 
techniques to retain most informative features; 5) Model Training, where selected features are used 
to train classification or prediction models, with optional hyperparameter fine-tuning to optimize 
performance; 6) Model Validation employing methods such as test datasets, k-fold cross-validation, 
or leave-one-participant-out validation; and 7) Model Evaluation using performance metrics like 
accuracy, precision, recall, and F1-scores to assess effectiveness (Figure 1).   

FB models often allow easier interpretation of results and identification of features contributing 
most to the classification or prediction, and experts with domain knowledge can incorporate features 
known to be relevant to improve the model performance. FB models generally require less 
computation power and can be suitable for small datasets. However, relying on feature extraction 
and selection could potentially introduce bias and information loss. For instance, important subtle 
indicators of anxiety might be overlooked if they are not part of the selected features. Generalizability 
may also be limited because handcrafted features may not generalize well to new datasets or 
populations, and FB models may struggle with nonlinear nature and complexities in physiological 
signals. In contrast, the field has seen a significant shift toward E2E deep learning models like CNN 
and LSTM. These models can automatically learn hierarchical representations from raw data, 
reducing the need for manual feature extraction and potentially capturing more complex and subtle 
patterns associated with anxiety [12]. Advancements in computational power, the availability of large 
datasets, and improved algorithms have facilitated this transition, enabling models that can 
generalize better across different populations and settings. 
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Figure 1. Typical process of developing feature-based anxiety detection models. End-to-end models bypass 
feature extraction and selection steps (Step 3 and 4) by directly utilizing raw signals. 

2. Review of Anxiety Detection using ML 

2.1 Methods 

The literature review methodology included a thorough search across Scopus, IEEE Xplore, and 
PubMed databases, covering publications from 2010 to November 2024. The search was conducted 
using keyword combinations, such as ‘stress or anxiety or mental workload detection,’ and ‘AI or 
machine learning or deep learning’ (Table I). A systematic screening process was implemented, 
involving title screening, abstract evaluation, and full-text analysis. Inclusion criteria focused on 
original articles that use one or more stressors to induce anxiety and use physiological signals to 
measure anxiety. Review papers were excluded from consideration.  

The initial search yielded 3331 articles, i.e., 2061, 1103, and 167 articles from Scopus, IEEE Xplore, 
and PubMed, respectively (Figure 2). Title screening narrowed the field to 2040. Further abstract 
evaluation reduced this number to 446, and a full-text review culminated in 105 relevant papers. Data 
extracted from these articles included ML architectures, ground truth questionnaires, environmental 
conditions, tasks for inducing anxiety, model performance, physiological signals, and datasets 
utilized. A more detailed summary of each paper, categorized based on stressor types, can be found 
in Supplemental Material Tables I- VI. These articles were further segregated between ML 
approaches that used FB models (98 articles) or E2E models (14 articles) (Tables II and III). Seven 
papers overlapped and used both FB and E2E models [24], [56]–[61] (note [55] used traditional ML 
models for E2E). 
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Table 1. Search string used for each database. 

Database Search String 
PubMed ("machine learning") AND "anxiety" NOT ("depression" OR "Autism" OR Stroke OR 

"depressive" OR phobia) 
IEEE 

Xplore 
("machine learning") AND (("psychological stress" OR “mental stress” OR “emotional 

stress” OR “mental workload” OR “stressful) OR "anxiety") 
Scopus TITLE-ABS-KEY ( "machine learning"  AND  ( "psychological stress"  OR  "mental 

stress"  OR  "emotional stress"  OR  "mental workload"  OR  "cognitive 
workload"  OR  "Cognitive stress"  OR  "anxiety" ) )  AND NOT  TITLE-ABS ( 
review  OR  survey  OR  scoping  OR  autism  OR  autistic  OR  diabetic )  

AND NOT  TITLE ( treatment  OR  suicide  OR  surgery  OR  depression  OR  
depressed  OR  "anxiety disorders"  OR  vaccine  OR  child  OR  children  OR  

cells  OR  glycemia  OR  tumor  OR  tremor  OR  gender  OR  wealth  OR  
"mental illness"  OR  disorder  OR  "management system"  OR  "intelligence"  

OR  disease )  AND  ( LIMIT-TO ( PUBSTAGE ,  "final" ) )  AND  ( LIMIT-TO ( 
DOCTYPE ,  "ar" )  OR  LIMIT-TO ( DOCTYPE ,  "cp" ) ) 

 
Figure 2. Flowchart of database results and screening methods for articles, segregated based on machine learning 
approaches used: feature-based (FB) and end-to-end (E2E). Seven selected papers used both FB and E2E models. 

2.2 ML models and architectures 

2.2.1. FB Models 

Early studies in anxiety detection predominantly utilized FB models including traditional ML 
and deep learning models (Table II, alphabetized by last names). These models depend on engineered 
features specifically chosen for their relevance to the state of interest and are often supervised by 
manually created labels or ground truth. Their advantages include interpretability, simplicity, and 
lower computational demands, making them particularly effective when working with limited 
datasets. However, the performance of FB models may be dependent on the quality of features, which 
requires domain expertise. Deep learning methods within the FB paradigm, while also requiring 
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engineered features as input, process these features through networks inspired by the human brain's 
structure, consisting of interconnected nodes organized into layers: one input layer, one or more 
hidden layers, and an output layer [56]. Artificial Neural Networks (ANNs) serve as the foundation 
for more complex architectures, with feed-forward neural networks being the simplest form where 
information flows only in one direction from input to output. Building upon ANNs, specialized 
architectures like CNN which originally designed to process images, have become increasingly 
popular for processing engineered features in anxiety detection [12]. However, regardless of whether 
traditional ML or deep learning is used, the performance of FB models remains dependent on the 
quality of the engineered features, which requires domain expertise [56]. 

Table 2. Articles that used feature based models 

FB category Models References 

T
ra

di
ti

on
al

 m
od

el
s 

SVM 

[57], [58], [59], [60],  [61], [62], [63], [64], [65], [66], [67], [68], [69], [70], [71], [72], [73], [74], 

[75], [53], [76], [77], [78], [79], [25] [80], [81], [82], [83], [84], [85], [86], [87], [88], [89], [90],[91], 

[92], [93], [94], [21], [95], [96], [97], [98], [22], [99],[100], [101], [102], [103], [104] [105], [106], 

[107], [108], [109] [24], [110], [111] 

RF 

[57], [59], [60], [62], [65], [112], [68], [69], [55], [113], [114], [71], [72], [115], [116], [53], [78], 

[117], [79], [83], [84], [82], [87], [118], [88], [92,93], [94], [95], [119], [120], [121], [122], [23], 

[101], [102], [103,105], [24], [111] 

kNN 

[57], [59], [62], [63], [67], [55], [71], [73], [74], [75], [53], [76], [77], [79], [80]  [123], [82], [83], 

[85], [123], [42],   [87], [89], [91], [124], [97], [21], [100],  [121], [101], [122], [102], [103], [106], 

[108,109] [125], [111] 

Naïve 

Bayes 

[63], [64], [65], [113], [69], [71], [73], [75], [53], [77], [126], [80], [85], [100],  [101], [103], [105], 

[125], [111] 

Boost 
[57], [59], [60], [62],  [67], [113], [72], [74], [78], [79], [127],  [75], [53], [78], [87], [118], [21], 

[95], [96], [121], [122], [101], [128], [104], [106], [107], [24] 

DT 
[58], [60], [62], [63], [64], [65], [67], [113], [69], [53], [79], [127], [80],  [82], [83], [86], [96], [97], 

[121], [122], [100], [101], [102],[106], [108,109], [24] 

LR 
[62], [65], [68], [129], [69], [117], [81], [82], [83], [84], [87], [118], [100], [101], [102], [103], [104] 

[105], [107], [24], [111] 

LDA [59], [63], [64], [67], [73], [76], [79], [80], [85], [87], [89], [130], [121], [122], [99], [108,109], [24] 

Ensemble [53], [85], [131], [52], [97], [106] 

D
ee

p 
le

ar
ni

ng
 m

od
el

s 

CNN [132], [57], [133], [134], [62], [135], [136], [69], [74], [84], [90], [91], [137], [23],  [138] 

ANN [67], [113], [139], [81], [42], [131], [91], [140], [101], [103], [106], [141] 

MLP [62], [69], [71], [78], [81], [83], [102], [142] 

LSTM [62], [139], [143], [52], [140], [144] 

ResNet [78], [145] 

RNN [143] 

CNN-

LSTM 
[62] 

GCN [132] 
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SVM: support vector machine; RF: random forest; kNN: k-nearest neighbors; DT: decision tree; LDA: linear discriminant 

analysis; LR: linear regression; CNN: convolutional neural network; ANN: artificial neural network; RNN: recurrent neural 

network; MLP: multilayer perceptron; LSTM: long short-term memory, GCN: graph convolutional network. 

2.2.2 E2E Models 

E2E models, typically based on deep learning, operate directly on raw data without the need for 
manual feature engineering (Table III, alphabetized by last names). These models, like CNN and 
Long Short-Term Memory (LSTM), can capture intricate details through complex architecture, and 
automatically learn features to capture patterns and relationships within the data. LSTM is a 
specialized deep learning architecture, as a subset of recurrent neural networks, designed to handle 
sequential data by maintaining a memory cell that can selectively remember or forget information 
over time, making it ideal for time-series physiological signals [146]. For example, Onim & Thapliyal 
[143] achieved 96% accuracy using LSTM to analyze EDA, BVP, and temperature data from wearable 
devices for detecting stress in elderly individuals. However, these models are often criticized for 
being ‘black box’ models due to a lack of interpretability and are computationally intensive, requiring 
substantial data to prevent overfitting [116].  

Table 3. Articles that used end-to-end models. 

E2E models References 

CNN [57], [147], [148], [69], [11], [149], [150] 

FCN [151], [11] 

Inception Time [11] 

LSTM [152], [153], [154], [152] 

Multi-ResNet [11] 

ResNet [87], [151]  

Encoder [11] 

Time CNN [11] 

CNN-LSTM [147], [153], [11] 

 MLP [153], [11], [151], [130], [124] 

MLP-LSTM [153] 

RF and kNN [55] 

CNN: convolutional neural network; FCN: fully convolutional neural network; MLP: multilayer perceptron; LSTM: long short-

term memory. 

3. Results 

3.1. ML Techniques and Performances 

The review of the literature revealed a diverse range of FB machine learning approaches applied 
to anxiety detection using physiological signals (Table II). Deep learning algorithms also gained 
popularity in recent studies using extracted features, suggesting a transitional phase before fully E2E 
models are more broadly adopted [132,135]. Traditional machine learning models using engineered 
features have demonstrated consistently strong performance across multiple studies. Among 
classical algorithms, SVM was the most prevalent, used in 60 studies, followed by RF in 40 studies, 
and kNN in 39 studies. SVM has been particularly effective, as shown by Schmidt et al. [122], 
publisher of WEASAD dataset (see next section), who achieved 93.12% accuracy for binary 
classification. RF have also shown impressive results, with [114] reporting accuracy as high as 99.5% 
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using HRV features from the same WESAD dataset [122]. These classical FB models perform well 
with smaller datasets and provide interpretable results through feature importance analysis [100].  

E2E approaches have shown varying degrees of success, with performance ranging significantly 
across studies. Fan et al. [149] demonstrated strong results using a CNN with Convolutional 
Attention Block Module, achieving 97.5% accuracy in three-class classification using the WESAD 
dataset. However, other studies show more modest results - Dziezyc et al. [11] reported 79% accuracy 
using fully convolutional networks on raw physiological signals. This variability in performance is 
particularly evident in real-world applications, as shown by [107], where accuracy dropped 
significantly from lab conditions (76.4%) to in-the-wild conditions (64.7-70.1% F1 score).  

The performance of these ML models, as measured typically by accuracy, also varied depending 
on the nature of the task used to induce stress, the environment of the data collection, and the signals 
utilized. For instance, laboratory studies generally reported higher accuracy, with models achieving 
up to 99% accuracy [63], [114]. In contrast, studies that attempted to detect stress in wild or semi-wild 
environments faced more challenges in that they often showed a decrease in model performance due 
to the increased noise and variability in the data [118], [119].  

Also, most of the studies focused on binary classification (e.g., no anxiety vs. anxiety), while a 
few also moved on to multiclass classification (e.g., low vs. moderate vs. high anxiety) for added 
granularity in anxiety detection. For example, Schmidt et al. [122] and Bobade et al. [67] compared 
binary classification with three-class classification (baseline vs. amusement vs. stress) using the 
WESAD dataset. However, it is noted that the multiclass classification often yielded lower 
performance due to the intrinsic complexity in multiclass problems and subtle difference in 
physiological responses across tasks [67], [122], [60,62]. There has also been a trend of using ensemble 
methods to incorporate multiple models and improve results [53], [85], [131], [52], [97], [106] 

3.2. Open Datasets for Anxiety Detection 

Several widely used datasets are employed to validate model performance on various stressor 
types for anxiety detection.  

Social Stressors: The WESAD (Wearable Stress and Affect Detection) dataset includes data from 
15 participants exposed to the TSST alongside baseline and amusement conditions [122]. It provides 
multimodal measurements using ECG, EDA, PPG, respiration, temperature, and acceleration.  

Mental Stressors: The SWELL-KN (Smart Reasoning for Well-being at Home and at Work - 
Knowledge Work) dataset examines mental workload via HRV in 25 participants performing 
simulated office tasks, such as writing reports and reading emails, under no stress, time pressure, or 
interruptions [155]. The CLAS (Cognitive Load and Stress) dataset focuses on cognitive stress, 
featuring ECG, EDA, and respiration data collected during tasks with varying mental stressors (math 
problems, logic problems and SCWT). The MAUS (Multimodal Affect and Understanding Stress) 
dataset used n-back test for mental stress and provides ECG, EDA, and PPG [156]. The CogLoad 
dataset captures ECG, EDA, and body temperature during six mental tasks [157]. Similarly, the EEG 
During Mental Arithmetic Tasks Dataset provides EEG data to analyze neural activity using mental 
stressors [158]. The SAM40 (Stress and Anxiety Monitoring) dataset offers EEG with peripheral 
signals like ECG, EDA, and respiration data collected from 40 participants during SCWT and mirror 
image recognition tasks [159]. 

Driving Stressors: The SRAD (Stress Recognition in Automobile Drivers) dataset contains 
multimodal data of 17 healthy drivers completing driving tasks in a semi-controlled wild condition 
of driving around Boston, MA, USA. [160]. ECG, EMG, foot and hand EDA, and respiration data 
were collected. The protocol included a resting state, driving in the city, and driving on the highway. 
The AffectiveROAD dataset emphasizes affective states during driving and includes ECG, EDA, and 
respiration to also provide multimodal understanding of driving stress [161]. 

Emotional Stressors: The DEAP (Dataset for Emotion Analysis using Physiological Signals) 
includes EEG, ECG, EDA, respiration, and BVP signals from 32 participants watching music videos 
designed to evoke specific emotional responses [162]. It features self-reported measures of arousal, 
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valence, and dominance to annotate emotional states. The CASE (Continuously Annotated Signals of 
Emotion) dataset has physiological signals (ECG, BVP, EMG, EDA, respiration and skin temperature) 
from 30 participants viewing video clips that contained different emotions [163].  

Daily-life Stressors: The Multimodal Dataset for Nurses provides ECG, EDA, and skin 
temperature data collected from nurses during physically demanding work shifts, with observational 
data on workload and patient interactions adding context to the stress measurements [164]. 

Mixed types of stressors: The Non-EEG Dataset for Neural Status Assessment captures non-
EEG signals and used multiple types of stressors. ECG, EDA, and respiration were collected during 
multiple anxiety-inducing conditions, including physical stressor (physical exercise), mental stressor 
(SCWT), and emotional stressor (watching a horror movie), to evaluate neurological states [165].  

3.3. Model Performances Based on Stressor tyoes 

Table 4 separates the tasks used into different stressor categories, namely social, mental, 
emotional, driving, physical, and daily-life stressors. Seventy-nine studies used a single stressor in 
the protocol, while 26 studies used a combination of different types of stressors. Ninety-three studies 
were conducted in a lab-controlled environment, while 9 studies focused on natural settings for real-
world anxiety detection, 5 of which included both lab and in-the-wild conditions. Eight papers using 
the SRAD dataset were considered as ‘semi-wild environment’, combining real-world variability 
with predefined protocol, to monitor driver’s physiological states [160]. 

Table 4. Articles grouped by stressors used to induce anxiety. 

3.3.1. Social Stressors 

TSST is mostly used to induce social-evaluative threat and state anxiety, and the WESAD dataset 
is a common benchmark for comparing and evaluating model performance. Most studies used study 
protocol design of the dataset as the ground truth, while a few also used STAI scores or clustering to 
label anxiety states [24,100,127,136]. ECG, BVP via PPG, EDA, and respiration were common 
physiological signals used. Studies often combined these signals to capture a more multimodal view 
of physiological changes associated with anxiety, as each signal provides unique insights into 
autonomic nervous system activity. Commonly extracted features included statistical measures 
(mean, standard deviation, min, max), HRV metrics such as root mean square of successive 
differences (RMSSD), low-frequency (LF) to high-frequency (HF) ratios, and EDA-derived metrics 
like skin conductance peaks and rise time. Notably, studies using feature selection often found that 
EDA- and ECG-derived features were the most predictive of anxiety levels [113,127,166]. 

Stressor Type References 

Social Stressors 

[132], [57], [59], [135], [67], [68], [136], [113], [129], [114], [11], [149], [75], [154], [78], [151], [79], [127], 

[131], [118], [21], [95], [143], [119], [96], [140], [120], [152], [121], [150], [98], [22], [122], [99], [100], [166], 

[145], [107], [24], [111] 

Mental Stressors 

[132], [58], [133], [134], [63,64], [65], [148], [167], [112], [68], [55], [129], [69], [72], [139], [168], [74], [75], 

[116], [53], [154], [77], [117], [169], [126], [80], [81], [123], [82], [83], [85], [86], [87], [170], [90], [124], 

[118], [137], [130], [95], [119], [96], [97], [144], [99], [101], [103], [128], [104], [105], [106], [107], [108,109], 

[111] 

Physical Stressors [57], [61], [72], [154], [77], [84], [171], [22], [107], [111] 

Emotional Stressors [134], [168], [73], [78], [115], [75], [77], [110], [141] 

Driving Stressors [147], [172], [62], [70], [71], [87], [88], [92], [93], [94], [102], [138] 

Daily-life Stressors [60], [153], [116], [53], [77], [52], [96], [23], [107] 
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Traditional models dominate in anxiety detection research. SVM was frequently used for binary 
classification tasks and often demonstrated high accuracy. For example, Akella et al. [59] reported 
SVM accuracy ranging from 24% to 91% using EEG signals, and Sandulescu et al. [98] achieved SVM 
accuracy between 73.26% and 83.08% using PPG and EDA signals. RF, AdaBoost, and kNN are also 
common FB ML models showing high accuracy in anxiety detection, and cardiovascular signals and 
EDA signals are popular candidates as biomarkers of stress responses. Moreover, it was observed 
that binary classification of stress tended to achieve higher accuracy compared to multiclass 
classification, where distinguishing between different types of stressors or different levels can be 
more challenging.  

More recent studies adopt deep learning models, and their performance is comparable to 
traditional FB models. Studies report that CNN and LSTM had comparable, sometimes higher, 
performance compared to traditional ML models, and sometimes achieving accuracies above 90% in 
binary classification tasks [131,132,135,136,143]. Bobade et al. [67] found that ANN outperformed 
other classifiers, achieving 95.2% accuracy in binary classification, while Chatterjee et al. [136] 
demonstrated that CNN-based models could achieve accuracies ranging from 90.3% to 94.2%. Studies 
such as [11], [149], [151,154] reported promising results with deep learning and E2E architectures, 
indicating that these models can learn effective feature representations from raw signals. This 
advantage reduces the bias introduced by manual feature selection, enhancing model 
generalizability. 

3.3.2. Mental Stressors 

This category is the most represented across studies, with 56 studies focusing on tasks that 
induce anxiety through mental cognitive tasks. Sample sizes ranged widely in number, from as few 
as 5 to as many as 90 participants, and included diverse groups such as teenagers, college students, 
and older adults. However, many studies did not include detailed demographics like race, ethnicity, 
or gender. Besides the aforementioned common mental stressors in Section I c, some studies also used 
more unique tasks such as gaming or virtual reality exercises [139], [89], [170], [115]. EEG, HRV 
derived from ECG or PPG, and EDA were commonly used for anxiety detection induced by mental 
stressors. Some studies also reported their preprocessing steps to ensure data quality, using 
techniques like independent component analysis and bandpass filtering to remove noise and artifacts 
for EEG [89], [105]. Other methods like template matching, threshold filters, outlier removal and 
empirical mode decomposition, and baseline correction were usually used for ECG and PPG signals 
for reliable HRV extraction [87,95,96,119].  

While deep learning models like CNNs and LSTMs achieved high accuracy, traditional machine 
learning models such as SVM and RF still demonstrated strong performance, particularly in binary 
tasks. For example, in the study by Badr et al. [63], SVMs achieved accuracies as high as 99.58% in 
detecting stress using EEG data during the SCWT. Benchekroun et al. [112] reported RF accuracies 
between 71% and 84% for stress detection, and Campanella et al. [68] found similar results using a 
combination of PPG and EDA features. 

Deep learning methods were increasingly applied, especially in studies using EEG data. For 
example, Appriou et al. [134] achieved a 70% accuracy in classifying mental workload with CNNs, 
although the small dataset limited their effectiveness. LSTM networks, known for their ability to 
analyze sequential data, achieved a 95% accuracy in stress detection during gaming tasks in the study 
by Dhaouadi et al. [139]. Ensemble methods further enhanced performance by combining predictions 
from multiple models for final classification [85,106,173].  

Similar features to those used in social stressors from ECG and EDA signals also show potential 
in classifying anxiety levels. However, generalization across different stress conditions and tasks 
posed a significant challenge in these studies. Several researchers examined how well models trained 
under one set of conditions would perform under different stress-inducing scenarios. Mamdouh et 
al. [89] tested models trained on mental arithmetic tasks against data from virtual-reality-induced 
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stress, finding that kNN slightly outperformed SVM and LDA, with an accuracy of 87.1%. This 
finding underscored the challenges in transferring models between different stress contexts.  

3.3.3. Physical Stressors 

Physical stressors in these studies included tasks such as physical exercise using a cycle-
ergometer or walking exercises, or thermal stress induced by physical activity at high temperatures 
or by cold ice water at low temperatures (cold pressor test [48]). These stressors were used to evaluate 
how physical demand can trigger significant anxiety responses. In the study by Delmastro et al. [72], 
physical anxiety was induced using a cycle-ergometer exercise in conjunction with the SCWT to 
examine anxiety responses in older adults. The study utilized ECG and EDA signals to detect changes 
in anxiety levels, with RF and AdaBoost models achieving accuracies between 85.4% and 88.2%. 
These findings suggest that physical activity, while inducing a low level of anxiety, can positively 
impact cognitive performance during stressful tasks. 

Han et al. [77] explored anxiety detection during both in-lab and real-world conditions, using a 
variety of stressors including physical exercises such as plank exercises and the TSST. The study 
recorded ECG, PPG, and EDA signals to monitor anxiety responses. The kNN model showed high 
accuracy, with up to 94.55% accuracy for in-lab data and 100% for certain real-world conditions when 
physical activities were excluded due to motion artifacts. This result highlights the challenges of 
detecting anxiety in dynamic, real-world environments where physical activity can introduce 
significant noise. In another study [119], physical anxiety was induced by the cold pressor test and 
walking exercises. The study aimed to compare the performance of different heart rate monitoring 
devices in detecting anxiety. Using ECG and PPG signals, RF achieved accuracies between 81% to 
85%, demonstrating that slight differences in heart rate readings across devices did not significantly 
impact the accuracy of anxiety detection. Lastly, Sandulescu et al. [22], [98], examined the feasibility 
of using a customized wearable system to detect thermal and mental anxiety. The study involved 
physical activity at 40°C to induce thermal stress and used the TSST for mental stress. However, the 
results for thermal anxiety detection were not clearly reported, leaving some uncertainty about the 
system's effectiveness under thermal stress conditions. 

3.3.4. Emotional Stressors 

This category focused on tasks that evoked emotional reactions and challenges through 
emotionally challenging stimuli such as viewing video clips with negative arousing. Three studies, 
[168], [106],  [118], [147], used emotional visual stimuli from the IAPS [148], which provided images 
that induced negative, positive or neutral emotions. For example, Ding et al. [168] used negative 
visual stimuli from IAPS and a stop-signal task to induce emotional stress, with physiological signals 
like ECG and EDA used to predict state anxiety with regression models. The correlation coefficients 
between predicted and actual STAI scores using LASSO regression ranged from 0.4748 to 0.5528, 
suggesting moderate accuracy in capturing emotional responses. Han et al. [77] utilized ECG, PPG, 
and EDA signals, with kNN and SVM models achieving high accuracy in lab settings (94.55%) where 
motion artifacts were minimal. 

Other studies, e.g., [137], [149], used video clips containing emotionally charged content to elicit 
anxiety. Another study by Henry et al. [78] explored the generalizability of ML models focusing solely 
on cardiac signals using two datasets (CASE and WESAD), one with emotional stress by watching 
video clips with negative emotions and the other used a social stressor, respectively. SVM models 
performed slightly better than other models, and WESAD had higher accuracy compared to CASE. 
Using ECG signals also suggested better performance than PPG due to higher signal quality. Gazi et 
al. [115] examined anxiety detection in individuals with arachnophobia by exposing them to spiders 
in a virtual environment. This study used ECG, EDA, and respiration signals, achieving an accuracy 
of 88% with an RF model when adding respiratory features as complementary information.  

Common physiological signals include ECG and EDA, and some researchers also utilized pupil 
diameter, and even facial cues to detect emotional stress responses. Giannakakis et al. [75] 
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investigated the use of facial cues and camera-based PPG to detect stress during tasks such as social 
exposure, emotional recall, and viewing stressful images. The study reported accuracy between 
85.54% and 91.68%, with kNN and AdaBoost models having the highest performance. The inclusion 
of facial features like eye blinks, head movement and changes in pupil diameter, alongside heart rate 
data, proved to be effective in classifying stress responses to emotionally charged stimuli. Using pupil 
diameter features alone, Erkus et al. [73] reported accuracies ranging between 44.4% and 67.9% using 
LDA and coarse tree. Two studies explored brain activity for anxiety detection. For ECG, time and 
frequency domain and nonlinear HRV features such as RMSSD, LF/HF ratios, and standard 
deviations from Poincaré plot were commonly used [168], [77,115], while for EDA, features like mean 
skin conductance response and mean amplitude [147], [151] also contributed to anxiety detection as 
an indicator of the sympathetic nervous system activation.  

 

3.3.5. Driving Stressors  

Eight out of 12 studies in Table IV utilized the SRAD dataset, and four studies [87,92–94] used 
simulated driving tasks in lab-controlled condition. ECG, EMG, foot and hand GSR, and respiration 
data were collected. The protocol included a resting state (low stress), driving in the city (medium 
stress), and driving on the highway (high stress). Additionally, self-reported stress and anxiety levels 
were collected from participants.  

The primary physiological signals used across these studies included ECG and EDA, with some 
studies [102,147,172] also incorporating additional signals such as respiration and EMG. These 
signals were processed to extract various features, including HRV features, skin conductance 
response from EDA, and ECG-derived respiration. To ensure accurate stress detection, noise 
reduction methods like template matching for ECG R peak detection, z-scores for removing 
unreliable RR intervals, baseline correction, and wavelet decomposition were commonly applied. 

RF consistently showed high performance across multiple studies, particularly excelling in both 
binary and three-class stress classification tasks. RF achieved an accuracy of 98.2% in a study [102] 
and area under the curve values of 91.5% in [88], demonstrating its robustness in handling stress 
detection using physiological signals. SVM also performed well, with varying levels of success 
depending on the study. Cruz et al. [70] reported an impressive accuracy of 96.3% using a tree-
optimized SVM model for its effectiveness in stress detection during driving tasks using ECG as the 
single modality. Other traditional models like kNN, DT, and LR were used with similar success. For 
example, kNN achieved an accuracy of 91.2% in Siam et al. [102] and 80.05% in Dalmeida et al. [71], 
suggesting that these models can still be valuable in stress detection, albeit with typically lower 
performance compared to RF and SVM. 

Arya et al. [62] reported an accuracy of 95.67% using LSTM for binary classification and 88.70% 
for ternary classification, CNN and CNN-LSTM hybrids were also effective, with CNN achieving 
94.2% accuracy in binary classification and 85.60% in three-class classification [62]. However, the 
CNN-LSTM hybrid did not significantly outperform the standalone LSTM model. A notable 
approach in some studies was the use of automated pipeline optimization for ML, such as the Tree-
based Pipeline Optimization Tool. Liu et al. [88] reported that this optimization method, with an extra 
tree classifier, improved the AUC to 93.4%, indicating the potential of automated ML in refining 
model performance.  

Across studies, key features for stress detection included heart rate, HRV, and skin conductance 
features. The consistent importance of these features across different models and datasets illustrates 
their potential as reliable biomarkers for anxiety detection. While deep learning models, particularly 
LSTM, generally outperformed traditional ML models, RF consistently showed strong performance, 
making it a reliable choice for stress classification tasks. These results suggest that while deep learning 
models offer advantages, traditional models like RF can still be highly effective, especially in cases 
with limited data. 
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In addition, Dalmeida et al. [71] explored the generalization of models trained on the SRAD 
dataset and tested on the AffectiveRoad dataset; although they did not report performance metrics. 
This work highlights the ongoing challenge of ensuring that anxiety detection models can generalize 
well across different datasets and real-world scenarios. The high accuracy observed in studies like 
Siam et al. [102] also suggest the feasibility of applying anxiety classification in real-world scenarios, 
such as monitoring drivers in near-real-time with short recording periods (e.g., 1-minute segments). 
This practical application is crucial for developing effective anxiety detection systems for high-stress 
environments like driving. 

3.3.6. Daily-life stressors   

The studies using daily-life stressors are listed in Table V. Model performances on daily-life 
stressors performance varies largely, ranging from 31.3% [23] to 100% [77] in classification accuracy. 
Studies incorporating lab-based and real-world data emphasized the challenges in maintaining high 
model accuracy outside the lab [53,77], [116], [107]. Models trained on lab data often showed reduced 
performance when applied in real-world scenarios [77,107], highlighting the importance of robust 
preprocessing and the inclusion of context-aware algorithms to handle the variability found in real-
life situations. In several studies [53,60,107,116,153], they also mentioned the imbalanced samples in 
the data collected in the real-world (more non-anxious events than anxious events), and Başaran et 
al. [153] proposed semi-supervised learning to address the intensive labeling in massive in-the-wild 
dataset.  

Table 5. Articles grouped by the experimental environment. 

Stressor Type References 

Social Stressors 

[132], [57], [59], [135], [67], [68], [136], [113], [129], [114], [11], [149], [75], [154], 

[78], [151], [79], [127], [131], [118], [21], [95], [143], [119], [96], [140], [120], [152], 

[121], [150], [98], [22], [122], [99], [100], [166], [145], [107], [24], [111] 

Mental Stressors 

[132], [58], [133], [134], [63,64], [65], [148], [167], [112], [68], [55], [129], [69], [72], 

[139], [168], [74], [75], [116], [53], [154], [77], [117], [169], [126], [80], [81], [123], 

[82], [83], [85], [86], [87], [170], [90], [124], [118], [137], [130], [95], [119], [96], [97], 

[144], [99], [101], [103], [128], [104], [105], [106], [107], [108,109], [111] 

Physical Stressors [57], [61], [72], [154], [77], [84], [171], [22], [107], [111] 

Emotional Stressors [134], [168], [73], [78], [115], [75], [77], [110], [141] 

Driving Stressors [147], [172], [62], [70], [71], [87], [88], [92], [93], [94], [102], [138] 

Daily-life Stressors [60], [153], [116], [53], [77], [52], [96], [23], [107] 

Data collected in laboratory settings typically resulted in higher accuracies compared to data 
collected in natural settings [23], [53,116], [77], [96], while adding context information seemed to 
improve the model performance [53,116]. This difference underscores the challenges of applying lab-
trained models to real-world environments, where unpredictable factors such as ambient noise, 
physical movements, and uncontrolled psychological states reduce the quality of signal detection 
[52,85,131].  

4. Discussion 

4.1 Summary 

The review confirms the widespread application of traditional ML approaches in anxiety 
detection, with SVM being the most prevalent due to its ability to handle high-dimensional datasets 
and achieve high accuracy. Ensemble methods showed competitive results, indicating their 
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effectiveness in combining multiple weak learners for robust predictions. Deep learning methods are 
increasingly popular for both FB and E2E approaches, achieving comparable or superior performance 
to traditional ML models. Widely used datasets like WESAD, SWELL-KN, and SRAD have enabled 
benchmarking and comparative analyses across ML models. Binary classification remains the most 
common approach, often achieving higher accuracies than multiclass classification due to the 
complexity of distinguishing subtle physiological differences across multiple states. However, the 
variations in features employed and model architecture across different studies make it challenging 
to compare across studies and identify the most reliable features or robust models for anxiety 
detection. This observation was supported by reviews in the relevant field, which highlight that no 
single model or feature sets universally outperform others due to diverse experimental conditions 
and participant characteristics [14], [174]. 

Social stressors, particularly those induced by the TSST, dominate the field, as seen in studies 
using the WESAD dataset. These studies often achieve high accuracy because of controlled 
experimental designs and multimodal data collection. Mental stressors are the most represented 
category, with studies employing tasks like SCWT to elicit cognitive stress. Driving stressors provide 
valuable insights into stress detection in semi-wild environments using datasets like SRAD and 
AffectiveROAD. Physical and emotional stressors further expand the scope, with studies focusing on 
tasks like physical exercise and emotional challenge to understand diverse anxiety responses. Lastly, 
there has been increasing interest in translating lab findings and models to in-the-wild data, 
highlighting future directions in anxiety detection for real-life. 

4.2. Key observations 

Comparison between FB and E2E models: The effectiveness of both approaches appears to be 
heavily influenced by dataset size and signal type. For ECG/PPG signals, feature-based methods 
often show superior performance, as demonstrated by Jahanjoo et al. [79], achieving 95.55% accuracy 
using SVM with HRV features. In contrast, E2E methods show promise with EEG data that [124] 
achieved 99.56% accuracy using kNN with PCA-reduced EEG raw data.  

Real-world applications present unique challenges for both approaches. Gjoreski et al. [117] 
showed that while SVM performed well in laboratory conditions (67-71% accuracy), performance 
varied significantly in real-world settings. The study by Naegelin et al. [95] is particularly insightful, 
showing that combining physiological signals with contextual features (like mouse and keyboard 
activity) improved real-world performance, achieving F1 scores of 62.5%. This suggests that hybrid 
approaches, combining both feature engineering and deep learning techniques, might be most 
effective for practical applications. 

FB models demonstrate several key advantages. Their primary strength lies in robustness and 
consistency across different datasets, achieving over 90% accuracy with traditional ML models. They 
allow clear interpretability through feature importance analysis. These models also perform well with 
limited data and require less computational resources. However, FB models face limitations in 
requiring domain expertise for feature engineering. They may also miss complex patterns in raw data 
and need feature redesign for different sensor types, as shown in [112] where model performance 
dropped significantly when transferring between ECG and PPG signals. 

E2E models offer distinct advantages in their ability to automatically learn features from raw 
data. They excel at capturing complex temporal patterns and show remarkable adaptability to 
different input data types, evidenced by Ragav et al. [152] reaching 99.86% accuracy across various 
physiological signals. However, E2E typically require substantial training data, who observed poor 
CNN performance (40-48%) with smaller datasets [134]. E2E models also demand greater 
computational resources and often lack interpretability, as noted by Dziezyc et al. [11]. Lastly, 
Toshnazarov et al. [107] demonstrated their tendency to show performance degradation in real-world 
settings, with accuracy dropping from 76.4% in laboratory conditions to 64.7-70.1% in practical 
applications. 
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Stressors differentiation and generalization: While many reviewed studies incorporated 
multiple stressors as part of their study protocols, it is important to note that majority of these models 
were not specifically designed to evaluate the distinct impact of unique stressors on physiological 
signals. Instead, multiple stressors were grouped together, and these studies did not fine-tune their 
analyses to distinguish between different types of stressors. Understanding the specific effects of each 
stressor could be crucial, as different stressors can elicit varied physiological responses, and 
accurately identifying which stressor is at play could lead to more precise anxiety detection models 
and better-targeted interventions. For example, physical stressors and psychosocial stressors may 
induce different patterns of physiological changes [175] that are important for fine-grained anxiety 
detection and personalization of stress management interventions. By distinguishing between 
stressors, researchers can better understand how different individuals react to specific stress 
conditions, leading to more personalized approaches to anxiety management. Meanwhile, it is still 
essential to recognize the significance of the generalization of anxiety responses across a range of 
conditions to ensure model robustness to detect anxiety in diverse real-world scenarios, where 
multiple types of stressors might be present simultaneously. 

Real-world challenges and model robustness: A significant challenge in anxiety detection 
research is translating laboratory findings to practical, real-world applications. Although laboratory-
based studies often report high accuracy rates, the ML performances generally decline when applied 
to real-world settings [23,53,77,96]. The majority of studies focused on distinguishing between 
baseline and anxious states, which, while effective in controlled lab settings, may not translate well 
to real-world scenarios where multiple affective states are present [60,153]. This aspect of model 
robustness in the presence of diverse affective states has not been thoroughly tested, representing a 
considerable gap in the research for evaluating the testing environment in influencing model 
selection and performance.  

The data quality particularly affects the quality and reliability of in-the-wild data, where factors 
like physical activities, user compliance to protocol, and proper devices handling [176] can 
significantly degrade the ML performance. Wearable sensors could vary in their signal quality and 
are subject to measurement errors, especially during physical activity [177]. Physiological data are 
prone to contamination by artifacts resulting from movement, external noise, and other non-
physiological factors (e.g., fit of wearable devices, ambient temperature and humidity, and device 
maintenance) [178,179]. Effective methods for filtering these artifacts are crucial for separating signals 
from noises to ensure data integrity. Addressing this issue could involve two primary strategies: 1) 
noise reduction by developing methods to remove or minimize noise from the data, and 2) noise-
robust detection by developing methodologies that are inherently robust to the presence of noise. 
Efforts have also been made to discriminate between psychological stressors and physical stressors, 
for instance, by using accelerometer data to categorize the physical activity state during anxiety 
detection [77], [119].  

In-the-wild data also suffers from imbalanced samples due to the nature of data collection that 
results in more non-anxious period compared to anxious events, potentially leading to reduced 
performance [53,60,107,116,153]. Also, the continuous monitoring often resulted in huge dataset with 
thousands of data points and relies on intensive labeling using self-reports for ground truth, while 
semi-supervised learning showed promising for circumvent this dependence on the ground truth 
[153]. Future research should address the lack of in-depth, comprehensive studies in wild settings, 
consider a wider variety of affective states, and focus on increasing the size and diversity of 
participant groups to enhance the generalizability and reliability of anxiety detection models.  

Sample size and generalizability across population: Research often involves relatively 
homogenous participant groups, which may not well represent the diverse population, especially for 
underrepresented minority groups. Many papers emphasized model enhancement, and they relied 
on data from a limited number of participants, often fewer than 20, which restricts the robustness 
and generalizability of their findings. For instance, the study by Han et al. [77], which was limited to 
three participants, yielded an 81% accuracy rate, and two studies by Gjoreski et al. [53,116] were 
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limited to 5 participants each for the in-the-wild conditions. While these papers claimed to boost the 
model performance by considering physical activity as context information, the small sample sizes 
could limit the generalizability to new, unseen data due to overfitting. Most studies in this field 
predominantly involved young, healthy adults, often from similar cultural and ethnic backgrounds. 
This homogeneity fails to capture the variability in physiological and psychological responses to 
stress across different groups. Ages and ethnic factors can influence stress perception and 
physiological responses, potentially impacting the model's performance in a diverse population 
[180]. Likewise, gender differences can play a role in stress responses, with research indicating that 
males and females may exhibit different physiological and psychological reactions to stressors [181]. 
Consequently, models trained predominantly on one gender may perform less effectively when 
applied to the other. 

Individual variability in stress responses: The variability in how anxiety manifests across 
different individuals poses a significant challenge. Genetic factors, personal health history, and 
previous experiences contribute to how one responds to stress [182], [183], making it difficult to 
establish a generalized, one-size-fits-all model for detection. This variability means that physiological 
measures can differ widely among individuals due to factors like trait personality and resilience [31], 
[184]. Additionally, individuals’ physiological responses to stressors may change over time as they 
develop coping mechanisms or due to repeated exposures [185]. Studies need to consider these 
adaptive responses and potentially track changes over extended periods to understand and predict 
anxiety reactions accurately. Anxiety response varies not only across individuals but also within an 
individual over time, depending on health, mood, and external circumstances. This intra-individual 
variability can complicate the interpretation of physiological data. Future research should focus on 
developing adaptive models that learn and adjust to individual baselines dynamically. Incorporating 
longitudinal tracking to continuously update the model based on individual's changing physiological 
and emotional state could provide more accuracy. 

Toward anxiety prediction and intervention: The future of anxiety detection lies in moving 
beyond mere detection toward predicting anxiety onset and developing intervention strategies. 
There is a notable gap in methodologies for predicting anxiety onset. However, promising 
applications in real-time detection, such as virtual reality therapy and HRV biofeedback training 
[186,187], offer avenues to ameliorate anxiety levels. Leveraging existing anxiety detection 
frameworks could significantly enhance the evaluation and improvement of anxiety therapies, 
facilitating coping mechanisms for negative emotions.  

5. Conclusion 

This review paper examined the current state of machine learning methods in anxiety detection, 
revealing the significant advancements as well as the ongoing challenges in the field. The extensive 
review highlights a diverse range of methodologies, from traditional FB models to advanced E2E 
approaches, each with their own set of strengths and limitations. A key observation was the 
progression from traditional FB models toward more advanced FB deep learning models, reflecting 
the research interest toward more sophisticated, data-driven approaches and model architectures. 
The results have shown high accuracy of these models in controlled laboratory settings, while also 
underscoring the need for expanded research in real-world environments to assess and enhance their 
practical applicability. The insights from studies conducted in-the-wild, though limited, have 
revealed a crucial gap in the research and a pressing need for models that can effectively operate 
amidst the complexities of real-life scenarios. The review also highlights the importance of 
understanding the physiological and psychological responses elicited by different types of stressors, 
including social, mental, physical, emotional, driving and daily-life stressors. While many studies 
group stressors into broad binary categories, distinguishing between stressor types can enhance the 
precision of anxiety detection models and support the development of more personalized 
interventions. As the field progresses, future research should focus on improving the robustness, 
versatility, and generalizability of anxiety detection models. Emphasizing real-world applicability, 
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enhancing noise resilience, exploring innovative architectures, and expanding the understanding of 
affective state variability will be key in advancing the field for mental health promotion. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

ANN Artificial Neural Network 
CASE Continuously Annotated Signals of Emotion 
CNN Convolutional Neural Network 
DT Decision Tree 
E2E End-to-End 
ECG Electrocardiogram 
EDA Electrodermal Activity 
EEG Electroencephalogram 
EMG Electromyography 
FB Feature Based 
FCN Fully Convolutional Neural Network 
GCN Graph Convolutional Network 
HF High Frequency 
HPA Hypothalamic–Pituitary–Adrenal axis 
HRV Heart Rate Variability 
IAPS International Affective Picture System 
kNN k-Nearest Neighbors 
LDA Linear Discriminant Analysis 
LF Low Frequency 
LR Linear Regression 
LSTM Long Short-Term Memory 
ML Machine Learning 
MLP Multi-Layer Perceptron 
PPG Photoplethysmography 
RESP Respiration 
RF Random Forest 
RMSSD Root Mean Square of Successive Differences 
RNN Recurrent Neural Network 
SCWT Stroop Color and Word Test 
STAI State-Trait Anxiety Inventory 
SVM Support Vector Machine 
SWELL-KN Smart Reasoning for Well-being at Home and at Work – Knowledge Work 
TEMP Temperature 
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TSST Trier Social Stress Test 
WESAD Wearable Stress and Affect Detection 
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