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Abstract: We conducted a series of experiments using the Emognition dataset, comprising physio-

logical and video data of human subjects expressing various emotions, to investigate a personalized 

approach to affective computing. For the 10 individuals in the dataset with a sufficient representa-

tion of at least two ground truth emotion labels, we trained a personalized version of three classical 

ML models (k-nearest neighbors, random forests, and a dense neural network) on a set of 51 features 

extracted from each video frame. We ensured that all the frames used to train the models occurred 

earlier in the video than the frames used to test the model. We measured the importance of each 

facial feature for all the personalized models and observed differing ranked lists of the top features 

across the subjects, highlighting the need for model personalization. We then compared the person-

alized models against a generalized model trained using data from all 10 subjects. The mean F1 

scores for the personalized models, specifically for the k-nearest neighbors, random forest, and 

dense neural network, were 90.48%, 92.66%, and 86.40%, respectively. In contrast, the mean F1 

scores for the generic models, using the same ML techniques, were 88.55%, 91.78% and 80.42%, re-

spectively, when trained on data from various human subjects and evaluated using the same test 

set. The personalized models outperformed the generalized models for 7 out of the 10 subjects. The 

PCA analyses on the remaining three subjects revealed relatively little facial configuration differ-

ences across the emotion labels within each subject, suggesting that personalized ML will fail when 

the variation among data points within a subject’s data is too low. This preliminary feasibility study 

demonstrates the potential as well as the ongoing challenges with implementing personalized mod-

els which predict highly subjective outcomes like emotion. 
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1. Introduction 

Emotion recognition is vital in fields like marketing, human–robot interaction, 

healthcare, mental health monitoring, and security [1]. In healthcare, affective computing 

is crucial for understanding various neurological disorders, including sleep disorders [2], 

schizophrenia [3], sleep quality assessment [4], autism spectrum disorder [5, 6], and Par-

kinson’s disease [7-9]. Emotions are also significant in identifying physiological states like 

fatigue, drowsiness, depression, and pain [10-12]. Emotions may be conveyed through a 

combination of facial expressions, vocalizations, gestures, and body movements [13-15]. 

This multifaceted nature of emotional expression underlines the complexity in accurately 

capturing and interpreting emotions through technology. Many existing works in this 

area rely on a one-size-fits-all emotion recognition computer vision model. However, this 

approach may overlook individual variations in emotional expressions and could result 

in less accurate assessments for certain individuals. Additionally, factors such as cultural 

disparities, age, and personal characteristics can influence emotional expression, posing 

further challenges to the effectiveness of the generic model. 
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Personalized models, or the creation of a separate AI model per person, offer the ad-

vantage of tailoring the emotional assessment and therapy process to each individual’s 

unique facial dynamics. Prior work has demonstrated that personalization can enhance 

the performance of emotion recognition systems [16-18]. Personalized ML techniques 

have the potential to unlock more precise and context-aware emotion recognition capabil-

ities compared to the traditional paradigm of using generic models. 

Here, we study the personalization of emotion recognition models using a video da-

taset called Emognition. As a stride towards making our models explainable, we focus in 

this paper on the feature extraction of interpretable facial features fed into classical ML 

models rather than using convolutional neural networks (CNNs) to automatically learn 

complex features. We train separate models per human subject and evaluate on that indi-

vidual’s data, ensuring that all data in the training set occur earlier temporally than the 

evaluation set. Our findings demonstrate that the personalized models consistently out-

perform their baseline counterparts, which rely on data from other subjects within the 

dataset. This suggests the potential advantages of model personalization in optimizing 

the performance of applications requiring intricate and potentially subjective automated 

assessments for end-users. The implications of our study extend to domains where nu-

anced and individualized predictions play a crucial role in enhancing user experience and 

outcomes. 

2. Prior Work and Background 

In the field of digital health, facial emotion recognition has emerged as a focal point 

of research, presenting an array of applications across various health domains [19-21]. 

One family of approaches to building affective computing models involves the ex-

traction of domain-specific features which are fed as input into classical ML models. For 

example, the local binary pattern (LBP) method transforms an image into a configuration 

of micro-patterns [22, 23]. In 2009, Shan et al. [24] evaluated the effectiveness of LBP fea-

tures in recognizing expressions. The results of the experiment confirmed that LBP fea-

tures possess a certain level of efficiency. However, despite their usefulness, facial expres-

sion recognition methods based on LBP also suffer from challenges including low accu-

racy in recognition and vulnerability to interference [25]. Another feature extraction ap-

proach involves the use of Histogram of Oriented Gradients (HoG) features to recognize 

facial expressions. In Dahmane et al.’s study, a combination of feature extractors, such as 

LBP, PCA, and HoG, was used together with a SVM classifier to categorize static face im-

ages into six distinct emotions [26]. In a study conducted in 2012, Satiyan et al. [27] used 

Haar wavelet features along with multiscale analysis and statistical analysis to recognize 

facial expressions. However, the use of Haar-based facial expression recognition presents 

challenges, including a high rate of false recognition and the incomplete extraction of fa-

cial expression information. Another method called scale-invariant feature transform 

(SIFT) was used by Soyel et al. [28] in 2011 to describe face pose and achieve expression 

recognition through the extraction of principal component information using singular 

value decomposition (SVD). Nevertheless, using the SIFT-based method for expression 

recognition faces obstacles such as limited computational efficiency and vulnerability to 

dimensionality problems. 

An alternative strategy for recognizing facial expressions involves deep learning. In 

2006, Hinton introduced the layer-by-layer training approach to tackle the complex task 

of training neural networks with multiple layers [29]. As a result, robust open-source 

learning frameworks such as Torch, Caffe, Deep Learn Toolbox, and Cxxnet were created, 

supported by substantial contributions from researchers and institutions. Deep learning 

has the capability to approximate high-dimensional data spaces, making it well suited for 

learning intricate functions and extracting high-dimensional feature representations from 

images. While initially used for object image classification, deep learning has gradually 

found applications in face recognition as well [15, 30, 31]. 
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In 2016, Zhang and colleagues presented a new method for recognizing facial expres-

sions that are invariant to attitude. Their approach involved combining deep learning 

techniques, a principal component analysis network, and CNN. Through extensive exper-

iments on two publicly available databases, they demonstrated substantial enhancements 

in their method compared to traditional techniques used for expression recognition [32]. 

In 2017, Zhang [33] introduced in their study an algorithm for extracting facial expressions 

using deep learning. They conducted an analysis of the existing approaches in this field 

and compared different methods. The findings revealed that deep learning techniques ex-

cel at extracting hierarchical features and leveraging them for image classification based 

on expressions. Consequently, these methods significantly improve the recognition accu-

racy when compared to conventional approaches [34-36]. 

Several research studies rely on facial images as a primary focus. For instance, Wells 

et al. [37] used transfer learning for emotion recognition with a MobileNet model. The 

experimental outcomes demonstrated an accuracy of 89% and an F1 score of 87%. Simi-

larly in 2022, Ahmed et al. [38] used three pre-trained models, including MobileNet, Xcep-

tion, and Inception V3, to detect ASD based on facial features. The accuracies were 95%, 

94%, and 89% for MobileNet, Xception, and Inception, respectively. Another study by Ak-

ter et al. in 2021 [39] enhanced MobileNet V1 by adding layers to improve performance, 

achieving a classification accuracy of 90.67%. 

Various studies have also analyzed the facial images of autistic children for diverse 

purposes. For example, in 2021, Banire et al. [40] developed a deep learning (DL) model 

to recognize attention from facial analysis, achieving an 88.89% accuracy and 53.1% in 

terms of the ACC and AUC, respectively. Washington et al. [41] conducted a study on 

automated emotion classification for children using a gamified approach with the Guess-

What smartphone game. The resulting extensive pediatric emotion-centric database facil-

itated the training of a CNN classifier, achieving a balanced accuracy of 66.9% and an F1 

score of 67.4% on the entire dataset (CAFE). Notably, in a subset with at least 60% human 

agreement, the classifier achieved a 79.1% balanced accuracy and a 78.0% F1 score, show-

casing significant improvements over previous classifiers. Kalantarian et al. [42] con-

ducted a study evaluating the suitability of off-the-shelf emotion classifiers from Mi-

crosoft, Amazon, Google, and Sighthound for pediatric populations, specifically children 

with parent-reported ASD. Using the GuessWhat mobile game, 21 children with ASD en-

gaged in social interactions, producing 2602 emotive frames for evaluation. The study re-

vealed that while these classifiers performed well for happy emotions, their accuracy was 

notably poor for other emotions, indicating a need for improved training data before in-

tegrating them into AI-enabled therapeutics for autistic individuals. In the context of chil-

dren with ASD, several other studies use DL and CNN for diagnosis based on facial anal-

ysis. In 2020, Beary et al. [43] introduced a DL model to classify children as normal or 

potentially autistic, achieving an accuracy of 94.6% using the pre-trained MobileNet 

model. In 2021, Nagy et al. [44] compared the accuracy of responses to six emotions (neu-

tral, sad, disgust, anger, fear, and surprise) in normal and autistic children under non-

timed and timed conditions. The results indicated that children with autism are less accu-

rate in identifying surprise and anger compared to their neurotypical counterparts. For 

more comprehensive insights into emotion recognition among individuals with ASD, 

more expansive review papers, such as that by Rashidan et al. [45], provide detailed in-

formation. 

Researchers have advocated diverse architectural modifications to CNNs, such as by 

incorporating the integration of attention mechanisms [46]. The visual attention mecha-

nism enables models to concentrate on specific image regions, enhancing the overall per-

formance. Taking inspiration from the triumph of transformer networks in natural lan-

guage processing (NLP), vision transformers have been introduced. Prominent among 

these large transformer-based models are ViT [47], Swin [48], MobileViT [49], BiT [50], and 

ConvNeXt [51]. Vision transformers use attention mechanisms to encompass global con-

text and extract intricate features from image patches. Consequently, they emerge as a 
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promising alternative to CNNs, surmounting their challenges in feature position encod-

ing. 

Some research endeavors have harnessed transfer learning with contemporary pre-

trained vision transformers for ASD diagnosis. Developments in this realm involve the 

utilization of VGG [52-54] and ResNet [55, 56] for ASD diagnosis. 

The DEAP database [57], compiled by researchers including Koelstra from various 

universities, serves as a valuable resource for studying human emotional states through 

multi-channel data. This publicly available database contains recordings of EEG signals 

and physiological signals (PPS) from 32 subjects. Researchers frequently use DEAP to ex-

plore and analyze the intricate aspects of human emotions. Tang et al. [58] and Yin et al. 

[59] are two additional studies that used a multimodal approach to emotion recognition. 

Both studies used deep neural networks in conjunction with the DEAP dataset, which 

encompasses various modalities of data such as EEG signals and physiological signals. By 

leveraging these multimodal data sources, Tang et al. and Yin et al. aimed to enhance the 

accuracy and robustness of their emotion recognition systems. The eNTERFACE’05 da-

taset [60] is a widely used benchmark dataset in the field of facial expression analysis and 

emotion recognition [61] [62]. 

Building on the foundations laid by previous research in emotion recognition, our 

study introduces a novel approach by focusing on the personalization of video analysis 

using classical ML models based on PCA features. This strategy diverges from conven-

tional deep learning methods, presenting a distinct advantage by requiring less training 

data. This creates a more feasible option in scenarios with limited data availability. More-

over, PCA-based models, characterized by their reduced parameter count, are ideally 

suited for integration into compact health monitoring devices such as those used for dig-

ital interventions for ASD. Such an approach not only ensures computational efficiency 

but also enhances the interpretability of models, a key aspect of human-centered AI for 

healthcare. 

3. Methods 

In our study, we developed personalized emotion recognition models, as depicted in 

Figure 1, targeting a specific subset of subjects from the Emognition dataset. 

 

Figure 1. Personalized vs. generic model workflow. In addition to training a traditional one-size-

fits-all model, we propose the development of a single model per individual. While we evaluate this 

procedure for affective computing, this paradigm can be applied to precision health more broadly. 

We trained three distinct ML models: k-nearest neighbors (KNN), random forest 

(RF), and a dense neural network (DNN). Each of these models was applied to analyze 51 

extracted facial features from each video frame, ensuring a comprehensive approach to 
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interpreting facial expressions. The facial features were carefully chosen for their inter-

pretability and relevance in conveying emotional states. These features include key facial 

landmarks, expressions, and orientations, which are pivotal in differentiating between 

various emotions. 

3.1. Emognition Dataset 

The Emognition dataset [63] encompasses data from 43 subjects aged between 19 and 

29, including 21 females, who were exposed to emotionally stimulating film clips specifi-

cally designed to evoke nine distinct emotions (Table 1). The short film clips were chosen 

from databases with established reliability and validity for eliciting targeted emotions. 

The duration of each clip is typically short, often ranging from a few seconds to a few 

minutes, to maintain participant engagement and ensure a focused emotional response. 

These selections were made based on prior research indicating their effectiveness in evok-

ing specific emotional responses. Facial features were automatically extracted using the 

OpenFace toolkit [64] (version 2.2.0, default parameters) and Quantum Sense software 

(Research Edition 2017, Quantum CX, Gdynia, Poland). The OpenFace library provides 

essential facial landmark points and Action Units’ values while the Quantum Sense soft-

ware identifies fundamental emotions including neutral, anger, disgust, happiness, sad-

ness, surprise (Table 1), and head pose. The ground truth for emotions was determined 

through participant self-selection from a pool of nine emotions: amusement, anger, awe, 

disgust, enthusiasm, fear, liking, sadness, and surprise, alongside assessments of valence, 

arousal, and motivation. 

Table 1. The discrepancy between the emotions evoked (actual) for one demonstrative subject vs. 

the emotional stimulus provided (prompt). We use the emotions evoked for our ground truth labels. 

  Prompt 

 

Actual 

Amusement Anger Awe Disgust Enthusiasm Fear Liking Neutral Sadness Surprise 

Anger 0 0 0 0 0 3 0 0 0 0 

Disgust 0 0 0 0 0 0 0 0 0 0 

Sadness 398 213 135 227 87 111 128 1812 9 159 

Neutral 6766 6752 6822 3339 7036 6993 6541 5468 7126 966 

Surprise 0 37 0 0 0 116 1 0 0 0 

Happiness 40 198 0 495 29 0 6 0 0 1832 

We initially considered all 43 subjects from the Emognition dataset. However, a crit-

ical challenge we faced was the uneven distribution and scarcity of emotion labels across 

different subjects. A significant number of subjects predominantly displayed neutral ex-

pressions, leading to an inadequate representation of diverse emotions necessary even for 

binary classification. To address this, we established specific selection criteria, prioritizing 

subjects with a balanced and sufficient number of emotion labels. This process led us to 

focus on 10 subjects whose data not only met our criteria for label balance but also offered 

a fair representation of at least two distinct emotions. This decision was pivotal in ensur-

ing the effectiveness and accuracy of our emotion recognition analysis, albeit at the cost 

of reducing our sample size. The selection of these 10 subjects was imperative for main-

taining the integrity of our classification task, as it provided a more reliable and repre-

sentative dataset for recognizing and differentiating emotional states. Because the ≥2 emo-

tions available in the dataset varied across these 10 subjects, we performed different clas-

sification tasks based on the label population for each emotion, ranging from binary clas-

sification to the classification of all six emotion labels. 
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3.2. Data Preprocessing and Arrangement 

We observed varying elicited emotional expressions across subjects. For example, 

some individuals had no labels for certain emotion stimulus videos (e.g., no anger labels 

for anger video, no surprise label for surprise video, etc.), indicating insufficient facial 

expression stimulation. This disparity in label counts suggests that the threshold and man-

ner of eliciting each emotion differ between individuals. The distribution of labels for each 

emotion across 9 stimulus videos and a neutral video for one demonstrative subject (no. 

22) is shown in Table 1. 

Notably, there were no labels for anger, surprise, and disgust emotions in subject 22′s 

respective video stimulus experiments. Additionally, the dataset contained only a few la-

bels for anger and no labels for disgust at all, presenting challenges in achieving a bal-

anced dataset for training and classification. To address this challenge, we created sepa-

rate models for specific recognition tasks. To overcome the label imbalance, we collected 

all emotion labels specific to each discrete emotion from several video stimulus experi-

ments into a single dataset for training each subject’s model. To mitigate the impact of 

imbalanced label distribution, we carefully curated emotions with a substantial number 

of labels for accurate and unbiased classification results. For example, for subject no. 22, 

we trained a model to only recognize sadness, neutral, and happiness, which were the 

only well-represented labels for this subject. To ensure a robust analysis, we sampled a 

reduced balanced subset of 1600 instances for each of the emotions for ML model training. 

In contrast, for generic models, we consolidated data across all subjects, creating a 

“one-size-fits-all” dataset. This dataset was used to train generalized models that served 

as a baseline for comparison against the personalized models. The models were trained 

on combinations of emotions that were adequately represented across the dataset, provid-

ing a holistic view of emotion recognition across a varied population. We trained a sepa-

rate model for each combination of emotions sufficiently represented by a subject (e.g., a 

one-size-fits-all model for happy vs. sad vs. neutral, a one-size-fits-all model for happy vs. 

neutral, etc.). 

3.3. Feature Extraction and Selection 

As a stride towards the development of interpretable models, we identified eye gaze, 

eye landmarks, pose landmarks, and Action Unit (AU) features which displayed the most 

predictive saliency. Eye gaze and landmarks consist of x, y, and z components. We aggre-

gated features by calculating the mean values of each feature within each positional direc-

tion, resulting in a single combined feature value. To normalize the data, we implemented 

z-score standardization. 

A pairwise feature correlation matrix for a demonstrative user (Figure 2) uncovered 

complex data relationships, including noticeable linear and nonlinear associations be-

tween various pairs of variables, such as the average y-axis coordination values of pose 

and eye landmarks. 
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Figure 2. Pairwise feature correlation matrix for a demonstrative subject. We plot each feature value 

against every other feature to observe correlations between features. 

We applied principal component analysis (PCA) to the features and color-coded each 

data point (i.e., video frame) based on the corresponding emotion (Figure 3 displays a 

demonstrative example for 2 subjects). When comparing the plots for both the personal-

ized dataset (one individual) and the generic dataset (all ten individuals), we observed a 

clear difference in the separation of data points relevant to each emotion class. We observe 

that the personalized dataset consistently yielded a better cluster visualization compared 

to the generic model, suggesting the potential of the downstream ML models to result in 

superior performance. 

  
(a) (b) 



Appl. Sci. 2024, 14, x FOR PEER REVIEW 8 of 22 
 

  
(c) (d) 

Figure 3. PCA visualizations of the personalized dataset for two subjects (a,c) as well as the corre-

sponding generalized dataset (b,d). 

3.4. Model Selection and Evaluation 

We performed a nested cross-validation procedure to simultaneously optimize hy-

perparameters and assess each classifier’s performance. We performed hyperparameter 

tuning using grid search with an inner cross-validation of 5 folds. The best model for each 

classifier was selected based on evaluating different sets of hyperparameters, and its per-

formance was evaluated on the test data using 10-fold outer cross-validation. This process 

ensured rigorous optimization of the classifier and complete assessment of its classifica-

tion performance. We used both AUC—ROC and F1 score as our primary evaluation met-

rics in a one-vs-rest multiclass approach. 

4. Results 

We conducted a comprehensive evaluation of the KNN, RF, and DNN models, com-

paring the personalized and generalized versions of each model. In the personalized ex-

periment, the KNN model achieved an average F1 score of 0.904, while in the generic ex-

periment, it attained an average F1 score of 0.885. Similarly, the RF yielded average F1 

scores of 0.926 and 0.917 in the personalized and generic experiments, respectively, while 

the MLP classifier obtained average F1 scores of 0.864 and 0.804 for the personalized and 

generic experiments, respectively. 

We directly compare the F1 score of the personalized vs. generic models for all 10 

subjects (Table 2). The personalized ML approach outperformed the general-purpose 

models for emotion recognition in 7 out of the 10 individuals. 

Table 2. Overall performance (F1 score) of the models in both personalized and generic approaches 

on the same evaluation task. Subjects whose performance in the personalized model was lower than 

for the generic model are highlighted in red. 

Subject 
F1 Score (Personalized Models) F1 Score (Generic Models) 

KNN RF DNN KNN RF DNN 

No. 22 93.1% 95.3% 88.2% 86.9% 91.4% 76.7% 

No. 25 89.3% 91.5% 83.4% 88.0% 92.0% 81.2% 
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No. 28 96.6% 97.8% 93.7% 88.5% 92.7% 82.9% 

No. 29 83.6% 86.3% 78.6% 90.0% 92.0% 84.4% 

No. 32 93.4% 95.1% 91.8% 92.6% 95.0% 88.0% 

No. 39 87.2% 90.0% 83.8% 92.1% 94.0% 87.0% 

No. 40 99.6% 99.9% 97.2% 88.3% 91.0% 78.4% 

No. 42 93.2% 94.7% 89.9% 87.2% 91.6% 78.0% 

No. 45 82.5% 86.3% 73.3% 82.2% 87.1% 63.9% 

No. 48 86.3% 89.7% 84.1% 89.7% 91.0% 83.7% 

Analyzing the ROC curves and confusion matrices for a demonstrative subject (no. 

22) provides insights into the personalized models’ classification capabilities (Figure 4). 

Retaining the best hyperparameter combinations aided in identifying the optimal settings 

and understanding the model’s behavior. 

  
(a) 

  
(b) 
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(c) 

Figure 4. Confusion matrices and ROC curves for 3 separate models, (a) KNN, (b) RF, and (c) DNN, 

each trained and evaluated on a demonstrative subject, no. 22. 

In certain instances, the performance of the personalized models did not surpass that 

of the generic models (Table 2). To investigate this discrepancy, we analyzed the PCA plots 

for these individuals. The PCA plots revealed that the data points representing perticular 

emotional states did not form distinct clusters for these subjects, especially with respect 

to the separation of the generalized dataset containing data from all 10 subjects (e.g., Fig-

ure 5). Consequently, it is foreseeable that personalized models might encounter difficulty 

in accurately discerning individual emotional states compared to generic models in cases 

where the individual makes relatively little variation in their facial movement across emo-

tions. The enhanced performance of generalized models in cases where subjects show lit-

tle variation in emotional expressions can be attributed to their training on a more diverse 

range of data, which helps in better recognizing subtle emotional differences. Personalized 

models may struggle with these subtleties due to overfitting to specific, non-distinct fea-

tures. Additionally, generalized models, being less sensitive to individual variability and 

noise in the data, can more effectively handle such minimal expression differences. 

  
(a) (b) 
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Figure 5. PCA plot for subject 39’s data (a) compared against a PCA plot for generalized dataset (b). 

In (a), the PCA scatter plot shows a blend of data points for “happy” and “neutral” emotional states, 

indicating a significant overlap and lack of clear separability in the personalized dataset. Con-

versely, (b) demonstrates a clearer distinction between the two emotional states in the generalized 

dataset. This comparison underlines the reason for the observed lack of performance improvement 

in emotion classification for this subject when using a personalized approach as opposed to a gen-

eralized one. 

To explore the most salient features contributing to precise emotion classification, we 

computed the impurity-based importance of each feature of the RF model. This feature 

ranking approach inherently accounts for the correlations and complex nonlinear rela-

tionships between features. We plot the impurity-based importance of each feature in Fig-

ure 6 for a demonstrative set of three users whose ML models were all trained to predict 

happy vs. neutral. We observe that the top-ranked features across subjects vastly differ, 

further supporting the need for model personalization in affective computing. 

  
(a) (b) 

 
(c) 
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Figure 6. Impurity-based importance of each facial feature according to the RF model for 3 subjects’ 

personalized models. The model for all 3 subjects is predicting happy vs. neutral. 

Table 3. Overall performance of the generic and personalized models. 

Model Data Type Dataset Metric  Value 

Ours-Generic 

Pose/Facial Land-

marks 
Emognition F1 score 

KNN 88.50% 

RF 91.78% 

DNN 80.42% 

Ours-Personalized 

KNN 90.48% 

RF 92.66% 

DNN 86.40% 

We contextualize our findings (Table 3) by highlighting emotion recognition perfor-

mances achieved in some notable prior works. We emphasize, however, that these efforts 

did not use the Emognition dataset that was central to our study, preventing us from mak-

ing a direct comparison. Koelstra’s study achieved a 61.5% accuracy on the DEAP dataset 

using EEG and physiological signals (PPS), employing traditional signal processing tech-

niques. Tang and Yin’s work, also on the DEAP dataset, attained an 83.5% accuracy using 

deep learning models that integrated EEG and PPS data, highlighting the efficacy of mul-

timodal deep learning approaches. Nguyen’s study achieved a notable 90.85% accuracy 

on the eNTER-FACE’05 dataset, utilizing a combination of speech data and facial images, 

thereby demonstrating the potential of integrating auditory and visual cues. Zhang, using 

a similar dataset, achieved an accuracy of 85.97% with a focus on advanced facial expres-

sion analysis techniques. In contrast, our work with the Emognition dataset, primarily 

using Pose/Facial Landmarks data, yielded accuracies of 88.50% (KNN), 91.78% (RF), and 

80.42% (DNN) for the generic models. Our personalized models further improved these 

figures to 90.48%, 92.66%, and 86.40%, respectively. 

5. Discussion 

In most cases, the personalized ML approach demonstrated a slightly stronger ability 

to distinguish the nuances of each subject’s emotion expressions compared to the general-

purpose models. In cases where an improved performance was not observed for a subject, 

the PCA revealed a lack of sufficient data separation for the subject’s expressions with 

respect to the general-purpose models. These results support the effectiveness of the per-

sonalized ML approach in classifying emotions and highlight its potential for further ad-

vancements in the field of emotion recognition. While our examination focused on model 

personalization within the field of affective computing, this approach can be extended to 

various precision health tasks where a specific characteristic (e.g., predicting stress levels 

[9, 15, 65, 66]) needs to be recurrently predicted for an individual user. 

Although convolutional neural networks and vision transformers offer the possibil-

ity of better performance gains, we deliberately opted to use classical ML methods to pri-

oritize the interpretability of our ML models. While these state-of-the-art models have 

demonstrated remarkable success in image recognition, their complex architecture often 

renders them as “black-box” models, making it challenging to interpret and understand 

the learned features influencing their predictions. By contrast, the automatic feature ex-

traction we performed enabled us to inspect and comprehend the specific facial features 

that contribute to emotion recognition between subjects. Notably, we learned that the top 

facial features in the personalized models differed across subjects, highlighting the need 

for personalized ML. 

Our study, while demonstrating promise for the personalized learning of relatively 

subjective tasks like affective computing, contains several limitations and can therefore 

only be considered as a feasibility study. We evaluated our method on only 10 subjects. 
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While this experimental paradigm can be viewed as 10 independent N = 1 studies, we 

hope to expand this set of experiments in future work to more and larger datasets. 

Both the evocation and understanding of emotional expressions play a crucial role in 

detecting certain types of developmental disorders. For instance, ASD affects almost 1 in 

44 people in America [67], and it is the fastest-growing developmental disorder in the 

United States [68, 69]. ASD is a multifaceted neuropsychiatric disorder that appears in 

diverse phenotypic forms. Children with autism tend to evoke emotions differently to 

their neurotypical peers, and they find it challenging to identify facial expressions con-

veyed by other individuals [70-72]. To improve the social communication of children with 

ASD, a variety of AI-powered mobile digital therapeutics have been developed which tar-

get emotion expression in particular [73-75]. These digital health innovations consist of 

smartphone apps and wearable devices that enable families to provide therapy in the com-

fort of their home setting with the ability to customize the intervention structure to suit 

their child’s needs [76-79]. For example, Superpower Glass [76, 77] is an artificial-intelli-

gence (AI)-powered digital therapeutic designed to aid children in understanding emo-

tion evocations by conversation partners by providing real-time feedback from a facial 

expression recognition model. The therapeutic operates on a Google Glass connected to a 

smartphone and provides real-time social cues to children with ASD. “Guess What” [75] 

is another digital therapy encouraging, among other therapeutic behaviors, increased 

emotion expression using a Charades-style mobile game. Although considerable progress 

has been made in providing sensitive and specific emotion expression feedback to chil-

dren using such digital health therapeutics, there remain several technical challenges that 

must be addressed to facilitate near-perfect performance. 

Importantly, this study serves as a preliminary feasibility study, laying the ground-

work for future work where we aim to apply these methodologies to a dataset collected 

from individuals with ASD. The success of our approach with the current non-ASD da-

taset bolsters our plan to replicate this experiment with a similar quality dataset from ASD 

individuals, thereby extending our study into more specialized and clinically relevant do-

mains. An especially promising avenue of future work is the exploration of self-super-

vised pre-training to enhance the personalization capabilities of deep learning models. By 

pre-training deep learning models on large and diverse datasets using self-supervised 

learning, each personalized model can learn the baseline dynamics of each individual’s 

face without any training labels. These pre-trained models can then be fine-tuned with 

relatively few labeled examples. We note that this self-supervised learning paradigm 

would only be possible with a deep learning model rather than the classical ML ap-

proaches we present. There is a clear tradeoff between interpretability and performance. 

The scalability and generalizability of personalized emotion recognition models to 

larger datasets and diverse populations is a crucial aspect in assessing their robustness 

and practical applicability. Personalized models, while highly effective in tailored scenar-

ios, face challenges in scalability due to their inherent design for specific individuals’ emo-

tional patterns. Generalizing these models to broader populations involves addressing 

variations in emotional expression across different demographics and cultures. Studies 

have shown that factors like cultural background and individual differences significantly 

impact emotional expressions and recognition [80, 81]. This variability poses a challenge 

for personalized models when applied to a more heterogeneous group. Furthermore, 

scalability in terms of the dataset size can affect the model’s performance, as training on 

larger datasets might introduce a higher degree of variability and potential noise [82]. It 

is essential to consider these factors when expanding the scope of personalized models to 

ensure their effectiveness and reliability in diverse real-world applications. 

The integration of real-time emotion recognition models in mobile health (mHealth) 

applications poses significant challenges, necessitating advancements in processing 

speed, energy efficiency, and system compatibility. Baltrušaitis et al. [83] emphasize the 

importance of rapid processing for real-time interaction, a critical aspect for responsive 

healthcare applications. Concurrently, energy efficiency, as explored by Kumar et al. [84], 
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is paramount in mobile contexts to mitigate power consumption constraints. Furthermore, 

seamless integration with existing mHealth platforms, as discussed by Luxton [85], raises 

considerations around compatibility, data privacy, and user experience. Addressing these 

challenges is essential for the effective deployment of emotion recognition technologies in 

real-world mHealth scenarios. 

6. Conclusions 

The reliability of personalized models stems from their ability to continuously learn 

and adapt to the evolving emotional expression patterns of the individual user. They are 

often dynamic, incorporating feedback and new data over time to refine their predictions. 

In contrast, general models, while robust in diverse scenarios, may not offer the same level 

of ongoing customization and therefore might not be as reliable in capturing the subtle 

changes in an individual’s emotional expressions over time. 
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