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Abstract

Altered facial expressivity is frequently recognized in cognitively impaired individuals.
This makes facial emotion identification a promising tool with which to support the diagnos-
tic process. We propose a novel, non-invasive approach for detecting cognitive impairment
based on facial emotion analysis. We design a protocol for emotion elicitation using visual
and auditory standardized stimuli. We collect facial emotion video recordings from 32
cognitively impaired and 28 healthy control subjects. To track the evolution of emotions
during the experiment, we train a deep convolutional neural network on the AffectNet
dataset for emotion recognition from facial images. Emotions are described using a di-
mensional affect model, namely the continuous dimensions of valence and arousal, rather
than discrete categories, enabling a more nuanced analysis. The collected facial emotion
data are used to train a classifier to distinguish cognitively impaired and healthy subjects.
Our k-nearest neighbors model achieves a cross-validation accuracy of 76.7%, demonstrat-
ing the feasibility of automatic cognitive impairment detection from facial expressions.
These results highlight the potential of facial expressions as early markers of cognitive
impairment, which could enhance non-invasive screening methods for early diagnosis.

Keywords: artificial intelligence; cognitive impairment detection; dementia; facial emotion
recognition; mild cognitive impairment

1. Introduction
Cognitive impairment (CI) refers to a decline in cognitive functions, such as mem-

ory, attention, language, or problem-solving. It encompasses a continuum of conditions,
ranging from mild cognitive impairment (MCI), where cognitive changes are clinically
appreciable but do not significantly affect daily activities, to forms of overt dementia, in-
volving substantial cognitive decline and interfering with the person’s independence. With
more than 10 million new cases each year worldwide, dementia is one of the most impactful
syndrome in modern society at a global level [1]. The most common form is Alzheimer’s
disease (AD); however, other forms such as vascular, frontotemporal, dementia with Lewy
bodies, or mixed forms have a relevant social and clinical impact, and their differential
diagnosis is often difficult.

Appl. Sci. 2025, 15, 9103 https://doi.org/10.3390/app15169103

https://doi.org/10.3390/app15169103
https://doi.org/10.3390/app15169103
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0001-6462-1699
https://orcid.org/0009-0009-8930-1013
https://orcid.org/0000-0002-3670-9412
https://orcid.org/0000-0001-9753-9288
https://orcid.org/0000-0002-7553-7553
https://orcid.org/0000-0001-6074-9628
https://doi.org/10.3390/app15169103
https://www.mdpi.com/article/10.3390/app15169103?type=check_update&version=1


Appl. Sci. 2025, 15, 9103 2 of 17

Current therapies focus on providing temporary symptom relief but have little to
no effectiveness in modifying disease progression [2]. However, the Food and Drug
Administration has recently approved disease-modifying therapies for AD [3,4], which
are effective only if administered in the very initial, possibly preclinical, phases of the
disease. Hence, early detection of dementia is crucial for including subjects in clinical
trials and improving the quality of life of patients and their caregivers through proper
lifestyle modifications.

The diagnosis of CI relies on a combination of medical history, neuropsychological
assessment, neuroimaging, and lab tests, including a lumbar puncture to look for AD
biomarkers in the cerebrospinal fluid–beta-amyloid (Aβ42), Aβ42/Aβ40 ratio, total tau,
and phosphorylated tau proteins [5]. These techniques are often expensive, possibly
invasive, and require specialized healthcare professionals. Hence, the development of
cost-effective techniques for early CI detection is potentially very important.

It is well known that facial expressions encompass relevant information related to
the cognitive status of the individual. They are controlled by complex cerebral circuits
and convey various types of messages, above all those related to the emotional state.
Altered facial expressivity is frequently recognized in cognitively impaired individuals.
Alterations tend to be related to forms and stages of dementia [6,7]; this makes facial
emotion identification a promising tool also for differential dementia diagnosis.

Direct evaluation of facial expressions is complex and operator-dependent. In cog-
nitively impaired patients, such evaluation can be hindered by a lack of cooperation,
and small yet significant details may go unnoticed by the examiner. In addition, the emo-
tional dimension is currently underexplored in common neuropsychological tests such
as the Mini Mental State Examination (MMSE) and the Montreal Cognitive Assessment
(MoCA). On the other hand, artificial intelligence (AI) approaches, especially deep learn-
ing (DL)-based techniques, have great potential in the field of facial expression analysis
and may be applied to CI detection, thus contributing to an earlier and more accurate
etiological diagnostic process. Encouraging outcomes in this regard have already been
reported in [8–10].

This work aims to develop an AI-based system for detecting cognitive impairment
through facial emotion analysis, moving in the direction of identifying non-invasive CI
screening methods. The main contributions are summarized as follows:

• We address the important problem of detecting cognitive impairment from its very
beginning (hence, including MCI) using non-invasive and cost-effective techniques.

• We validate the assumption that facial expressions in response to emotional elicitation
are different in cognitively impaired and healthy subjects.

• To this end, we propose an AI framework based on facial emotion data, using a
dimensional model of affect. We design and test an emotion elicitation protocol based
on standardized stimuli.

• We test our system on video recordings collected from cognitively impaired and
healthy control subjects, with a ground truth classification of CI based on a compre-
hensive neurological and neurocognitive assessment.

In this paper, Section 2 contains a brief review of already published papers on CI
detection using facial expressions and emotion recognition. Section 3 details the employed
data collection protocol, and the CI detection implementation; Sections 4 and 5 present
and discuss the obtained results; lastly, Section 6 concludes the paper and outlines possible
directions for future investigations.
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2. Background
2.1. Deep Learning for CI Detection Using Facial Features

A recent review paper by Alsuhaibani et al. [11] explored emerging DL approaches for
non-invasive CI detection. The authors analyzed the use of speech, facial and motor indica-
tors, concluding that, while speech-based methods provide high performance, facial ex-
pression analysis is promising but needs further investigation to ensure proper robustness.

Some studies attempted to detect cognitive decline from raw images. Sun et al. [8]
worked on the I-CONECT dataset [12], containing semi-structured interviews of 186 par-
ticipants. They selected four conversational themes involving 147 subjects (83 MCI and
64 healthy controls - HC) and used facial videos to train a multi-branch classifier–video vi-
sion transformer (MC-ViViT) model, achieving 90.63% accuracy in distinguishing MCI from
HC for one of the selected conversational themes. Umeda-Kameyama et al. [9] claimed to
achieve a 92.56% accuracy in CI detection using an Xception DL model trained on a dataset
of 484 face images (121 dementia patients, 117 HC). However, the authors recognized that
the results might be affected by institutional biases.

Other studies have focused on extracting proper features from face images. Zheng
et al. [13] used face mesh, histograms of oriented gradients (HOGs), and action units
(AUs—see Section 2.2 for formal definition) in an attempt to mitigate the bias caused by
varying lighting conditions or data collection environments. They reached 79% accuracy
on dementia detection, using a long short-term memory (LSTM) model trained on HOG
features extracted from a section of video data from the PROMPT dataset [14]. This dataset
encompasses 447 videos of 117 subjects, including HC and various pathological individuals
affected by dementia, bipolar disorder, and depression. However, Zheng [13] also reported
a potential institutional bias, since HOG features are sensitive to light changes, and healthy
and dementia data were collected in different environmental conditions. With AUs and
face mesh features, the classification performance was 71% and 66%, respectively.

Few studies have focused on facial emotions for the development of automatic CI
detection. To show that cognitively impaired subjects express facial emotions differently
from cognitively unimpaired ones, Jiang et al. [15] conducted a study involving 493 partici-
pants encompassing HC and individuals with CI of varying severity and etiology. They
analyzed the facial emotions of participants during a memory test using a DL model for
facial emotion recognition and provided evidence that cognitively impaired subjects dis-
play less positive emotions, more negative emotions, and increased facial expressiveness.
Fei et al. [10] presented a system to detect CI through the analysis of categorical facial
emotions. The system included three main components: an interface to display video
emotional stimuli and record facial expressions; a DL-based model to extract an emotion
evolution matrix from video frames; and a support vector machine (SVM) classifier to
distinguish cognitively impaired and HC subjects. While the purpose of this work is similar
to ours, Fei [10] adopts a categorical approach for emotion representation. On the other
hand, the integration of a dimensional model of affect and standardized emotion elicitation
stimuli represents a significant improvement, as discussed in the following section.

2.2. Automated Facial Emotion Recognition

Three main models are used to objectively represent human emotions. The first and
most employed is the categorical model, where emotions are represented by a list of discrete
categories. For example, Ekman’s basic emotions model [16] considers six basic emotions—
anger, disgust, fear, happiness, sadness and surprise—plus the neutral state. Alternatively,
Plutchik’s model includes eight primary emotions grouped into polar opposites: joy and
sadness, acceptance and disgust, fear and anger, and surprise and anticipation. Emotions
are displayed in a flower-shaped representation with eight petals, known as Plutchik’s
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Wheel of Emotions [17], and they intensify moving from the outside to the center. However,
even taking into account the intensity of the primary emotions, categorical models cannot
fully represent the nuance and complexity of affective behaviors.

The facial action coding system (FACS) [18] is a system in which facial expressions
are decomposed into single muscle movements (AUs). Every facial expression can be
coded using a combination of AUs. However, due to several factors such as lighting
changes, position variations, and differences among individuals, AU recognition is difficult.
Moreover, AU annotation is expensive and time-consuming, and this limits the availability
of AU datasets.

Since categorical models cannot adequately describe mixed emotions, researchers
have proposed to represent affective behaviors through continuous dimensions. Among all
dimensional models, the circumplex model [19] is widely used. Emotions are expressed as
points in a two-dimensional space, whose perpendicular axes represent valence (positive
or negative emotional state) and arousal (the strength of emotion activation). Overall,
dimensional models are more powerful than categorical ones in capturing all possible
emotion nuances. Nevertheless, few works employ dimensional models for automated
emotion recognition. This may be due to the high cost of building a large database and
covering the continuous space of valence and arousal; in fact, there is a scarcity of annotated
face databases in the continuous domain [20].

Commonly used DL models in facial emotion recognition (FER) are convolutional
neural networks (CNNs), because of their ability to automatically learn relevant features
directly from facial images, without the need for explicit feature engineering. CNN models
have already been used to classify emotions according to categorical [21,22] or seldom
dimensional models [20,23,24]. Moreover, numerous recent studies have made use of the
attention mechanism, which proved to be effective in FER [25,26]. Most papers have applied
the attention mechanism to CNNs in discrete emotion classification, but Xiaohua et al. [27]
have also demonstrated successful application in predicting valence and arousal using a
bi-directional recurrent neural network with self-attention.

As highlighted in a recent survey by Karnati [28], the development of robust FER
systems still faces several challenges, including pose variation, occlusions, illumination
changes, noisy labels, and overfitting due to limited and imbalanced datasets. These
limitations are particularly relevant in real-world and clinical applications and should be
carefully considered when designing or deploying emotion recognition models.

3. Materials and Methods
3.1. System Overview

This work proposes an automated system to distinguish cognitively impaired patients
from healthy individuals, based only on facial emotions. It consists of four main parts.
(i) A dimensional CNN model for FER is trained on the AffectNet dataset [20]. (ii) A set
of individuals, encompassing cognitively impaired subjects and HC, undergo a properly
designed emotion elicitation protocol while their facial expressions are video-recorded.
(iii) The trained CNN model is applied to the collected video dataset to obtain the temporal
evolution of emotions. (iv) The facial emotion data are used to train a machine learning
(ML) model devoted to CI detection. An overview of the pipeline is depicted in Figure 1.

The CNN training is implemented on a local server equipped with NVIDIA GeForce
RTX 3080 GPU, Intel i9-10900X CPU and 64 GB RAM. The utilized versions of Python,
and Tensorflow and Keras [29] are 3.10.16 and 2.9.0, respectively, with CUDA 12.2. The de-
sign and implementation of the emotion elicitation video makes use of PsychoPy v2022.2.4,
an open-source package for running behavioral sciences experiments in Python [30]. The
ML classifier of CI versus HC is realized using the scikit-learn Python library [31].
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Train DL model for 

emotion recognition 

from facial expressions

Design experiment for emotion elicitation, 

using emotion elicitation stimuli

Collect facial video recordings of participants 

(cognitively impaired + healthy controls) 

exposed to the emotion elicitation stimuli

Use the DL model to get the evolution of the emotional 

status (valence, arousal) in the collected video recordings

Train ML model on the evolution of the emotional status 

data to classify cognitively impaired and healthy subjects

Figure 1. Proposed pipeline for classifying cognitively impaired and healthy individuals based on
facial emotion analysis. A deep learning model is trained for emotion recognition and applied to
videos recorded during an emotion elicitation experiment. The resulting valence and arousal patterns
are used to train a machine learning model for cognitive impairment detection.

3.2. Facial Emotion Recognition Model

We propose a DL-based regression model to predict valence and arousal from face
images, given the superior performance of dimensional models on emotion representation.
The model is trained on a dataset with annotations in the valence–arousal space. Moreover,
since the model is used in the context of a specifically designed experimental protocol
eliciting spontaneous facial emotions, the training dataset is selected so as to include faces
with unposed expressions (i.e., the so-called in-the-wild datasets).

3.2.1. AffectNet Dataset

AffectNet is the largest publicly available in-the-wild facial expression dataset [20],
with more than 1 million facial images of individuals of various ages, sexes, and ethnicities.
About half of these images (∼450k) are manually annotated for the presence of eight
emotion categories (categorical model) and valence-arousal intensity (dimensional model).
Since the full AffectNet database is huge (122 GB), the authors make available by default a
reduced version, composed of 291,650 manually annotated images. This reduced dataset
is adequate and matches our computational resources constraints; thus, it is employed in
the present work. The reduced dataset is already split into the AffectNet training set (AT,
287,651 images) and AffectNet validation set (AV, 3999 images), properly representing all
expression categories. The AffectNet test set has not been made publicly available.

In this work, AV is employed as our test set to evaluate the model performance,
whereas AT is further split into our training and our validation set for hyperparameter
tuning. The provided images are sized at 224 × 224 pixels (RGB color). The categorical
expression label is an integer value in the range [0, 7] (representing Neutral, Happy, Sad,
Surprise, Fear, Disgust, Anger, and Contempt categories), while valence and arousal are
provided as floating point numbers in the [−1, 1] interval. The majority of the images are
labeled as Happy, followed by Neutral. The remaining classes, instead, are less represented.
Actually, samples frequently assume positive valence and small positive arousal values,
while extreme values (especially the negative ones) seldom occur [20]. Given the current
lack of large-scale emotion datasets that include individuals with cognitive impairment,
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AffectNet, although based on data from the general population, is widely used in affective
computing and stands as a suitable and well-supported choice for our research.

3.2.2. Model Architecture

Ngo and Yoon [32] demonstrated the effectiveness of using a deep CNN architecture,
i.e., the squeeze-and-excitation network (SENet) [33] pre-trained on VGGFace2 [34] and
fine-tuned on AffectNet, to predict eight categorical emotions. In this paper, an analogous
transfer learning approach was employed, adapted to predict dimensional emotions instead
of categorical ones.

The pre-trained SENet model available at GitHub [35] is used, with the top layers
(built to perform classification only) properly modified. In detail, the last flattening and
fully connected (FC) layers are replaced with a global average pooling 2D layer and two
additional FC layers (with 2048 and 1024 units, respectively) to capture facial features
specifically related to emotions. These are followed by three output layers with linear
activation: an FC layer with eight neurons, responsible to classify categorical emotions,
and two FC layers with one neuron, devoted to the prediction of valence and arousal. Even
though in this paper the focus is on continuous emotional attributes, the presence of the
categorical emotion output is explained in the following Section. The resulting model
architecture is shown in Figure 2 and has 32,343,802 trainable parameters.

(224, 224,3) 
SENet50

- pre-trained on VGGFace2

- w/o last flattening and FC

Global 

Average 

Pooling 

2D

2048 

Input

FC

Valence

Arousal

8 

Expression
FC

1024 

FC

1 

FC

1 

FC

Figure 2. Architecture of the proposed CNN for valence and arousal prediction from facial images.
The model is based on an SENet architecture [33], pre-trained on VGGFace2 [34] and fine-tuned
on AffectNet for emotion recognition. We leverage the pre-trained SENet50 classification model
available at GitHub [35], modifying the top layers to produce three outputs: valence, arousal,
and categorical expression.

3.2.3. Model Training

As mentioned, our training and validation sets are extracted from the AT set. A split of
95% and 5% is implemented, achieving a training set of 273,269 images, a validation set of
14,382 images, and a test set of 3999 images. Data augmentation is applied—namely, a ran-
dom horizontal flip and a random rotation in a range of 20 degrees—to avoid introducing
unrealistic variations.

Although valence and arousal are generally considered independent, several studies
have highlighted some dependencies between the two dimensions [36,37]; consequently,
researchers have proposed systems to jointly predict multiple affect dimensions by leverag-
ing their interdependencies. In Parthasarathy and Busso [38], the prediction of emotions
is performed using speech and framed as a multi-task learning (MTL) problem, whose
principal and secondary outcomes are the prediction of the target attribute (e.g., valence)
and of the other attributes (e.g., arousal), respectively. This approach provided a perfor-
mance improvement with respect to single-task learning, where emotional attributes are
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modeled separately. Following these results, this work implements joint learning of valence
and arousal with the same CNN architecture. With respect to Parthasarathy [38], we also
introduce the categorical expression into the learning process, as it has been shown to
improve emotion classification accuracy [23]. The categorical output is then omitted at
the end of the training process. Therefore, the resulting MTL framework is trained with a
weighted loss function defined as follows:

L = α × Lval + β × Laro + (1 − α − β)× Lexp (1)

where Lval and Laro are mean squared error losses related to the valence and arousal
attributes, respectively, and Lexp is a cross-entropy loss related to the categorical expression
attribute. The weights for the three attributes’ losses, which must sum up to 1, are expressed
using the coefficients α and β. As in [38], α and β are determined in order to maximize the
performance for the target attribute. In our framework, the CNN is trained for different
values of α and β; for both valence and arousal, the combination of α and β leading
to the smallest error on the test set for that target attribute is selected. At the end of
this process, two models are obtained, which are optimized for valence and arousal,
respectively, but are trained to exploit the dependencies between valence, arousal, and the
categorical expression.

In the training process, batching is used to limit the amount of memory necessary
to run the network, and data shuffling is applied. The chosen batch size is 32, which is
the largest possible value compliant with our computational resources constraints. More-
over, 250 steps per epoch are used; the step size establishes the number of batches to process
before the epoch is considered complete. An adaptive learning rate is employed, starting
from 10−4 and being halved after 5 epochs in which the validation loss has not improved.
The training is early stopped after 10 epochs of no gain in the validation loss. The maximum
number of epochs is set to 90, and the Adam optimizer is used.

3.2.4. Model Evaluation

As commonly used and formulated in [20], the performance evaluation on the test set
is expressed in terms of the root mean square error (RMSE):

RMSE =

√√√√ 1
N

N

∑
i=1

(θ̂i − θi)2 (2)

where N is the number of samples, θ̂i is the prediction for the ith sample, and θi is the
ground truth of the ith sample. In addition, the concordance correlation coefficient (CCC)
is computed, which is defined as

CCC =
2ρσθ̂σθ

(µθ̂ − µθ)2 + σ2
θ̂
+ σ2

θ

; ρ =
COV{θ̂, θ}

σθ̂σθ
(3)

where ρ is the Pearson correlation coefficient, based on the covariance of the prediction
(θ̂) and the ground truth (θ) vectors; µθ̂ and µθ are their mean values; and σθ̂ and σθ their
standard deviations [20]. This metric provides a measure of agreement between the ground
truth and the predicted values for valence and arousal; it lies in the [−1, 1] interval.

3.3. Data Collection Protocol
3.3.1. Emotion Elicitation Stimuli

The combination of visual and auditory stimuli creates a more immersive and emo-
tionally engaging experience for participants and can potentially elicit more robust and
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nuanced emotional responses compared to protocols that rely on a single modality [39].
Therefore, an emotion-eliciting video is set up, using images and sounds from IAPS (In-
ternational Affective Picture System [40]) and IADS-2 (International Affective Digitized
Sounds-2 [41]), respectively; these are among the most employed databases in the area of
affective stimulation.

IAPS includes more than 1000 images capturing a wide array of human experiences.
Each picture was rated on valence and arousal by a large group of people with diversified
gender. Then, the pictures were numbered and catalogued according to the mean value
and standard deviation of these affective ratings. Similarly, the IADS-2 database contains
more than 100 sounds from different sources and contexts, rated analogously.

The observations are distributed across the valence–arousal plane and can be classified
into five groups: high valence, high arousal (HVHA); low valence, high arousal (LVHA);
low valence, low arousal (LVLA); high valence, low arousal (HVLA); and neutral. Then,
4 neutral samples and 6 samples for each of the other groups are selected, for a total of
28 images. Similar sampling techniques have been also employed in other studies on
affective processing [42]. The observation selection is performed by applying filters on
the valence and arousal dimensions. Moreover, to avoid potential distress, emotionally
intense content from the IAPS and IADS-2 databases is excluded. Therefore, samples
deemed inappropriate for our use, such as nude images or with excessively violent content,
are manually discarded. The selection of audio-visual stimuli is performed in collabora-
tion with clinicians, to prioritize safety and comfort, given the clinical vulnerability of
the participants. Although this may limit the range of valence and arousal responses,
the protocol ensures ethical appropriateness and is tailored to the specific needs of this
sensitive population. The images are paired with sounds characterized by similar valence
and arousal (identification numbers of the selected picture–sound pairs (from IAPS and
IADS-2, respectively): HVHA: [8501, 367], [8185, 817], [8030, 352], [8190, 815], [8370, 363],
[8492, 360]; HVLA: [5760, 811], [5000, 812], [2035, 810], [1441, 809], [2360, 151], [2530, 230];
LVHA: [9075, 260], [9410, 286], [9635.1, 292], [3530, 276], [3005.1, 296]; LVLA: [2750, 250],
[9342, 382], [9280, 701], [9832, 728], [9220, 723], [7031, 708]; Neutral: [8232, 364], [1908, 170],
[9422, 410], [2780, 722].). These audiovisual pairs are used to create an emotion elicitation
video, whose structure is summarized in Figure 3. This protocol is inspired by that in [43].

For each subject, the experiment starts with a webcam calibration phase. The webcam
is used to display the subject’s image on the laptop screen for 10 s to ensure that the subject
is adequately close to the screen and positioned within the desired framing.

A welcome title appears on the screen for 5.5 s to capture the subject’s attention. Then,
the sequence of audiovisual stimuli starts, along with the webcam recording of the subject’s
reactions. The 28 images are presented in a fixed, randomly determined order. A 10 s
countdown is first displayed, followed by a 1 s projection of a cross in the center of the
screen. Then, the image is displayed for 6 s while the paired sound is played simultaneously.
The countdown in each trial alerts participants to the upcoming image, while helping them
to refocus and regulate emotions; moreover, it provides a clear progression through the
experiment, enhancing compliance and reducing confusion or anxiety. On the other hand,
the cross fixation serves as a focal point to guide the attention to the upcoming stimulus.

At the end of the audiovisual stimuli, the recording is stopped, and a conclusion title
appears for 1 s, informing the subject of the end of the experiment. The whole experiment
lasts about 8 min; this duration is deemed suitable for cognitively impaired persons,
minimizing cognitive load and preventing excessive fatigue or reduced engagement.

The PsychoPy software is used to set up the experiment. It allows us to define the
sequence of emotional stimuli (images and sounds) and to display the emotion elicitation
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video on foreground, while simultaneously having the webcam recording in a synchronized
manner. The system then automatically saves the recorded video in a specified folder.

10 s

Webcam 

Calibration

5.5 s

Welcome 

Title

17 s

Trial image 1

17 s

Trial image 2

… 17 s

Trial image 28

1 s

Conclusion 

Title

10 9 8 7 6 5 4 3 2 1 +

Count-down Cross Image

10 s 1 s 6 s

Figure 3. Structure of the emotion elicitation video protocol, inspired by [43]. The experiment begins
with a webcam calibration phase, followed by a welcome title. The core of the protocol consists of
28 audiovisual trials, each comprising a 10 s countdown, a 1 s central fixation cross, and a 6 s image
presentation paired with sound. A concluding title marks the end of the session. The entire procedure
lasts approximately 8 min, ensuring participant engagement while minimizing cognitive load.

3.3.2. Experimental Setup

The experiments took place in a dedicated room at the Molinette Hospital—A.O.U.
Città della Salute e della Scienza di Torino. The setup involved seating the subject in front
of a laptop, positioned on a stable table at an appropriate height to ensure the subject’s
comfort. The laptop served as the primary interface for stimuli presentation and data
collection. An external USB webcam (Logitech C920) was securely attached over the laptop
and positioned to entirely capture the subject’s facial expressions during the experiment.
Adjacent to the laptop, an external Bluetooth speaker was placed to provide high-quality
audio playback and to make the experiment more immersive. An illustration of our emotion
elicitation setup, which is inspired by the setup of Prajapati et al. [44], is shown in Figure 4.
The video recordings were performed with 1080p resolution at a frame rate of 30 fps
and stored as AVI files. The adopted frame rate was considered adequate to capture facial
dynamics, including micro-expressions, which may occur within time windows shorter
than 200 milliseconds [45].

3.3.3. Participants

Cognitively impaired subjects were recruited among those attending the Center for
Alzheimer’s Disease and Related Dementias at the Department of Neuroscience and Men-
tal Health, A.O.U. Città della Salute e della Scienza University Hospital (Turin, Italy),
for early diagnosis of cognitive disorders. Patients with subjective cognitive decline
were also included in this study. The participants underwent a complete neurological
and neurocognitive assessment, encompassing neuropsychological tests, neuroimaging
(brain magnetic resonance imaging—MRI—and positron emission tomography using 18 F-
fluorodeoxyglucose—18FDG-PET), and lumbar puncture for cerebrospinal fluid biomarker
analysis (Aβ42, Aβ42/Aβ40, total tau, and phosphorylated tau). Based on the neurocogni-
tive score, subjects were classified as MCI or overt dementia. The instrumental tests were
used to perform differential diagnosis among the several types of CI and to rule out cases in
which the condition was due to other causes. Participants were excluded if they were under
the age of 18, lacked legal capacity, or presented any condition that, in the judgment of the
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investigators, could hinder their ability to comply with the study protocol or compromise
eligibility, such as significant motor impairments affecting facial expressiveness.

Laptop screen

Emotion elicitation video

PsychoPy recording 

on the background 

Emotion elicitation video 

playing on the foreground

USB webcam

Bluetooth 

speaker

Participant in front of 

the laptop

Figure 4. Illustration of the emotion elicitation setup, inspired by [44]. The participant is seated
in front of a laptop that displays the emotion elicitation video in the foreground, while PsychoPy
software runs in the background to manage the recording. A USB webcam mounted on top of the
screen captures facial expressions throughout the session. Audio is delivered through an external
Bluetooth speaker to enhance immersion and ensure high-quality playback.

As for the HC subjects, healthy volunteers between 40 and 80 years old were recruited.
Exclusion criteria encompassed neurological or psychiatric disorders or other conditions
preventing the execution of the experiment (e.g., blindness). HC subjects also underwent
neuropsychological assessment.

The cognitive assessment was performed by an expert neuropsychologist using the
MMSE, the MoCA test, the activities of daily living (ADLs), and the instrumental activities
of daily living (IADLs) indices. For HC subjects, it was verified that MMSE ≥ 26/30,
ADL = 6/6 and IADL = 8/8. Among participants with CI, the ones with MMSE ≥ 20,
ADL = 6/6 and IADL ≥ 6/8 were considered as MCI patients; instead, participants
with MMSE < 20 or ADL < 6/6 or IADL < 6/8 were considered to be affected by
overt dementia.

A total of 60 individuals participated in the experiment, including 32 CI and 28 HC
subjects. Among the 32 CI subjects, 23 were classified as MCI (11: likely AD; 2: mixed; 1:
not specified; 9: other), and 9 were classified as overt dementia (3: AD; 2: mixed; 4: other
dementia types). Demographics and relevant clinical data are summarized in Table 1.

This study was conducted in accordance with the Declaration of Helsinki. Informed
consent was obtained from all participants, and the study protocol was approved by
the Ethic Committee of A.O.U. Città della Salute e della Scienza di Torino (approval
number 0001863). To ensure participant privacy, data were pseudonymized through the
assignment of unique codes, and all sensitive information was stored separately from
associated metadata. Original video recordings were securely stored on institutional
servers, with access limited to authorized personnel.
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Table 1. Demographics and relevant clinical data of the participants.

Cognitively
Impaired

Healthy
Controls

Number of subjects 32 28

Age (mean ± standard deviation) 69.3 ± 8.9 58.8 ± 6.9

Sex (number of females, %) 14 (43.8%) 14 (50%)

Ethnicity Caucasian Caucasian

Years of education (mean ± standard deviation) 12.7 ± 5.0 15.6 ± 4.8

MMSE score (mean ± standard deviation) 23.9 ± 5.3 29.2 ± 1.2

MoCA score (mean ± standard deviation) 18.7 ± 5.1 25.4 ± 2.2

Severity of cognitive impairment 23 MCI, 9 overt
dementia

No cognitive im-
pairment

3.4. Classification of Cognitively Impaired and Healthy Control Subjects

As illustrated in Figure 1, the CNN models trained for valence and arousal prediction
are used to obtain the subjects’ emotional states for all videos in the collected dataset. These
emotional data are used to train an ML model to classify CI and HC subjects.

3.4.1. Emotional State Detection

All frames are extracted from the recorded videos (∼14k frames for each video, due
to the frame rate of 30 fps). The subject’s face is detected and cropped using the Holistic
solution from MediaPipe [46], an open-source framework employing ML to detect face and
pose landmarks in real time from video data. Face images are resized to 224 × 224 pixels
and input into our trained CNN models. In this way, a value of valence and arousal is
obtained for each frame. The resulting time series of valence and arousal provide insights
into the evolution of the emotional state of participants during the experiment. For each
subject, valence and arousal series are concatenated to create a single feature vector, used
to train different classification algorithms.

3.4.2. Machine Learning Model Selection and Evaluation

Different ML algorithms are tested, using the implementation provided by scikit-
learn. The algorithms deemed suitable for our classification task (also considering the
limited dataset) are k-nearest neighbors (KNN), logistic regression (LR), and SVM. KNN
is tuned with a grid search on the number of neighbors (3, 5, 7) and the distance metric
(Euclidean, Manhattan, Chebyshev); LR is used with an L2 penalty term, the “liblinear”
solver, 10−4 tolerance for stopping criteria, and tuned on the inverse of regularization
strength C (powers of 10 from 10−4 to 104); SVM is used with linear kernels, tolerance 10−3,
and tuned on the C regularization parameter (powers of 10 from 10−4 to 104).

Nested cross-validation (NCV) is implemented to estimate an ML model’s gener-
alization error while simultaneously optimizing its hyperparameters. In fact, standard
cross-validation (CV) is useful for mitigating test set selection bias when working with a
small dataset and evaluating model performance. However, using the same CV procedure
for both hyperparameter optimization and performance evaluation can lead to an overly
optimistic estimate of generalization error due to overfitting.

On the other hand, NCV involves two nested CV loops. In the outer loop, model
evaluation is performed through a k-CV; the dataset is repeatedly split into training (k−1
folds) and test sets, and the generalization error is estimated by averaging test set scores
over the k splits. At each split, the (k − 1) folds are used to implement the inner loop, i.e., an
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m-CV with a grid search for hyperparameter tuning; the data are repeatedly split into
training (m − 1 folds) and validation sets, and at each split, the best set of hyperparameters
is selected based on the validation set performance. Once the hyperparameters are selected,
the model is re-trained on all m folds and tested on the outer loop test set.

To ensure that folds contains approximately the same proportion of samples from each
class as in the full dataset, both outer CV and inner CV are implemented with the stratified
k-fold CV provided by scikit-learn. Due to the limited size of our dataset, five outer and
three inner folds are employed in the NCV (k = 5, m = 3). This choice reflects standard
practice, aiming to balance bias and variance by ensuring reliable performance estimates
while maintaining adequate data availability within each fold. Importantly, stratification
is performed at the subject level; all data belonging to a given participant are assigned
entirely to either the training or validation set within each fold. This strategy prevents
identity or temporal leakage across folds, ensuring a more realistic evaluation of model
generalization across individuals. The process is repeated for all the ML models considered;
the best model is selected as that with the highest average NCV accuracy. For this model,
the optimal hyperparameter combination is adopted, i.e., those most frequently used across
the outer loop folds.

4. Results
4.1. Facial Emotion Recognition

The performance of the selected CNN models on our test set for different values of α

and β is shown in Table 2. The results obtained by Mollahosseini et al. [20] on the complete
AffectNet dataset using a different CNN (AlexNet) are also reported as benchmarks.

According to the obtained RMSE scores, the best performance for valence is achieved
with α = 0.4, β = 0.3, while the best performance for arousal is achieved with α = 0.3,
β = 0.4. In both cases, the best results are achieved with the highest weight related
to the categorical expression loss among the considered values, i.e., 1 − α − β = 0.3 (see
Equation (1)). This confirms that including the categorical expression in the training process
eventually improves the model performance on valence and arousal prediction.

In terms of RMSE, the arousal dimension is generally better predicted with respect
to valence. However, in terms of CCC, valence exhibits a higher concordance between
predicted and true values. Our best CNN models achieve an RMSE of 0.4332 for valence
prediction and 0.3641 for arousal prediction, outperforming the AffectNet benchmark on
arousal prediction (RMSE = 0.402) and achieving slightly inferior performance on valence
prediction (RMSE = 0.394). In terms of CCC, our system outperforms the benchmark on
valence prediction (0.5571 vs. 0.541), with a comparable result on arousal prediction (0.4451
vs. 0.450). It is worth noting that the benchmark CNN is trained on a larger dataset (the
complete AffectNet training set) and evaluated on the AffectNet test set, which is not
publicly available. Moreover, the present work has to cope with resource constraints for
CNN training, thus setting the batchsize to 32 (256 in the benchmark model), and this may
have an impact on the model’s performance.

4.2. Cognitive Impairment Detection

Table 3 summarizes the NCV results provided by the ML models tested for CI detection.
KNN achieves the best accuracy of 76.7% in classifying cognitively impaired subjects vs.
healthy controls and an F1 score of 75.4%. The optimal parameters are as follows: five
neighbors and the Manhattan distance metric. In addition, the KNN classifier achieves
a specificity of 92.7% and a sensitivity of 61.9%. These results highlight the model’s
strong ability to correctly identify HC subjects while still capturing the majority of CI
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individuals, despite the inherent complexity and variability typically associated with this
clinical population.

Table 2. Performance of the proposed CNN on valence and arousal prediction for different values of α

and β parameters in terms of root mean square error (RMSE) and concordance correlation coefficient
(CCC). The comparison with the AffectNet benchmark [20] is also reported. The best results are
emphasized in bold.

Valence Arousal

RMSE CCC RMSE CCC

AffectNet benchmark [20] 0.394 0.541 0.402 0.450

CNN, α = 0.4, β = 0.6 0.4709 0.5013 0.391 0.3679
CNN, α = 0.5, β = 0.5 0.4539 0.5105 0.3757 0.4213
CNN, α = 0.6, β = 0.4 0.4661 0.4953 0.379 0.4102

CNN, α = 0.4, β = 0.5 0.4372 0.5292 0.379 0.4067
CNN, α = 0.5, β = 0.4 0.4567 0.5139 0.3898 0.3755

CNN, α = 0.3, β = 0.5 0.4415 0.5377 0.3742 0.4163
CNN, α = 0.4, β = 0.4 0.4462 0.5286 0.3827 0.3940
CNN, α = 0.5, β = 0.3 0.4545 0.5240 0.3780 0.3947

CNN, α = 0.3, β = 0.4 0.4360 0.5386 0.3641 0.4451
CNN, α = 0.4, β = 0.3 0.4332 0.5571 0.3685 0.4491

Table 3. CI vs. HC classification results. The accuracy and F1 scores achieved by the tested algorithms
are reported as (mean ± standard deviation), together with the corresponding optimal parameters.

Optimal Parameter Combination Accuracy F1 Score

KNN A total of 5 neighbors, Manhattan distance 0.767
± 0.062

0.754
± 0.077

LR L2 penalty, tolerance = 0.0001, C = 100 0.583
± 0.105

0.593
± 0.102

SVM linear kernel, tolerance = 0.001, C = 0.01 0.633
± 0.085

0.626
± 0.089

5. Discussion
The performance of the proposed CNN models for facial emotion recognition exceeds

or matches the benchmark CNN on valence and arousal prediction, despite the latter being
trained on the complete AffectNet training set and evaluated on the AffectNet test set,
which is not publicly available. Overall, we can conclude that our CNN model reaches
a performance that is comparable to the AffectNet benchmark [20] and is sufficient to be
used within our system for cognitive impairment detection.

As for cognitive impairment detection, the achieved results demonstrate that the
proposed model is promising in accurately classifying CI and HC based on the evolution
of emotions and that facial expressions and the dimensional model of affect have great
potential for CI detection. While still exploratory, the proposed approach could serve as
a valuable complement to traditional diagnostic methods, offering a non-invasive and
accessible tool to support early clinical assessment.

Comparing our model’s performance with the similar research work of Fei et al. [10],
our model achieves a slightly higher accuracy (76.7% vs. 73.3%). However, an exhaustive
fair comparison is not possible because of the different dataset, feature engineering, neural
network architecture, and CV technique. Moreover, in Fei [10], a categorical model of affect
is employed.
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An original aspect of the proposed work, in contrast with Fei [10], is the implemen-
tation of an emotion elicitation protocol based on standardized, widely recognized and
extensively validated datasets. This is a guarantee that the protocol is grounded in reliable
and well-established stimuli, enhancing its validity and generalizability. In addition, our
ground truth classification of CI is based on a comprehensive set of indicators, beyond the
MoCA or MMSE results as in Fei [10]. This broader approach enables the distinction
between MCI and dementia, which have distinct levels of cognitive decline and functional
impairment. This more precise differentiation is fundamental if we are to implement a
finer-grained classification and possibly help in the differential diagnosis of different types
of dementia. This is left to future developments, when more data will be available.

Limitations. It is worth recalling that the objective of this research was to set up
a CI detection system based on facial emotions as potential early markers for cognitive
impairment. Hence, the implementation of a more complex and performing neural network
for valence and arousal prediction is outside of the scope of this paper.

A limitation of this work is the size of the collected dataset. The enrollment of indi-
viduals with CI is particularly challenging, especially in advanced stages, as it requires
both valid informed consent and complete confidence that individuals can reliably engage
with and complete the study protocol. A larger cohort is needed to ensure the method’s
robustness in view of a possible future clinical deployment. Hence, the reported accuracy
(76.7%) should be interpreted as a promising preliminary result within a proof-of-concept
context. As data from a larger number of subjects becomes available, AI models with higher
complexity and improved generalization power can be tested.

Future work. The exploration of different model architectures for valence and arousal
prediction is left to future developments, such as other advanced DL architectures showing
promising results in FER, including models with attention mechanisms [25,47] and visual
transformers [26,48]. Future directions also include the exploration of weighting schemes
or data augmentation strategies to better account for less-represented regions in the va-
lence–arousal space during training, which could help improve the robustness of emotional
attribute prediction.

With respect to cognitive impairment detection, future work will include the collection
of more data from patients with different forms and severity levels of CI in order to support
a more comprehensive evaluation of the generalizability of our approach. We also plan
to involve participants from more diverse ethnic and demographic backgrounds, ideally
within a multicenter framework, to assess the robustness of the proposed method across
different populations and clinical contexts.

In addition, future work will investigate the integration of other facial features beyond
valence and arousal, as combining different types of features has proven effective in recent
research [49]. The temporal dynamics of valence and arousal trajectories will also be ex-
plored, as they may provide additional informative patterns of emotional response for CI
detection. Another direction for future improvements involves artefact-aware video pro-
cessing techniques, as facial artefacts, such as involuntary movements, may affect emotion
recognition. Our data collection was carried out in a controlled environment, which helped
to limit extreme occlusions or noise; moreover, our pipeline is designed to be effective even
in the presence of natural variability in facial behavior. Nevertheless, incorporating such
strategies could further enhance the robustness of the proposed approach.

6. Conclusions
In this paper, a non-invasive system is described to automatically detect cognitive

impairment based on facial emotion analysis and AI. A CNN model is trained on the
AffectNet dataset to predict emotions from face images using a dimensional model of
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affect. Then, an emotion elicitation protocol is designed to record facial expressions in
response to an emotion elicitation video from IAPS and IADS-2 datasets. Facial video data
of 32 CI and 28 HC subjects are collected, and the evolution of the emotional status of
each subject in terms of valence and arousal is obtained. Finally, an ML model is trained
on the extracted emotional responses to classify CI vs. HC. The classification algorithm
achieves a cross-validation accuracy of 76.7% in distinguishing CI and HC, revealing its
potential effectiveness in identifying individuals with CI by exploiting the dimensional
model of affect.

Future research includes collecting more data of patients with different forms and
severity levels of dementia. This would enable the exploration of multiclass classification
tasks to detect not only cognitive impairment from facial emotions but also its severity and
etiology, since it is known that different forms of dementia show different manifestations
of facial expressions.
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