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Abstract: The COVID-19 pandemic and its accompanying restrictions have significantly impacted
people’s lives globally. There is an increasing interest in examining the influence of this unprecedented
situation on our mental well-being, with less attention towards the impact of the elongation of COVID-
19-related measures on youth with a pre-existing psychiatric/developmental disorder. The majority of
studies focus on individuals, such as students, adults, and youths, among others, with little attention
being given to the elongation of COVID-19-related measures and their impact on a special group
of individuals, such as children and adolescents with diagnosed developmental and psychiatric
disorders. In addition, most of these studies adopt statistical methodologies to identify pair-wise
relationships among factors, an approach that limits the ability to understand and interpret the impact
of various factors. In response, this study aims to adopt an explainable machine learning approach to
identify factors that explain the deterioration or amelioration of mood state in a youth clinical sample.
The purpose of this study is to identify and interpret the impact of the greatest contributing features
of mood state changes on the prediction output via an explainable machine learning pipeline. Among
all the machine learning classifiers, the Random Forest model achieved the highest effectiveness, with
76% best AUC-ROC Score and 13 features. The explainability analysis showed that stress or positive
changes derived from the imposing restrictions and COVID-19 pandemic are the top two factors that
could affect mood state.
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1. Introduction

The 2019 coronavirus disease (COVID-19) outbreak and accompanying public health
measures, enforced to mitigate the risk of exponential virus transmission, have brought on
unprecedented changes to people’s day-to-day life [1,2]. Since the early days the COVID-19
pandemic has been recognized as having potential mental health impact, particularly for
vulnerable population groups [3] and was described as a ‘perfect storm’ with exposure
to known risks and lack of support affecting the mental health of young people and
their families [4,5]. Stringent restriction measures such as social distancing, the lack of
face-to-face contact with peers and teachers due to school closures, and changes to daily
behaviors (e.g., decreased physical activity, increased screen time, irregular sleep patterns,
overeating) are some of the identified pandemic-related stressors that have negatively
impacted children’s mental health globally [6–8].

Several studies have investigated the prevalence rates of mental health problems in
adolescent general population samples [9]. A meta-analysis that summarized the results
of 29 studies conducted worldwide reported global prevalence estimates of child and
adolescent depression and anxiety to have doubled during the first year of the COVID-19
pandemic, compared to pre-pandemic estimates, with 1 in 4 youth experiencing clinically
elevated depression symptoms and 1 in 5 youth experiencing clinically elevated anxiety
symptoms [10]. Two longitudinal surveys in Germany found that up to 30.1% of 11–17-year-
olds had symptoms of generalized anxiety compared with 14.9% before the pandemic [9].
Notably, feelings of loneliness was one of the symptoms most frequently experienced by
youth during the early waves of pandemic, particularly during the lockdowns [11], which
were associated with higher levels of all mental health difficulties [12,13]. A systematic
review of 21 studies from 11 countries, including individuals aged 3–24 years, showed
increased depression, anxiety, and psychological distress levels during the initial phase of
the pandemic. Also, deteriorated negative affect, psychological well-being, and increased
loneliness were reported [14].

In terms of demographic variables, research findings so far point to sex and age dif-
ferences in the mental health impact of COVID-19 in youth. In several studies, females
were reported to be at a higher risk for higher levels and/or greater increases in internaliz-
ing, anxiety and depressive symptoms, stress, and lower levels of well-being than males.
Concurrently, males were observed to display more attention problems, addictive game-
play behaviors, and sharper decreases in quality of life and life satisfaction than females.
Most of these gender differences were almost exclusively found in adolescent samples [15].
Concerning age, the results were inconclusive. Some studies reported higher rates for
depression and anxiety in adolescents (i.e., individuals 12–18 years of age) compared to
children [16], whereas other studies did not observe an age effect on the severity of psycho-
logical problems [17,18]. Additional demographic factors reported to be associated with
child mental health outcomes are living in rural areas and loss of family income [19,20].

Other factors that were found to be associated with increased levels of emotional and
behavior difficulties included excessive use of video games and social media and exposure
to pandemic-related news [21]; COVID-19-related worries and increased conflict with
parents were found to predict increases in mental health problems from prior to pandemic
onset to two months after introduction of the lockdown, whereas adherence to stay-at-home
orders, feeling socially connected during the COVID-19 lockdown, and a good parent–child
relationship were found to be linked with a lower risk of mental health problems [12].

In terms of pre-existing psychiatric or developmental disorder various clinicians
and researchers, as well as policy makers, have expressed their early concerns about the
COVD-19 pandemic’s impact on the mental health of this vulnerable youth population [22].
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Studies utilizing clinical samples of children and adolescents with or at risk for developing
a psychiatric disorder showed that some symptoms increased and other decreased or
remained relatively stable as compared to the pre-pandemic period [23–26]. Specifically, ex-
acerbation of obsessive compulsive disorder (OCD) symptoms [27], worsening of attention
deficit hyperactivity (ADHD) symptoms [28], deterioration of behavioral problems and
anxiety among young people with autism spectrum disorders [29], and reactivation of eat-
ing disorder (ED) symptoms [30] during COVID-19 confinement were reported; however,
other studies indicated no deterioration of the clinical condition [26].

In a multi-country clinical sample during the early phase of the pandemic COVID-
related worry, parental emotional difficulties and the quality of parent–child relationships
were found to predict higher levels of emotional and behavioral difficulties [31]. A system-
atic review of the impact of the COVID-19 lockdown on child and adolescent mental health
highlighted that those with pre-existing mental health difficulties and/or neurodevelop-
mental disorders suffered increased stress [8].

While prior survey-study work has helped to recognize the impact of the COVID-19
pandemic on mental health and well-being of children and adolescents, research in this
area has mainly adopted cross-sectional designs, utilized general and at-risk population or
clinical samples, and used traditional inferential statistical analysis. In contrast to traditional
statistical analysis, the artificial intelligence approach followed by a post hoc explainability
analysis (XAI) provides a higher level of interpretability, recognizes patterns in complex
datasets, and allows for better inference of the contribution of the most important features
to the prediction output [32,33]. The results of a longitudinal cohort (convenience sample
drawn from general population) study in US and UK, using the Coronavirus Health Impact
Survey (CRISIS) questionnaire, derived from a conditional random forest approach for
data analysis revealed that lifestyle changes and stress regarding friendships were the
most important predictive factors of mood state outcomes in children with no pre-existing
mental health conditions [34].

A recently published Greek study concerning the first wave of the COVID-19 pandemic
employed an explainable ML approach in a heterogeneous clinical sample, using the CRISIS
questionnaire. The results indicated that about 77% of children maintained stable mood
states or presented positive mood state changes during the pandemic-related lockdown.
This outcome was mostly predicted by positive changes experienced in children’s lives
due to the COVID-19 pandemic, better relationships among family members, less time
spent on watching TV, and less stress derived from the restrictive measures [35]. In order
to evaluate how the mood states of children in the above clinical sample were impacted
by the second wave of the pandemic that led to a six-month lockdown, i.e., if they got
worse, better, or if they remained stable, a follow-up study was conducted using the same
methodology. In this context, we analyzed parent-reported data of a large set of variables
(Tables 1 and 2), which were collected during the 1st six-week lockdown (Wave 1) and
during the 2nd six-month lockdown (Wave 2) in a clinical sample to answer the question
of whether the elongation of the 2nd lockdown affected the mood states of children and
adolescents with pre-existing psychiatric disorders. We used a XAI pipeline to identify and
quantify factors associated with mood states stability or change, either positive or negative,
from the 1st to the 2nd lockdown (Figure 1).

The main objectives of the current study are (a) to determine the most accurate predic-
tion model through a comparative evaluation of seven popular ML classification algorithms;
and (b) to identify and interpret the contribution of the most important factors to the pre-
diction of mood states outcome, i.e., amelioration/stability or deterioration.
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Table 1. Sociodemographic characteristics of the dataset.

Sociodemographic Characteristics Population (%)

Age, mean ± standard deviation 9.97 ± 3.77

Sex
Male 154 (67.25%)

Female 75 (32.75%)

Residential area
City 135 (58.95%)

Suburbs of a city 64 (27.95%)
Town 22 (9.61%)

Rural area 6 (2.62%)
Island 2 (0.87%)

Disorders
Developmental disorders 1 105 (45.85%)

Psychiatric disorders 2 124 (54.15%)
1 The following disorders were classified as developmental disorders: mild mental disability; moderate mental dis-
ability; severe mental disability; specific developmental disorders of speech and language; specific developmental
disorders of scholastic skills; specific developmental disorder of motor function; mixed specific developmental
disorder; conductive and sensorineural hearing loss; and lack of expected normal physiological development.
2 The following disorders were classified as psychiatric disorders: mental and behavioral disorders due to use of
cannabinoids; acute and transient psychotic disorders; manic episode; depressive episode; recurrent depressive
disorder; persistent mood [affective] disorders; unspecified mood [affective] disorder; phobic anxiety disorders;
other anxiety disorders; obsessive compulsive disorder; reaction to severe stress and adjustment disorders; so-
matoform disorders; eating disorders; habit and impulse disorders; childhood autism; hyperkinetic disorder;
conduct disorders; mixed disorders of conduct and emotions; emotional disorders with onset specific to childhood;
disorders of social functioning with onset specific to childhood and adolescence; tic disorders; other behavioral
and emotional disorders with onset usually occurring in childhood and adolescence.

Table 2. Dataset description.

Category Features Description

Demographics
age_group Age group of the children

gender_child Gender of the children
area_live Area of residence

Social life

recommendations Change in the difficulty to follow recommendations regarding social distancing between the 1st
and 2nd lockdown

relationships_friends Change in the quality of the child’s relationships with his/her friends between the 1st and
2nd lockdown

soc_media Change in the time spent using social media (e.g., Facetime, Facebook, Instagram, Snapchat,
Twitter, Tiktok) between the 1st and 2nd lockdown

Personal life positive_change Change in the positive changes in the child’s life due to the coronavirus/COVID-19 crisis
between the 1st and 2nd lockdown

Family life

family_impact If any event that affected the family occurred due to COVID-19 in the 1st and 2nd lockdown

finance Change in the financial problems faced by the family due to the coronavirus/COVID-19 crisis
between the 1st and 2nd lockdown

relationships_family Changes in the quality of relationships between the child and members of his/her family
between the 1st and 2nd lockdown

family_lost_job Whether the child’s family members lost their job due to coronavirus/COVID-19 in the 1st
or/and 2nd lockdown

economical_impact Whether the child’s family members lost earnings due to coronavirus/COVID-19 in the 1st
or/and 2nd lockdown

Daily activities

exercise Change in the frequency the child engaged in exercise (e.g., increased heart rate, breathing) for at
least 30 min between the 1st and 2nd lockdown

video_games Change in the time spent playing video games between the 1st and 2nd lockdown

tv Change in the time spent watching TV or digital means (e.g., Netflix, Youtube, or web surfing)
between the 1st and 2nd lockdown

reading Change in the frequency the child asked questions, read, or talked about coronavirus/COVID-19
between the 1st and 2nd lockdown
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Table 2. Cont.

Category Features Description

Health concerns

worry_self_infected Change in the child’s worry about becoming infected between the 1st and 2nd lockdown

worry_family_infected Change in the child’s worry about family members or friends becoming infected between the 1st
and 2nd lockdown

worry_phys_health Change in worry that physical health will be affected by coronavirus/COVID-19

worry_mental_health Change in worry that the child’s mental/emotional health will be affected by
coronavirus/COVID-19 between the 1st and 2nd lockdown

Daily stresses

stress_restrict Change in stress caused by the curfew between the 1st and 2nd lockdown

stress_family Change in stress caused to the child by changes in family contacts between the 1st and
2nd lockdown

worry_living_stability Change in the child’s concern about the stability of the family’s living situation between the 1st
and 2nd lockdown

hopeful_end Change in how hopeful the child is that the coronavirus/COVID-19 crisis will end between the
1st and 2nd lockdown

Medical diagnosis
and care

diagnosis_group Diagnosis defined by the medical expert
symptoms Change in symptoms the child had between the 1st and 2nd lockdown
exposure Child exposed to someone likely to have coronavirus/COVID-19 in the 1st and/or 2nd lockdown

support_activities
support_medical

Support activities, physical or medical, respectively, which were in place for the child and have
been disrupted in the 1st and/or 2nd lockdown

family_diagnosis Whether any members of the child’s family have been diagnosed with COVID-19 in the 1st
and/or 2nd lockdown

family_hospitilization
family_quarantine

family_death
family_illness

Whether any of the following have happened to the child’s family members because of
Coronavirus/COVID-19: hospitalization, self-quarantine, death, and physical illness in the 1st

and/or 2nd lockdown

Mood state

l1_general_worry
l2_general_worry How worried the child generally was, in the 1st and 2nd lockdown, respectively

l1_sadness
l2_sadness How happy versus sad the child was, in the 1st and 2nd lockdown, respectively

l1_anxiety
l2_anxiety How relaxed versus anxious the child was, in the 1st and 2nd lockdown, respectively

l1_restlessness
l2_restlessness How fidgety or restless the child was, in the 1st and 2nd lockdown, respectively

l1_anhedonia
l2_anhedonia Ability of the child to enjoy his/her usual activities, in the 1st and 2nd lockdown, respectively

l1_loneliness
l2_loneliness How lonely the child was, in the 1st and 2nd lockdown, respectively

l1_irritability
l2_irritability How irritable or easily angered the child was, in the 1st and 2nd lockdown, respectively

l1_concentration
l2_concentration How well the child was able to concentrate or focus, in the 1st and 2nd lockdown, respectively

l1_tiredness
l2_tiredness How fatigued or tired the child was, in the 1st and 2nd lockdown, respectively

l1_rumination
l2_rumination How often the child was expressing negative thoughts, in the 1st and 2nd lockdown, respectively
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2. Materials and Methods
2.1. Participants and Procedure

A total of 738 parents of children and adolescents with pre-pandemic psychiatric
or developmental diagnosis attending 12 outpatient child and adolescent mental health
services (CAMHS) across four geographical regions in Greece who participated in the
first wave data collection (9 May to 1 June 2020) during the 1st national lockdown were
invited to complete the same survey questionnaire during the 2nd lockdown (16 December
2020, to 8 February 2021). The response rate was 40.5% (N = 299). Table 1 presents the
sociodemographic data of the sample.

All parents who took part in the survey during the 1st lockdown were sent an email
containing information about the study, along with the same unique identification code
number used in the first survey and the link to log into the Google Forms Survey app.
After reading the information about the goals of the study, the process of data collection
and confidentiality, and providing informed consent online they proceeded answering the
questionnaire. The study was approved by the Ethics Committee of each hospital, with
which the CAMHS is affiliated.

2.2. Measures

Demographic information included questions about children’s age, sex, area of living,
and pre-pandemic primary diagnosis code according to the International Classification
of Diseases, 10th Revision (ICD-10; World Health Organization, 1992 [36]), assigned by
clinicians during the first wave of data collection [25].

2.3. Mood States

Ten items from the CoRonavIruS Health Impact Survey (CRISIS) tool were used to
measure the following emotional reactions in children: sadness, reduced enjoyment in
usual activities, general worry, irritability, concentration difficulties, anxiety, loneliness,
rumination, restlessness, and fatigue. Parents were asked to rate the frequency of each
symptom on their children on a 5-point Likert-type scale, ranging from 0 to 4, during the
past 2 weeks. The scores on these ten items were summed to generate the total mood
states score (range 0–40), with higher scores indicating worse mood states. The internal
consistency of the measure was α = 0.83 and α = 0.7 at the first and the second wave
data collection.

COVID-19 impacts on social life, personal life, family life, daily activities, health
concerns, daily stresses, physical health (personal and family), disruption of care, and
support/extra-curricular activities were derived from 32 items of the CRISIS question-
naire [34] and are presented in Table 2.

2.4. Data Analysis Plan

In this study the impact of the second pandemic-related lockdown was investigated on
children and adolescents with diagnosed developmental or psychiatric disorders. To this
end, a machine learning pipeline was adopted, which consisted of: (i) data pre-processing;
(ii) clustering based on the change in mood state score between the 1st and 2nd lockdowns;
(iii) feature selection wrapped with 7 popular classifiers; and (iv) post hoc explainability
based on the SHAP model. This approach aimed to identify the greatest contributing
features that lead to mood state amelioration or deterioration as a means to diagnose,
develop strategies, and prepare for potential upcoming similar events.

Data derived from the questionnaires identified 52 features (Table 2) where 10 were
used to define the mood state score during the 1st lockdown and another 10 for the 2nd
lockdown (see Section 2.2). The remaining (32) features were analyzed using a wrapper
feature selection method for various popular classifiers to identify the most important
feature. This led to the development of an accurate classification model to predict the
change in mood state of children and adolescents between the 1st and 2nd lockdown in
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Greece, and to the identification of the most contributing features to the prediction output
by using an explainability model.

To cluster the subjects the following process, depicted in Figure 2, was followed: (i)
the mood state score for the 1st lockdown (Equation (1) and the 2nd lockdown (Equation
(2) was calculated by the sum of the variables general_worry, sadness, anxiety, restlessness,
anhedonia, loneliness, irritability, concentration, tiredness, and rumination (Table 2); (ii)
the change in mood state was defined as the difference between their mood state score
during the 2nd and 1st lockdowns in Greece (Equation (3). Therefore, a negative value
of the predicted variable mood_change indicated an overall improvement in the subject’s
mood state score, while a positive value indicated an overall worsening in the subject’s
mood state score. Values equal to zero showed that there was no change in the subject’s
mood state score during to the elongation of the lockdown.

l1_mood_state = l1_general_worry + l1_sadness + l1_anxiety+
l1_restlessness + l1_anhedonia + l1_loneliness + l1_irritability+

l1_concentration + l1_tiredness + l1_rumination
(1)

l2_mood_state = l2_general_worry + l2_sadness + l2_anxiety
+l2_restlessness + l2_anhedonia + l2_loneliness
+l2_irritability + l2_concentration + l2_tiredness
+l2_rumination

(2)

mood_change = l2_mood_state− l1_mood_state (3)
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To solve the binary classification problem, seven popular classifiers were employed
and tested: Linear Regression (LR); Logistic Regression (LogR); Multi-Layer Perceptron
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(MLP); LightGBM; Support Vector Machine (SVM) with linear, polynomial, and radial basis
function kernel; Random Forest (RF); and Extreme Gradient Boosting (XG Boost). The
adopted models are frequently used for medical classification problems while covering
various types of prediction models such as tree-based, linear, or neural networks [35,37,38].

Specifically, LR and LogR are used to find a linear relationship between one or more
predictors. LogR is a mathematical model that describes the relationship betweem data
and a dichotomous dependent variable. The model is based on the logistic function,
f (x) = 1

1+e−x , where x ∈ (−∞,+∞) and 0 ≤ f (x) ≤ 1. Thus, regardless of the value of x
the model is designed to describe the data with a probability in the range of 0 and 1 in a
A-shaped graph [39,40].

LightGBM is a gradient boosting framework that uses tree-based learning algorithms.
It uses the histogram-based algorithm to speed up the training process, reduce memory
usage, and combine advanced network communication to optimize parallel distributed
and GPU learning, called the parallel voting decision tree algorithm, and handle large-scale
data. LightGBM uses the leaf-wise strategy to find a leaf with largest splitter gain [41,42].

MLP belongs in the category of Artificial Neural Networks (ANN) and it is the most
common neural network. MLP is based on a supervised training procedure to generate
a nonlinear model for prediction. MLP consists of layers, such as the input layer, output
layer, and hidden layers. Thus, MLP is a layered feedforward neural network where the
information is transferred unidirectionally from the input layer to the output layer through
the hidden layers [43,44].

SVM is another supervised learning model. SVM aims to create a decision boundary,
the hyperplane, between two classes which enables the prediction of labels from one or
more feature vectors, such that the distance between the closest points of each class, called
support vectors, and the hyperplane is maximized [45,46].

RF is an ensemble learning method based on decision trees. RF constructs a large
number of decision trees. Each decision tree denotes a class prediction and the class with
the most votes represents the model’s prediction [47,48].

XG Boost falls in the category of gradient-boosting decision tree algorithms. Gradient
boosting is an algorithm in which new models are created that predict the residuals of prior
models and then add them together to make the final prediction. XGBoost is an extendible
and cutting-edge application of gradient boosting machines, and it has been proven to
push the limits of computing power for boosted trees algorithms. It uses multi-threading
of the CPU, which in turn reduces the computing time [49–51].

Following the classification process, a post hoc explainability model was applied,
such as the Shapley Additive Explanations (SHAP), to rank the features with respect to
their impact on the final outputs of the best performed classifier. SHAP calculates optimal
Shapley values from the coalitional game theory. These values show how fairly the impact
on a model’s prediction is distributed among the features of the dataset. Then, SHAP
develops a mini-explainer model that corresponds to a single-row-prediction pair in order
to explain how this prediction was achieved [52,53].

2.5. Evaluation Set-Up

The above comparative evaluation of the models, the post hoc, and statistical analyses
were coded with Python 3.9 programming language. For the classification models the
python package scikit-learn (https://scikit-learn.org/stable/ accessed on May 2022) was
used while for the SHAP model the relevant package was employed (https://shap.readthedocs.
io/en/latest/ accessed on May 2022).

Table 3 shows the hyperparameters used for tuning each classifier.

https://scikit-learn.org/stable/
https://shap.readthedocs.io/en/latest/
https://shap.readthedocs.io/en/latest/
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Table 3. Hyperparameters of classifiers.

Classifier Hyperparameters

LR -

LogR penalty = [11, 12], C: [0, 1, 2, 4, 6, 8, 10]

MLP hidden layer sizes: [(2, 5, 10), (5, 10, 20), (10, 20, 50)], activation: [tanh, relu],
solve: [sgd, adam], alpha: [0.0001, 0.05], learning rate: [constant, adaptive]

LightGBM n estimators: range (200, 600, 80), num leaves: range (20, 60, 10)

SVM C: [0.001, 0.01, 0.1, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15], kernel:
[linear,sigmoid,rbf,poly]

RF criterion: [gini, entropy], n estimators: [10, 15, 20, 25, 27, 30], min samples leaf:
[1, 2, 3, 4, 5], min samples split: [2, 3, 4, 5, 6, 7]

XG Boost max depth: [1, 2, 3, 4, 5, 6, 7, 8, 9, 10], min child weight: [1, 2, 3, 4, 5, 6, 8, 10],
gamma: [0, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1]

The computer used for the tests had 64-bit windows 10 Pro environment, with an
AMD Ryzen 7 3800X 8-Core Processor 3.89 GHz and 32 GB RAM.

3. Results and Discussion

Regarding missing data during our prospective (two-wave) survey, a statistical analy-
sis was performed with the non-parametric test, Mann–Whitney U test, or else Wilcoxon
rank sum test, between respondents (N = 299) and non-respondents (N = 439) in the second
wave data collection. The results revealed differences between the two groups with regard
to age, overall mood states score, and living area (Table 4). More specifically, children
whose parents dropped out of the study during the 2nd lockdown were older (11.1 ± 4.25)
and had significantly lower mood state scores (13.63 ± 7.17) during the first lockdown as
compared to those whose parents continued their participation in the study with mean age
(9.97 ± 3.38), and mean mood state score (14.42 ± 6.62). Regarding the living area, a higher
percentage of participants who had quit the study were living outside of a city.

Table 4. Statistical results of the Mann–Whitney U test for various features between the participants
who continued the survey and those who quitted. The p-values lower than 0.05 are shown in bold.

Mann–Whitney U Test

Variable U p-Value

Age 49,181.5 0.00033
Gender 54,811.5 0.06065

Mood state score 53,129.5 0.02715
Diagnosis 54,927.0 0.09506

Living area 50,203.0 0.00050
Positive changes 55,271.5 0.09720
Daily behaviors 54,586.0 0.08347

The results are reported on the sample that participated at both time points of data
collection. Based on the parent-ratings of child mood states, nearly half of the sample
(48.9%) presented with an overall mood state deterioration from the 1st to 2nd lockdown,
whereas just over half (51.1%) showed no change or improvement (Figure 3).
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Figure 3. Pie chart of mood change scores.

Visual inspection of Figure 4 shows an increase in the number of children who got
worse across almost all features that form the overall mood state; interestingly, the num-
ber of children reported by their parents to experience “anhedonia” (slight or not at all
enjoyment during activities) decreased from the first to the second lockdown. One possible
explanation for this finding may be that children and youth during the 2nd lockdown,
having experienced the first one, were able to adapt better to restrictions imposed on them
through appreciating having more time for themselves to play and initiate new activities of
their choice at a pace that suited them.
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Figure 5 shows the performance results (AUC-ROC score) of the SSFS with 5-fold
cross-validation wrapped in the comparative classifiers, while Figure 6 illustrates the mean
ROC-AUC score of each classifier per number of features. The results show that the RF model
reached the best performance in 13 features (Table 5). The 13 selected features were the follow-
ing: area_live, diagnosis_group, stress_restrict, positive_change, worry_phys_health, reading,
video_games, relationships_friends, social_media, family_illness, family_hospitalization, fam-
ily_death, and family_diagnosis.
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Figure 5. Performance results (AUC-ROC score) of 5-fold step-wise Sequential Feature Selection
with: (a) Linear Regression; (b) Logistic Regression; (c) Neural Network (MLP); (d) LightGBM;
(e) SVM with linear kernel; (f) SVM with polynomial kernel; (g) SVM with radial basis function
kernel; (h) SVM with sigmoid kernel; (i) Random Forest; and (j) XGBoost.
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Figure 6. Mean ROC-AUC score of classifiers per number of features.

Table 5. Best AUC-ROC score achieved by each model. The best performing model is indicated
in bold.

Prediction Model Best AUC-ROC Score Number of Features

Linear Regression 73.61% 4
Logistic Regression 73.17% 4

LightGBM 73.85% 14
Random Forest 76% 13

XGBoost 75.93% 12
SVM linear 73.90% 8
SVM poly 74.26% 10
SVM rbf 74.15% 10

SVM sigmoid 72.42% 10
MLP 72.85% 4

For the best performed model (RF), a SHAP explainability analysis was performed.
In Figure 7 the x-axis represents the average magnitude change in model output when a
feature was excluded from the model. The higher the value, the higher the importance
of this feature in the prediction outcome of the model. Figure 8 depicts the beeswarm
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plot where the feature names are presented in y-axis based on their importance from top
to bottom, while the x-axis indicates the mean SHAP value showing the change in log-
odds. Gradient color (red to blue) indicates the original value of that feature. Each point
represents a patient from the original dataset. Figures 9 and 10 illustrate the forceplots as
an example of how the most important features contribute to the classification of a subject
with amelioration in the mood change (mood change score = −6) and of a subject with
deterioration in the mood change (mood change score = 8), respectively.
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The post hoc explainability analysis showed that the change in perceived stress derived
from the restriction measures, the change in the perceived positive changes in a child’s life
during the COVID-19, and the change in the time spent on social media were identified
as the most contributing factors to the mood state changes. Moreover, the change in
the amount of time spent on reading information about COVID-19, the change in how
much the child was worried about his/her physical health, the living area, the change
in relationships with friends, and the change in time spent on playing videogames from
the 1st to the 2nd lockdown can also be considered important (Figure 7). Figure 8 depicts
the summary beeswarm plot which shows the global importance of each feature and the
distribution of effect sizes. It reveals that, for instance, if a subject feels less stressed by
the imposed restriction measures during the 2nd lockdown compared to the period of
the 1st one, it then pushes the prediction output to the class 0 (stability/improvement
of mood state). Less time spent on social media and on reading/getting informed about
COVID-19 signifies stability/improvement in mood state. Moreover, if a subject feels that
more positive changes have occurred during the 2nd lockdown as compared to the 1st one,
then his/her mood state remains stable or improves (Figure 8).

For instance, Figure 9 depicts a subject with improved mood state during the 2nd
lockdown compared to the 1st one. It can be noticed that no significant changes occurred in
his/her relationships with friends nor in his/her personal life (positive changes, worrying
about restrictions, and time spent on social media). This could be interpreted as the
subject’s ability to adjust to the “new normality” of daily life. On the other hand, a subject
with mood state deterioration from the 1st to the 2nd lockdown presents a decrease in
perceived positive changes that have occurred in his/her life during the 2nd lockdown, a
worsening of their relationships with friends, and an increase in the amount of time spent
on reading information about COVID-19. Remarkably, even if no change was noticed in
parent-reported child stress levels due to restrictions during both lockdowns, these were
experienced, according to parents, as moderately stressful by the child (Figure 10).

A statistical analysis to identify significant differences between selected features was
performed by using a t-test. Specifically, statistical comparisons were performed to identify
whether statistically significant differences exist between the classes considered for the most
important features as were highlighted by the explainability analysis. The features included
in the analysis were: stress_restrict, positive_change, social_media, diagnosis_group, read-
ing, worry_phys_health, and area_live. Table 6 shows the research of the t-test analysis.
Significant differences were observed between the two groups of patients for almost all the
features considered, specifically the first four (stress_restrict, positive_change, social_media,
and diagnosis_group) along with reading, while two of the features (worry_phys_health
and area_live) that were considered important by the explainability analysis had no signifi-
cant changes between the two groups.
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Table 6. Statistical analysis for mood state change between classes based on the most contributed
factors derived from SHAP analysis.

Features Deterioration vs. Amelioration/Stability of Mood State

stress_restrict p = 0.001
positive_change p = 0.000
social_media p = 0.002
diagnosis_group p = 0.000
reading p = 0.001
worry_phys_health p = 0.057
area_live p = 0.061

Table 7 presents the most important features derived from the RF model based on
ROC_AUC and SHAP. It was observed that the first three features remain the most im-
portant in both cases while the RF model included relationships_friends in the top seven
features instead of reading. Overall, six out of seven top features were the same in both cases
regardless of the features’ rating. Indeed, these features can also be seen in Figures 9 and 10,
where the greatest contributing factors for each subject are presented.

Table 7. Most important features of RF based on ROC_AUC and SHAP.

Most Important Features

RF with ROC_AUC RF with SHAP

stress_restrict stress_restrict
positive_change positive_change
social_media social_media
worry_phys_health diagnosis_group
relationships_friends reading
diagnosis_group worry_phys_health
reading area_live

The present study contributes to our understanding how COVID-19 lockdown regu-
lations may affect child mood states and thereby their mental health. The proportion of
children and adolescents whose mood states remained stable or showed positive change
dropped from the 1st national lockdown (77.7%) period investigated in our previous
study [35] to the 2nd national lockdown (51%). This finding highlights the adverse effects
that repeated lockdowns may have on some children’s mental health and are in line with
the existing literature, suggesting the development of stress-related problems, especially in
children and adolescents with pre-existing mental health or development issues [54].

On the other hand, the observed mood state stability/positive mood state changes in
just under half of the sample are in line with a longitudinal study of mental health in at-risk
adolescents, highlighting that the effects of the COVID-19 pandemic may not necessarily
be detrimental, at least among a specific subgroup of adolescents with pre-existing mental
health problems [23]. Notably, deterioration in mood states was observed in children
with pre-pandemic psychiatric disorders, while those with pre-pandemic developmental
disorders showed stability or positive mood state changes. These results are aligned with
the literature findings [21,55].

Taking the research findings altogether, the contributions of this study to the current
literature include:

• A longitudinal survey during two consecutive lockdowns of different duration in Greece.
• A focus on children and adolescents with pre-pandemic diagnosed psychiatric and

developmental disorders (Table 1).
• The development of a dataset with 52 heterogenous features related to demographics,

medical data, social life, personal life, family life, daily stresses, and daily activities
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(Table 2). The dataset consists of a blend of features that were identified as important
through the presented literature review (Section 1).

• The use of an XAI pipeline for the identification of the most contributing factors that
helped the examined population to retain their mood state, i.e., searching for possible
activities and behaviors that helped children cope with the new daily life during
COVID-19 pandemic and related restrictive measures.

• The findings have implications for clinical practice as they highlight both the impor-
tance of ongoing monitoring mood states during lockdown periods, and the personal
characteristics and daily activities that could contribute positively to mood states
during severe events, such as lockdowns.

• The findings have implications for policy-makers’ decisions relevant for child mental
health care in Greece, i.e., prioritization, better access to mental health care and
psychosocial support services for children and their families, and development of
evidence-based interventions to mitigate mental health impact of future pandemic-
related lockdowns.

4. Conclusions

In this study, an explainable machine learning (ML) approach was adopted to identify
and quantify factors associated with mood state change in the aforementioned population.
The purpose of this study was to further understand the effects of COVID-19-pandemic-
related control measures and identify the factors that may reduce the mental health effects
of such restrictions in children and adolescents. The sample comprised 229 children and
adolescents diagnosed with a mental health or developmental disorder during the year
preceding the pandemic, whose parents completed a survey at two time points—during
the 1st and the 2nd lockdown in Greece. This population was grouped into subjects with
negative change in their mood state (deterioration of mood state) and positive or no change
in their mood state (amelioration or stability of mood state).

To develop a classification model a comparative evaluation was conducted by using
well known classifiers, such as Linear Regression, Logistic Regression, LightGBM, Random
Forest, XGBoost, SVM, and MLP. Of 32 features in total, 13 features were identified as
important with the Random Forest classifier achieving 76% ROC-AUC. This comparative
evaluation was followed by a post hoc explainability analysis by using the SHAP model.
The results showed that from the initial 13 identified features, the change in perceived
stress derived from the restriction measures, the change in the perceived positive changes
in the child’s life during the COVID-19, and the change in the time spent on social media
were the greatest contributing factors to the mood state changes. These findings have
implications for clinical practice, underscoring the need for regular monitoring of changes
in stress levels during periods of restrictive pandemic-related measures and of time spent
on social media, as well as positive changes occurring in children’s daily life, in order to
timely intervene to prevent deterioration in mood state.

The contributions of this study to the current literature include a focus on children
and adolescents with pre-existing psychiatric/developmental disorders, use of a longi-
tudinal (repeated cross-sectional) study design that controls for baseline variables, and
an explainable machine learning pipeline for identifying the most important contributing
factors affecting their mood states during the first year of the COVID-19 pandemic.

As with all studies, the presented results are linked with several limitations. First, this
study relied on parent reports of children. While parental surveys offer several benefits such
as providing the parental point view of their child, their reports may be less accurate for
older children and for internalizing symptoms across ages [56]. For example, results from a
Dutch study showed that children in the clinical population reported more internalized
symptoms over the course of the pandemic while parents did not report differences in
those symptoms from the pre-pandemic period to the first peak of the pandemic, nor
over the course of the pandemic [57]. Furthermore, we did not have data available on the
parents’ own COVID-19 stress and worries, which may have influenced their ratings of
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their child’s mood states. Second, this was a longitudinal study, and whilst it offers data on
the changes in mood states, it poses a question of replicability and application in different
follow-up cohorts. We drew our sample from the population attending public CAMHS,
and thus it cannot be considered representative of children and adolescents with mental
health problems whose parents seek help in the private sector. Moreover, the differences
between the responders and non-responders to the second wave of data collection raises
concerns about the potential for selection bias and limits the validity of our findings. Third,
the diverse mix of clinical diagnoses and the small number of children falling into each
diagnostic code necessitated grouping them to two broad diagnostic categories, which
does not allow for commentary on the impacts of COVID-19-related lockdowns on youth
meeting diagnostic criteria for a specific disorder (e.g., ADHD). Future studies should focus
on expanding participant populations and employing self-reported measures.
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