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Abstract: Early and differential diagnosis of dementia is essential for timely and targeted care. This
study investigated the feasibility of using an artificial intelligence (AI)-based system to discriminate
between different stages and etiologies of dementia by analyzing facial emotions. We collected video
recordings of 64 participants exposed to standardized audio-visual stimuli. Facial emotion features in
terms of valence and arousal were extracted and used to train machine learning models on multiple
classification tasks, including distinguishing individuals with mild cognitive impairment (MCI) and
overt dementia from healthy controls (HC), and differentiating Alzheimer’s disease (AD) from other
types of cognitive impairment. The system achieved a cross-validation accuracy of 76.0% for MCI vs
HC, 73.6% for dementia vs HC, and 64.1% in the three-class classification (MCI vs dementia vs HC).
Among cognitively impaired individuals, 75.4% accuracy was reached in distinguishing AD from
other etiologies. These results demonstrated the potential of AI-driven facial emotion analysis as a
non-invasive tool for early detection of cognitive impairment, and for supporting differential diagnosis
of AD in clinical settings.

Keywords: artificial intelligence; machine learning; facial expression recognition; affective computing;
mild cognitive impairment; dementia; Alzheimer’s disease

1. Introduction
Dementia is a term used to describe a syndrome characterized by a progressive deterioration of

cognitive functions and behavioral disturbances. It is recognized by the World Health Organization
(WHO) as one of the main causes of disability and loss of autonomy in the elderly population at a
global level [1]. Alzheimer’s disease (AD) is the most common form of neurodegenerative dementia,
typically presenting at onset with short-term memory impairment [2]. Less frequent types of dementia
include vascular dementia (VD) [3], frontotemporal dementia (FTD) [4], dementia with Lewy bodies
(DLB) [5], and mixed forms.

Early and differential diagnosis is essential for accessing dementia care and support, as well as
for enrolling individuals in clinical trials. At present, therapeutic approaches are primarily aimed at
providing symptomatic relief [6]. However, the Food and Drug Administration has recently approved
disease-modifying therapies for AD [7,8], showing clinical efficacy only when administered during the
earliest stages of the disease.

From a clinical perspective, Alzheimer’s disease is a progressive continuum that begins with
an asymptomatic phase, progresses to a stage of mild cognitive impairment (MCI), and ultimately
culminates in the onset of overt dementia [9]. In the MCI stage, the first symptoms occur, but most
patients can live independently and their daily activities are not heavily affected. This phase is thus
considered an important time window for detecting and diagnosing cognitive decline at an early stage.
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The diagnosis of MCI and dementia typically relies on a combination of medical history, neu-
ropsychological assessments, neuroimaging, and laboratory tests, which are often costly, invasive,
and require specialized clinical expertise. Therefore, there is a pressing need for the development
of accessible, cost-effective approaches for the early detection of cognitive impairment (CI). In this
context, facial expressions may carry important diagnostic information; altered facial expressivity is
commonly observed in individuals with CI, and these changes tend to differ depending on the type
and stage of dementia [10,11]. This makes the assessment of facial emotional expression potentially
useful for distinguishing between different forms of dementia.

Computer vision approaches, especially deep learning (DL)-based ones, have shown promis-
ing results in analyzing facial expressions to support an early and accurate diagnosis of CI. Some
studies fed facial images into DL models, in an end-to-end fashion. Sun et al. [12] achieved 90.63%
accuracy in distinguishing MCI from healthy controls (HC) with a Multi-branch Classifier-Video
Vision Transformer; they used a subset (83 MCI and 64 HC) of the I-CONECT dataset [13], containing
semi-structured interviews. Umeda-Kameyama et al. [14] reached 92.56% accuracy in CI detection
with an Xception DL model; their dataset encompassed 484 face images (including 121 patients with
AD and 117 HC).

Other studies extracted facial-related features to perform CI detection. Zheng et al. [15] reached a
dementia detection accuracy of 79% with Histogram of Oriented Gradients features; 71% with Action
Units (AUs); and 66% with face mesh features. They used a subset of the PROMPT dataset [16],
including 447 videos of 117 subjects (HC and dementia patients). Particularly of interest are facial
features representing emotions, that not only have shown good performance, but also facilitate model
interpretability for clinicians, since emotional regulation is directly affected by dementia. Fei et al. [17]
extracted categorical emotion features with a DL-based model, and used them to train a Support Vector
Machine (SVM), reaching 73.3% accuracy in distinguishing CI and HC subjects. For their dataset, the
authors enrolled 61 elderly people (36 CI and 25 HC), and developed an interface to record facial
videos while displaying video emotional stimuli. In a previous study of our research group [18], we
proposed a novel approach for CI detection; while our aim was similar to that of [17], we integrated a
dimensional model of affect for a more comprehensive emotion representation, and used standardized
emotion elicitation stimuli for data collection. We achieved 76.7% accuracy in CI detection on facial
videos recorded from 60 subjects (32 CI and 28 HC).

The above mentioned studies focused specifically on MCI or dementia detection, or grouped
together MCI and dementia subjects to perform CI detection. However, very few works in literature
targeted the joint differentiation of different stages of the disease (e.g., MCI and overt dementia), or
different underlying etiologies (e.g., AD and other forms of neurodegenerative condition). A recent
work by Okunishi et al. [19] proposed a methodology to detect MCI and dementia based on AUs,
eight emotion categories, valence-arousal, and face embeddings. By extracting and combining all
these features from video recordings, they achieved 86.2% accuracy on dementia detection and 83.4%
accuracy on MCI detection on a selected subset of the PROMPT dataset [16]. Chu et al. [20] recruited
95 participants (MCI: 41, mild to moderate dementia: 54) and recorded them during the Short Portable
Mental Status Questionnaire process. They performed binary classification of MCI and dementia with
DL models trained on visual and speech features, reaching 76.0% accuracy (88% when excluding
depression and anxiety). On the other hand, Jiang et al. [21] conducted a comprehensive study on
493 individuals (including HC, MCI due to AD, MCI due to other etiologies, dementia due to AD,
dementia due to other etiologies, subjective CI) video-recorded during a passive memory test. Through
facial emotion analysis via DL, the authors were able to differentiate CI participants from HC, but not
to differentiate the underlying etiologies.

Based on our previous experience [18], the aim of this work was to investigate the automatic
detection of both MCI and overt dementia conditions using facial emotion features extracted from
video recordings. Moreover, we also aimed to use our proposed system to automatically discriminate
AD from other forms of cognitive impairment. To the best of our knowledge, this is the first study

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 June 2025 doi:10.20944/preprints202506.1295.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202506.1295.v1
http://creativecommons.org/licenses/by/4.0/


3 of 11

to propose an automated method to differentiate between diverse etiologies of dementia based on
facial emotion analysis from video data. For our analysis, we collected video data from subjects whose
diagnosis was supported by relevant biomarkers, including AD biomarkers in the cerebrospinal fluid.
Our results showed that good detection performance can be reached not only for dementia patients,
but also for MCI patients, and in the discrimination of AD, showing promise for the support to early
and differential diagnosis of dementia.

The remainder of the paper is structured as follows. Section 2 describes the collected dataset,
the architecture of the employed system for CI detection, and the performed experiments; Section 3
presents the experimental results; finally, Section 4 discusses the results and outlines future research
directions.

2. Materials and Methods
2.1. Collected Data

Our dataset encompassed video recordings from subjects exposed to an emotion elicitation video.
The full protocol used for data collection was introduced in [18]. In detail, the emotion elicitation video
was created using images and sounds from two databases widely used in affective stimulation research,
i.e., IAPS (International Affective Picture System [22]) and IADS-2 (International Affective Digitized
Sounds-2 [23]) respectively. This ensured that the employed emotional stimuli were standardized.
Specifically, 28 pairs made of an image and a sound with similar valence and arousal were displayed
in a fixed, randomly selected sequence.

According to the protocol, the subject was positioned in front of a laptop, which simultaneously
showed the emotion elicitation video and recorded the subject’s facial expression via an external
USB webcam (Logitech C920, with 1080p resolution and 30 fps frame rate). A nearby external
Bluetooth speaker was used to ensure high-quality sound output. The experiment was set up using
PsychoPy v2022.2.4 software [24], that enabled the synchronized presentation of emotional stimuli
and simultaneous webcam recording.

The emotion elicitation video lasts about 8 minutes. It starts with a webcam calibration phase of
10 s, and a welcome title displayed for 5.5 s. Then, there is the sequence of 28 audio-visual stimuli:
each trial begins with a 10-second countdown, followed by a 1-second display of a central cross;
subsequently, the image is presented for 6 seconds while the associated sound plays simultaneously.
Once the audiovisual stimuli conclude, the recording stops and a concluding title is displayed for 1
second.

Starting from the data presented in [18], we collected additional video recordings to expand the
database. In this way, we obtained data from a total of 64 participants, among which 28 HC subjects,
26 diagnosed with MCI (13: due to AD; 13: other types), and 10 diagnosed with overt dementia (4:
AD; 6: other types). Diagnoses of AD were based on the NIA-AA (National Institute on Aging and
the Alzheimer’s Association) AT(N) criteria, incorporating biomarkers for amyloid (A), tau (T), and
neurodegeneration (N) [25–27]. Non-AD forms of CI included different etiologies such as FTD, DLB,
VD, mixed or not specified forms; individuals with subjective CI were also included. Diagnoses of
FTD, DLB, VD and other neurocognitive disorders were made based on established diagnostic criteria
specific to each condition [28–31]. The experiments were conducted in a designated room at Molinette
Hospital – A.O.U. Città della Salute e della Scienza di Torino. Table 1 provides a summary of the
demographic characteristics and key clinical information.
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Table 1. Participants’ demographics and key clinical information.

MCI Overt dementia Healthy controls

Number of subjects 26 10 28
Age (mean ±standard

deviation) 68.2 ±9.3 72.9 ±3.8 58.8 ±6.9

Sex (number of
females, %) 10 (38.5%) 6 (60.0%) 14 (50.0%)

Ethnicity Caucasian Caucasian Caucasian
Years of education
(mean ±standard

deviation)
13.7 ±4.6 10.4 ±5.4 15.6 ±4.8

MMSE score (mean
±standard deviation) 25.8 ±3.6 18.8 ±5.5 29.2 ±1.2

MoCA score (mean
±standard deviation) 20.0 ±4.4 14.0 ±3.6 25.4 ±2.2

Differential CI
diagnosis

13: due to AD; 13:
other types 4: AD; 6: other types No cognitive

impairment

Participants with CI were selected from individuals seeking diagnosis of cognitive disorders
at the Center for Alzheimer’s Disease and Related Dementias at the Department of Neuroscience
and Mental Health, A.O.U. Città della Salute e della Scienza University Hospital (Turin, Italy). The
diagnoses and differential diagnoses of CI were performed based on a comprehensive neurological
and neurocognitive evaluation, including neuropsychological testing, brain imaging (MRI and 18F-
fluorodeoxyglucose PET), and lumbar puncture for cerebrospinal fluid biomarker analysis (Aβ42,
Aβ42/Aβ40, total tau, and phosphorylated tau 181).

The classification between MCI and overt dementia subjects was based on the cognitive evalu-
ations conducted by a trained neuropsychologist (A.Ce.), using the Mini-Mental State Examination
(MMSE), the Montreal Cognitive Assessment (MoCA), and assessments of functional independence
through the Activities of Daily Living (ADLs) and Instrumental Activities of Daily Living (IADLs)
scales. Participants with CI were classified as MCI-affected if they met the criteria of MMSE ≥ 20, ADL
= 6/6 and IADL ≥ 6/8. Those with MMSE < 20 or ADL < 6/6 or IADL < 6/8 were categorized as
affected by overt dementia.

On the other hand, HC subjects consisted of volunteers aged between 40 and 80 years. Exclusion
criteria included the presence of neurological or psychiatric disorders, as well as any other condition
that could hinder participation in the experiment (e.g., blindness). HC subjects also underwent
neuropsychological assessment, since eligibility required MMSE ≥ 26/30, ADL = 6/6 and IADL
= 8/8.

2.2. System Architecture and Data Processing

For our experiments, we employed an architecture based on the system presented in [18] and
adapted to perform different CI detection tasks. It is characterized by two subsequent parts: (i) firstly,
it obtains the evolution of the emotions from the collected videos, in terms of valence and arousal; (ii)
secondly, it uses the emotions data to train a machine learning (ML) model for the selected CI detection
task. A scheme of the developed system is illustrated in Figure 1.
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Figure 1. Scheme of the system architecture.

For each video we extracted all frames (∼14k), and we cropped the subject’s face with MediaPipe
[32] Holistic solution, with a 224 × 224 pixels size. Each frame was processed by two pre-trained
Convolutional Neural Networks (CNNs) to perform facial emotion recognition, and estimate valence
and arousal values, respectively. Emotions were therefore represented with a dimensional model, in
particular the circumplex model [33], using a circular space defined by two affect dimensions: valence,
indicating if an emotion is positive or negative, and arousal, indicating its intensity. With respect to
categorical models of emotions (e.g., Ekman’s Basic Emotions model [34] with six basic emotions),
dimensional models can capture all possible emotion nuances.

The CNN models, introduced and detailed in [18], were trained on the AffectNet dataset [35],
showing a performance on valence and arousal prediction comparable to the AffectNet benchmark
[35]. For this reason, also in this work, these CNN models were deemed adequate to be used within our
system for CI detection. The exploration of more complex DL models for facial emotion recognition
was beyond the scope of this paper and is left to future work.

The resulting valence and arousal series were concatenated into a single feature vector, repre-
senting how participants’ emotional states changed over the course of the experiment. These feature
vectors were used to train different classification algorithms (detailed in Section 2.4), according to the
different experiments, as discussed in the following Section.

2.3. Experiments

With the same system pipeline outlined in Section 2.2, we performed five different experiments.

1. CI vs HC. In this experiment, all CI subjects were grouped together and compared with the
HC group by performing a binary classification. This allowed to validate the generalization
capability of the proposed algorithm when tested on this enlarged dataset against that in [18].
The considered dataset included 64 subjects: 36 CI (26 MCI + 10 overt dementia) and 28 HC.

2. MCI vs HC. Among the CI subjects, in this experiment we selected only those clinically diagnosed
as MCI. The objective was to investigate if differences with respect to HC could be spotted also in
the earlier phase of the disease. The considered dataset included 54 subjects: 26 MCI and 28 HC.
We performed binary classification to distinguish these two classes.

3. Dementia vs HC. In contrast to the previous experiment, in this one we selected only overt
dementia patients, to focus on the differences with respect to HC that could be spotted at a later
phase of the disease. The considered dataset included 38 subjects: 10 overt dementia and 28 HC.
We performed binary classification to distinguish these two classes.

4. MCI vs dementia vs HC. In this experiment, we compared the three different classes of subjects,
according to the level of severity of the disease. The considered dataset included 64 subjects:
26 MCI, 10 overt dementia, and 28 HC. We moved from a binary to a multiclass classification
problem to distinguish these three classes. It must be noticed that the dataset was imbalanced
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across classes, as the overt dementia class included fewer subjects compared to the other two
groups.

5. AD vs other types of CI. In this last experiment, the aim was to investigate differences in facial
emotion responses among individuals with different types of CI. Specifically, we grouped together
patients diagnosed with AD, and compared them to the broader group of individuals with other
forms of CI. This approach was motivated by the fact that AD is the most common cause of
dementia, and a differential diagnosis distinguishing AD from other etiologies is of critical clinical
importance. The considered dataset included 36 subjects: 26 MCI (13: due to AD; 13: other types),
and 10 overt dementia (4: AD, 6: other types). We considered two classes: AD (17 subjects),
and other types of CI (19 subjects). We performed binary classification to distinguish these two
classes.

2.4. Model Selection and Evaluation

Machine Learning classifiers were implemented using the scikit-learn Python library [36]. For
binary classification tasks (experiments 1,2,3,5), considering also the limited size of our dataset, we
selected K-Nearest Neighbors (KNN), Logistic Regression (LR), and Support Vector Machine (SVM)
algorithms. KNN was optimized via grid search over the number of neighbors (3, 5, 7) and choice
of distance metric (Euclidean, Manhattan, and Chebyshev). For LR, we applied an L2 regularization
term with the “liblinear” solver, a tolerance for stopping criteria of 10−4, and tuned the inverse of
regularization strength parameter C across a range of powers of 10 from 10−4 to 104. SVM was
configured with a linear kernel, a tolerance of 10−3, and was similarly tuned on the regularization
parameter C, again spanning powers of 10 from 10−4 to 104.

For multiclass classification tasks (experiment 4), the ML models were implemented similarly, with
a few adjustments to accommodate the multiclass setting. The scikit-learn KNN estimator supports
multiclass problems, therefore no modifications were required. For the LR estimator, we changed the
the “liblinear” solver to “lbfgs”, which is able to handle multinomial loss. For the SVM estimator,
multiclass classification is managed using a one-vs-one strategy, so we employed it following the same
procedure as for the binary classification cases.

In order to provide an unbiased estimate of the ML models’ generalization error, we used
the nested cross-validation (NCV) technique. In fact, with datasets of limited size, standard cross-
validation (CV) used for both hyperparameter tuning and performance estimation may produce
over-optimistic results. Instead, NCV uses an inner CV loop to search for the best set of model
parameters, and an outer CV loop to evaluate the final model performance independently. This
separation leads to a less biased and more realistic estimate of the model’s generalization error. In all
our experiments, we performed a 5-fold CV in the outer loop, and a 3-fold CV in the inner loop. To
maintain class distribution consistency across folds, both the outer and inner CV loops used stratified
k-fold cross-validation as implemented in scikit-learn, ensuring that each fold contained approximately
the same class proportions as the original dataset.

This procedure was applied to all the ML models under consideration. The model achieving the
highest average accuracy across the NCV outer folds was selected as the best-performing one. For
this selected model, the optimal set of hyperparameters was determined as the combination most
frequently chosen across the outer folds.

3. Results
The results provided by the different classification experiments involving CI and HC subjects

(experiments 1,2,3,4) are shown in Table 2. In summary, when classifying all CI subjects vs HC subjects,
the best-performing model was a KNN with 73.6% accuracy. Instead, when considering different
stages of CI separately, another KNN model reached the best accuracy of 76.0% in classifying MCI vs
HC subjects; on the other hand, the best accuracy of 73.6% on the classification of dementia and HC
subjects was reached by an SVM model. Lastly, for the multiclass problem MCI vs dementia vs HC, a
cross-validation accuracy of 64.1% was reached by a KNN model.
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Table 2. Cross-validation accuracy for different classification experiments involving CI and HC subjects (mean
±standard deviation)

Experiment Model Parameters Accuracy

CI vs HC KNN 3 neighbors,
Manhattan distance 0.736 ±0.102

LR
L2 penalty,

tolerance=0.0001,
C=0.001

0.623 ±0.139

SVM
linear kernel,

tolerance=0.001,
C=0.01

0.624 ±0.092

MCI vs HC KNN 3 neighbors,
Manhattan distance 0.760 ±0.041

LR
L2 penalty,

tolerance=0.0001,
C=0.001

0.684 ±0.114

SVM
linear kernel,

tolerance=0.001,
C=0.001

0.667 ±0.069

Dementia vs HC KNN 3 neighbors, Euclidean
distance 0.732 ±0.097

LR
L2 penalty,

tolerance=0.0001,
C=0.1

0.654 ±0.145

SVM
linear kernel,

tolerance=0.001,
C=0.0001

0.736 ±0.018

MCI vs dementia vs
HC KNN 5 neighbors,

Manhattan distance 0.641 ±0.103

LR
L2 penalty,

tolerance=0.0001,
C=0.01

0.591 ±0.104

SVM linear kernel,
tolerance=0.001, C=0.1 0.578 ±0.077

Results about the classification between AD and other types of CI (experiment 5) are shown in
Table 3. It can be noticed that the best accuracy of 75.4% was reached by a KNN model.

Table 3. Cross-validation accuracy for the classification of AD versus other types of CI (mean ±standard deviation)

Experiment Model Parameters Accuracy

AD vs other types of
CI KNN 5 neighbors,

Chebyshev distance 0.754 ±0.128

LR
L2 penalty,

tolerance=0.0001,
C=0.0001

0.586 ±0.171

SVM
linear kernel,

tolerance=0.001,
C=0.01

0.643 ±0.090

4. Discussion
The results of our study suggest that our models are capable of distinguishing CI and HC subjects

using exclusively the facial emotion data collected with our protocol (Table 2). With respect to [18]
(reaching 76.7% accuracy for the classification of CI vs HC subjects), the current study was based on an
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enlarged dataset and achieved a still good accuracy of 73.6%, suggesting that the method maintained
good performance despite the increased heterogeneity of the CI population. Nonetheless, further data
collection will allow us to more extensively assess the generalizability of these findings.

The obtained results in CI detection indicate that emotional features extracted from our collected
videos can be an effective tool to support the screening of CI. This further highlights the potential
of investigating the emotional dimension in the context of early diagnosis; this aspect is currently
underexplored in neuropsychological tests such as MMSE and MoCA, but was proved to be informative
also in other literature studies [17–19,21].

When analyzing classification performance across different stages of cognitive decline, i.e., when
considering separately the cases of MCI vs HC, and dementia vs HC, the accuracy was comparable or
even increased with respect to the previous experiment: 76.0% and 73.6%, respectively. The observed
difference in performance between the cases of MCI vs HC (76.0%) and dementia vs HC (73.6%)
should be interpreted with caution, as a more reliable comparison would require the two classes to
have comparable sample sizes; anyway, our results show that the accuracy is still satisfactory when
considering only MCI patients (without the ones with overt dementia). Therefore, our method results
to be promising in supporting the early diagnosis of cognitive impairment, since it is effective not only
with overt dementia, but also in subjects in an earlier stage of CI.

In the multiclass classification of MCI vs dementia vs HC, the accuracy decreased compared to the
binary classification cases (MCI vs HC, and dementia vs HC), yet it remained relatively high (64.1%)
considering the increased complexity of the task. This is not surprising, as distinguishing CI from
HC subjects is generally easier than the more fine-grained differentiation between different stages of
the dementia continuum. Interestingly, this limitation was observed also in studies applying ML to
neuroimaging data for the diagnosis and prognosis of CI and dementia. Indeed, Pellegrini et al. [37]
reported that, although ML methods show acceptable accuracy in distinguishing overt AD from HC,
their performance drops when trying to differentiate MCI from AD, MCI from HC, or for predicting
MCI conversion to AD.

One of the most interesting findings of this study is related to the discrimination of AD vs other
types of CI, reaching a cross-validation accuracy of 75.4% (Table 3). This result is very promising, as it
is likely possible to perform a differential diagnosis of AD in a non-invasive way, by exploiting facial
emotion analysis.

A comprehensive performance comparison with related studies is currently challenging, due to
differences in the video datasets used, the corresponding data collection protocols, and the varying
definitions of the ML classification tasks. A distinguishing feature of the present work, in contrast
to others such as [17,21], lies in the use of an emotion elicitation protocol grounded in standardized,
extensively validated stimuli [22,23], enhancing its facility of adoption and generalizability. Moreover,
our study adopted a dimensional model of emotions, which provides a more comprehensive way of
characterizing affective states compared to the categorical approach used by Fei et al. [17], who also
focused on CI detection based solely on facial emotions. Most importantly, among the strengths of the
study is the availability of well-characterized ground truth classification for CI subjects. Unlike other
studies, in which the type of CI of the subjects was often assumed and not properly confirmed [14,20],
in our study the diagnosis process was based on a comprehensive evaluation, as explained in Section
2.1, and AD diagnoses were supported by biomarkers from cerebrospinal fluid.

While the experimental results were promising, this study presents some limitations. First of all,
the collected dataset had a limited sample size (64 participants), all of Caucasian ethnicity and recruited
from a single clinical center within a specific setting. To validate the generalization capability of the
presented results, in the future we aim to collect data from more subjects, possibly including diverse
ethnicities, and in a multicenter perspective. Secondly, the dataset was not balanced in all the classes,
since the dementia class included less subjects than the MCI and the HC classes. This imbalance
resulted from the recruitment process: patients were enrolled based on eligibility criteria during their
visits to our Center for Alzheimer’s Disease and Related Dementias, without prior knowledge of
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their clinical diagnosis. More experiments could be performed in the future, when more data will be
collected, and more advanced techniques to deal with class imbalance could be explored.

In addition, the overall system performance was largely influenced by the method used to extract
facial emotion features, which still offers room for performance improvement and could contribute
to an even more precise encoding of emotional information. Therefore, future research directions
include the exploration of more complex DL architectures that demonstrated good performance in
facial emotion recognition tasks, such as attention mechanisms [38,39]. Moreover, we would like to
investigate the integration of more facial features beyond valence and arousal, as the combination of
multiple feature types was shown to be effective in previous studies [19].
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