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A B S T R A C T   

Background: This study longitudinally evaluated first-onset major depression rates during the pandemic in Italian 
adults without any current clinician-diagnosed psychiatric disorder and created a predictive machine learning 
model (MLM) to evaluate subsequent independent samples. 
Methods: An online, self-reported survey was released during two pandemic periods (May to June and September 
to October 2020). Provisional diagnoses of major depressive disorder (PMDD) were determined using a diag-
nostic algorithm based on the DSM criteria of the Patient Health Questionnaire-9 to maximize specificity. 
Gradient-boosted decision trees and the SHapley Additive exPlanations technique created the MLM and esti-
mated each variable's predictive contribution. 
Results: There were 3532 participants in the study. The final sample included 633 participants in the first wave 
(FW) survey and 290 in the second (SW). First-onset PMDD was found in 7.4% of FW participants and 7.2% of the 
SW. The final MLM, trained on the FW, displayed a sensitivity of 76.5% and a specificity of 77.8% when tested on 
the SW. The main factors identified in the MLM were low resilience, being an undergraduate student, being 
stressed by pandemic-related conditions, and low satisfaction with usual sleep before the pandemic and support 
from relatives. Current smoking and taking medication for medical conditions also contributed, albeit to a lesser 
extent. 
Limitations: Small sample size; self-report assessment; data covering 2020 only. 
Conclusions: Rates of first-onset PMDD among Italians during the first phases of the pandemic were considerable. 
Our MLM displayed a good predictive performance, suggesting potential goals for depression-preventive in-
terventions during public health crises.   

1. Introduction 

Population studies of mental health during the COVID-19 pandemic 
have estimated rates of depression in the general population ranging 
from approximately 8% to 48%. These rates differ greatly across coun-
tries, likely due to differences in psychometric tools, phase of the 
pandemic, and cultural or social context. However, they were higher 
than pre-pandemic rates (Adu et al., 2021; Cénat et al., 2021; Ettman 
et al., 2020; Hao et al., 2020; Lakhan et al., 2020; Liu et al., 2020a, 
2020b; Luo et al., 2020; Salari et al., 2020; Solomou and Constantinidou, 

2020; Wu et al., 2021). A recent estimate of the global prevalence and 
burden of major depressive disorder (MDD) in 204 countries and terri-
tories found an increase of 27.6% in 2020 due to the COVID-19 
pandemic (Santomauro et al., 2021). 

Most surveys use self-report depressive symptom scales that estimate 
only probable cases of major depression, so it is difficult to distinguish a 
true major depressive episode from a transient physiological response to 
the unexpected global crisis. However, it is nevertheless conceivable 
that, during the pandemic, some vulnerable individuals may have 
developed depression that is worthy of clinical attention. It is well- 
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known that exposure to environmental and psychosocial stressors or 
traumatic events is associated with various mental health consequences, 
including first-onset depression or worsening of pre-existing depression 
(Ettman et al., 2020; Gilman et al., 2013; Goldmann and Galea, 2014). 

As MDD is a leading cause of disease burden and disability world-
wide (GBD 2019 Mental Disorders, 2022), it is medically necessary to 
identify the predictors that have placed a portion of the general popu-
lation at higher risk of developing depression due to the COVID-19 
pandemic. Modifiable risk factors may be a prime target for public 
depression prevention programs. Early interventions into mental health 
care may be suitable for certain at-risk groups (Meng et al., 2017) during 
both the ongoing pandemic and future public health emergencies. 

Several possible predictors of self-reported depression in the general 
population during the pandemic have been recognized, including soci-
odemographic factors, such as being female; employment status, such as 
job loss; pandemic-related stressful experiences; low social support; and 
personal characteristics such as having a lower level of coping mecha-
nisms with stressors (Adu et al., 2021; Arpino and Pasqualini, 2021; 
Bruno et al., 2020; Liu et al., 2020b; Prout et al., 2020; Rossi et al., 2020; 
Solomou and Constantinidou, 2020; Vindegaard and Benros, 2020). 
However, most results came from traditional statistical analyses, which 
were insufficient for identifying the most relevant predictors of 
depression in large sets of interrelated variables. 

A few studies predicted pandemic-related mental health via machine 
learning (ML) techniques (Eder et al., 2021; Flesia et al., 2020; Ge et al., 
2020; Prout et al., 2020), which are especially suitable to identify pre-
dictive models in extensive and complex data sets (Orrù et al., 2020; 
Perna et al., 2018; Wardenaar et al., 2021). Only one of this small group 
of studies included assessment of depressive symptoms (Prout et al., 
2020). 

This study analyzed data in two waves of an online survey that we 
disseminated among the general population of Italy in two periods of the 
first year of the pandemic. This study longitudinally evaluated the rates 
of first-onset MDD in Italian adults without any current clinician- 
diagnosed psychiatric disorder (CPsyD) and created a predictive ML 
model of first-onset MDD using in subsequent independent samples of 
Italians. We were interested in including the general population not 
directly exposed to highly specific COVID-19-related risk factors for 
mental health, such as having contracted COVID-19 (Awan et al., 2021; 
De Berardis, 2020) or being health care workers (Awan et al., 2022; De 
Berardis et al., 2021) during the pandemic. For this reason, the survey 
was dedicated to people who were not health care workers, while people 
who contracted COVID-19 were excluded from this study. 

We employed a screening questionnaire based on the DSM diagnostic 
criteria to maximize the specificity of the identification of a major 
depressive episode and minimize the risk of classifying a physiological 
depressive response to an unexpected global crisis as pathological. 
However, as the depression screening was self-report, we considered the 
diagnosis of MDD to be provisional (PMDD). 

To the best of our knowledge, no other study with these purposes has 
been published. 

2. Methods 

2.1. Procedures 

The detailed procedures used have been described elsewhere (Cal-
dirola et al., 2022). Briefly, we disseminated an online self-report survey 
among the general Italian population in two pandemic periods, from 
May 18 to June 20, 2020 (first wave survey) and from September 15 to 
October 20, 2020 (second wave survey). These two waves were part of 
an ongoing longitudinal study approved by the Ethics Committee of 
Humanitas Research Hospital. The study was monitoring the mental 
health of the Italian general population mental health up to 2 years from 
the beginning of the pandemic through successive online surveys that 
we distributed approximately every three months. 

The survey was conducted through the SurveyMonkey platform, an 
online survey provider (http://www.surveymonkey.com), and was 
advertised and shared via social media (Facebook, Instagram, LinkedIn, 
and WhatsApp). 

People who were ≥18 years old and were not health care workers 
were invited to fill in the survey voluntarily and anonymously. Before 
the survey began, participants were required to provide written 
informed consent. 

At the beginning of each survey, the participants were asked to enter 
a few letters and numbers in response to identical standardized hints 
across the surveys (e.g., “please enter the first two letters of your 
mother's name”) to create a unique anonymous identifier. We used this 
identifier to track respondents longitudinally during the study. More-
over, at the beginning of the second wave survey, the participants were 
asked whether they had previously participated in the first wave. 

Each participant's collected data were saved and managed under the 
European regulations for privacy and protected health information. All 
relevant information is available in the SurveyMonkey Privacy Notice 
(www.surveymonkey.com/mp/legal/privacy/). 

2.2. Participants 

The study included 3532 participants who provided informed con-
sent. In this study, we included in the analyses only those who met the 
following criteria: having completed the entire survey; having declared 
never having had a clinician-diagnosed mental disorder, or only have 
had a disorder in the past (in the latter case, we excluded those who 
declared having had major depression); having declared to never having 
contracted COVID-19; and, for participants in the second wave, not 
having participated in the first. 

Our final sample included 633 participants in the first wave and 290 
participants in the second wave. Fig. 1 presents the participant selection. 

A previous study with different aims and inclusion/exclusion criteria 
included a different subsample of the entire group of 3532 participants. 
Specifically, we included only participants with no psychiatric history; 
we estimated the rates of new-onset psychiatric disorders throughout 
the pandemic; and we developed an ML model predictive of at least one 
new-onset psychiatric disorder in subsequent independent samples 
(Caldirola et al., 2022). 

2.3. Measures 

The survey included two sections. The first consisted of a series of ad 
hoc questions to collect participants' sociodemographic data and certain 
personal information, such as lifestyle, personal relationships, medical 
and psychiatric history, occupation, and usual disposition toward mul-
tiple aspects of daily life. 

The other section included several validated self-report screening 
questionnaires (an Italian-language version). Below we describe the two 
of these that we used to gather data for the aims of the present study, 
namely, the Depression Module of the Patient Health Questionnaire 
(PHQ-9) (Spitzer et al., 1999) and the six-question Brief Resilience Scale 
(BRS) (Pirro et al., 2020; Smith et al., 2008). The complete list of the ad 
hoc questions and self-report questionnaires is available on request. 

The PHQ-9 is a screening tool to detect a current major depressive 
episode. This tool consists of nine questions that reference the last two 
weeks; the responses are given on a scale that ranges from “not at all” 
(scored as 0) to “nearly every day” (scored as 3). The DSM-IV criteria- 
based diagnostic algorithm identifies a current major depressive episode 
with a sensitivity and specificity (95% confidence interval [CI]) of 0.73 
(0.59–0.87) and 0.98 (0.9–1.00), respectively (Spitzer et al., 1999); 
recent estimates from multiple studies place pooled sensitivity and 
specificity (95% CI) at 0.61 (0.54–0.68) and 0.95 (0.93–0.96), respec-
tively (He et al., 2020). Due to the self-report nature of the assessment, 
the PHQ-9-based diagnosis of MDD has to be considered as provisional 
(PMDD) and should be confirmed via direct clinical assessment (He 
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et al., 2020; Spitzer et al., 1999). 
The six-question BRS considers resilience to be “the ability to bounce 

back or recover from stress;” the responses are given on a scale that 
ranges from “strongly disagree” (scored as 1) to “strongly agree” (scored 
as 5). 

2.4. Statistical analyses 

We compared the categorical and ordinal variables between the first 
and the second wave with the chi-square (χ2) or the Fisher's exact tests 
and the Mann-Whitney W test, respectively. In the χ2 test, we calculated 
the standardized adjusted residuals and correspondent p-values for each 
cell of the contingency tables to determine which cell differences 
contributed to the significance of the χ2 test results; and we applied 
Bonferroni's correction to the p-values of the adjusted standardized 
residuals. 

The statistical significance level was set at the conventional 0.05. We 
used the R programming language version 3.6.3 (R Core Team, R: A 
Language and Environment for Statistical Computing, R Foundation for 
Statistical Computing, Vienna, Austria, 2020) in the statistical analyses. 

2.5. Machine learning methodology 

ML methodology is used to develop algorithms through training 
examples that are capable of producing the best possible prediction 
when used in new cases with an undefined outcome. In this study, we 
included as potential predictive variables all personal information 
related to factors preceding the pandemic or representing its direct 
consequences, such as pandemic-related individual experiences, namely 
the 46 variables reported in Tables 1 and 2 (see Results) and the Sup-
plementary material (Tables S1 and S2). 

We chose gradient-boosted decision trees among the several avail-
able ML techniques (GBDT). In this approach, several decision trees are 
consecutively trained to reduce misclassification errors in the previous 
decision trees. The final prediction is based on a weighted sum of the 

predictions performed by all decision tree models, which can be in the 
hundreds (Friedman, 2001). This ML technique requires several hyper- 
parameters to be defined during the development of the algorithm. 
Each configuration of the hyper-parameters can lead to a different 
predictive performance of the algorithm through differential tuning of 
the training process. To identify the optimal hyper-parameter configu-
ration, we attempted 40 random hyper-parameter configurations and 
used a Bayesian optimization approach to supply 60 further configura-
tions progressively. 

Because the aim is to identify a hyper-parameter configuration that 
produces an algorithm with the best possible performance when applied 
to new cases not used during training, a stratified 10-fold cross- 
validation was applied. The training sample is divided into folds of 
cases not used in training. Instead, the training is performed iteratively 
on the remaining cases. After training, the algorithm is then applied to 
the previously omitted cases. The hyper-parameter configuration that 
demonstrated the best average cross-validated area under the receiving 
operating curve (AUROC) was considered the best configuration and 
was chosen to be used for the final training algorithm. Possible AUROC 
values range from 0.5 when the algorithm makes effectively random 
predictions to 1 when it is correct in every prediction. 

Applying an a priori selection of the predictive variables to be 
included in an algorithm can be expected to improve its performance 
due to the inclusion of only relevant input variables and excluding 
irrelevant and redundant ones. To achieve this, we used the Minimum 
Redundancy, Maximum Relevance (MRMR) technique, which ranks all 
available predictive variables in order of importance by simultaneously 
considering the association with the output variable (maximum rele-
vance) and the association with other predictive variables (minimum 
redundancy). The hyperparameter optimization and cross-validation 
procedure were performed 46 times. Each time was considered as pre-
dictors a subset of 1 to 46 variables (all variables), as indicated by the 
mRMR procedure, and defined the best subset of the initial 46 predictive 
variables based on average cross-validated AUROC. 

A more detailed description of the ML methodology is reported in the 

Participants 

included in 

the study
n = 633

Participants who 

completed the 

entire survey

n = 1504 n = 529

Participants excluded

(n = 871)

Reasons for exclusion:

1) Past clinician-diagnosed major depression or 

bipolar disorder (n = 549)

2) Current clinician-diagnosed psychiatric 

disorders (n = 296)

3) People who contracted COVID-19 (n = 26)

Participants excluded

(n = 239)

Reasons for exclusion:

1) Past clinician-diagnosed major depression 

or bipolar disorder (n = 131) 

2) Current clinician-diagnosed psychiatric 

disorders (n = 56)

3) People who contracted COVID-19 (n = 19)

4) People who participated in the first wave (n 

= 33)

n = 875 non-completers n = 624 non-completers

People who 

provided 

informed 

consent
First wave survey

n = 2379

Second wave survey

n = 1153

Entire sample of participants n = 3532

n = 290

Fig. 1. Flow diagram of the participant selection process for the aim of the study.  
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Table 1 
Demographic characteristics and pandemic-related changes among the study participants.  

Characteristicsa First wave (N = 633) Second wave (N = 290) 

Prts with first- 
onset PMDD 
(N = 47; 7.4%) 

Prts without 
first-onset 
PMDD 
(N = 586; 
92.6%) 

Prts with first- 
onset PMDD 
(N = 21; 7.2%) 

Prts without 
first-onset 
PMDD 
(N = 269; 
92.8%) 

N % N % N % N % 

Sex, female  37  78.7  423  72.2  15  71.4  211  78.4 
Age, years (mean ± SD)  35.34  14.21  46.36  15.5  31.57  14.61  38.71  14.69 
Education, years (mean ± SD)  14.43  3.02  15.39  3.5  14.14  2.53  15.24  3.39 
Marital status         

Unmarried  28  59.6  212  36.2  15  71.4  142  52.8 
Married/common-law/civil union  13  27.7  312  53.2  5  23.8  106  39.4 
Separated/divorced/widowed  6  12.8  62  10.6  1  4.8  21  7.8 

Living alone (yes)  8  17  69  11.8  2  9.5  20  7.4 
Number of children         

No child  35  75  283  48.3  15  71.4  167  62.1 
1 child  5  10.6  146  24.9  2  9.5  36  35.4 
>1 child  7  14.9  157  26.8  4  19  66  22.7 

Perceived changes in difficulty in looking after children during the pandemic         
Decreased compared with pre-pandemic  1  2.1  27  4.6  1  4.8  10  3.7 
Remained similar to pre-pandemic  4  8.5  176  30  1  4.8  54  20.1 
Increased compared with pre-pandemic  7  14.9  100  17.1  4  19  38  14.1 

Perceived changes in quality of relationship with children during the pandemic         
Improved compared with pre-pandemic  1  2.1  60  10.2  0  0  9  3.3 
Remained similar to pre-pandemic  21  10.3  227  30.7  5  23.8  90  33.5 
Worsened compared with pre-pandemic  1  2.1  16  2.7  1  4.8  3  1.1 

Employment status         
Unemployed  2  4.3  29  4.9  2  9.5  10  3.7 
Retired  3  6.4  85  14.5  1  4.8  18  6.7 
Employed  16  34  240  41  2  9.5  89  33.1 
Self-employed  4  8.5  134  22.9  2  9.5  62  23 
Homemaker  3  6.4  26  4.4  1  4.8  6  2.2 
Student (all undergraduate, attending University)  19  40.4  72  12.3  13  61.9  84  31.2 

Cause of unemployment         
Due to the pandemic  0  0  5  0.9  1  4.8  2  0.7 
Preceding the pandemic  2  4.3  24  4.1  1  4.8  8  3 

Other pandemic-related changes in employment status         
Job changed compared with previous employment  0  0  5  0.9  0  0  5  1.9 
Previous unemployment that turned into employment  0  0  2  0.3  0  0  1  0.4 

Pandemic-related changes in the workplace         
Having continued to work only at one's own workplace  4  8.7  60  10.9  1  5  82  30.9 
Having worked only remotely  12  16.9  208  37.7  2  10  23  8.7 
Having worked in part at one's own workplace and in part remotely  3  6.5  72  13  0  0  42  15.8 

Pandemic-related changes in job position (yes)  1  2.2  15  2.7  0  0  13  4.9 
Pandemic-related changes in work hours         

Increased compared with pre-pandemic  10  21.7  117  21.2  0  0  29  10.9 
Remained similar to pre-pandemic  2  4.3  136  24.6  3  15  98  37 
Decreased compared with pre-pandemic  7  15.2  87  15.8  0  0  20  7.5 

Pandemic-related changes in work shifts         
Increased compared with pre-pandemic  2  4.3  24  4.3  0  0  4  1.5 
Remained similar to pre-pandemic  3  6.5  63  11.4  1  5  47  17.7 
Decreased compared with pre-pandemic  3  6.5  27  4.9  0  0  6  2.3 

Perceived changes in work performance during the pandemic         
Increased compared to pre-pandemic  2  4.3  88  15.9  0  0  22  8.3 
Remained similar to pre-pandemic  9  16.9  175  31.7  2  10  98  37 
Decreased compared to pre-pandemic  8  17.4  77  13.9  1  5  27  10.2 

Perceived changes in work exertion during the pandemic         
Increased compared to pre-pandemic  12  26.1  163  29.5  2  10  66  24.9 
Remained similar to pre-pandemic  4  8.7  128  23.2  0  0  69  26 
Decreased compared to pre-pandemic  3  6.5  49  8.9  1  5  12  4.5 

Adequate procedures for preventing the COVID-19 infection put in place in the workplace 
(judgment of Prts)         
Not at all  0  0  4  0.7  0  0  2  0.8 
A little  6  13  27  4.9  1  5.3  8  3.3 
Significantly  0  0  45  8.1  0  0  37  15.4 
A lot  0  0  63  11.4  1  5.3  41  17.1 
Very much  3  6.5  47  8.5  0  0  21  8.8 

Judgment of one's own economic status during the pandemic         
Improved slightly or significantly  0  0  55  9.4  0  0  18  6.7 
Remained stable  31  66  333  56.8  12  57.1  164  61 
Worsened slightly  11  23.4  147  25.1  8  38.1  68  25.3 
Worsened significantly or very much  5  10.6  51  8.7  1  4.8  19  7.1  
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Supplementary material. 

2.5.1. Training and testing protocol 
We used observations from the first wave survey for training and 

cross-validation of the final algorithm. The observations from the second 
wave survey were used as an independent test set to investigate the 
predictive performance of the algorithm after its development was 
completed. 

The algorithm initially outputs a continuous prediction (range: 0–1; 
values closer to 1 show a higher predicted probability of having first- 
onset PMDD). A classification threshold is applied to obtain the final 
dichotomous prediction. Different threshold values result in different 
levels of sensitivity and specificity. This study chose a threshold value 
that minimized the difference between sensitivity and specificity of the 
cross-validated predictions in the training dataset. This value was then 
applied to obtain the final predictions in the test dataset. 

2.5.2. Evaluating the importance of variables 
As with most ML techniques, the inherent complexity of the GBDT 

model does not allow us to create a direct interpretation of how the 
algorithm estimates the output beginning from the included features. 
Techniques to make ML algorithms more interpretable have been 
developed to overcome this limitation. 

In this study, we used the SHapley Additive exPlanations (SHAP) 
technique (Lundberg and Lee, 2017). A SHAP value is assigned to each 
variable for each prediction created by the algorithm. The larger the 
absolute SHAP value for a certain variable, the larger its contribution to 
determining that prediction in a specific case. In the current study, a 
positive SHAP value contributes to an increased risk of first-onset 
PMDD, whereas a negative SHAP value indicates a contribution to-
ward reduced risk. 

The absolute average of the SHAP values observed for all cases in a 
dataset can be used to identify each variable's overall importance for the 
algorithm. Plotting the value of a variable against the associated SHAP 
values can be used to visualize the relationship between the given var-
iable and the risk of first-onset PMDD modeled by the algorithm. 

The SHAP approach was applied separately to the observations 
collected in the first wave survey (training dataset) and the second wave 
survey (test dataset). 

3. Results 

Descriptive statistics of the variables used as potential predictors are 
presented in Tables 1 and 2 and the Supplementary material (Tables S1 
and S2). The geographical distribution of participants (Table S8) and the 
distribution of past clinician-diagnosed psychiatric disorders (Tables S3 
and S9) are presented in the Supplementary material. 

Statistical comparisons between the two waves of all the collected 
variables are presented in the Supplementary material (Tables S4–S9). 
Significant differences between participants in the first and second wave 
were found in mean age, marital and employment status, number of 
participants living alone, number of children, perceived changes in 
quality of relationship with children, pandemic-related changes in the 
workplace, participants' judgment concerning adequate procedures for 
preventing the COVID-19 infection put in place in the workplace, burden 
of clinician-diagnosed current medical diseases and related medications, 
recreational drug use and physical activity during the pandemic, having 
experienced fiduciary isolation/quarantine, being scared of transmitting 
COVID 19 to others, being stressed by the pandemic-related restrictions 
on activities and personal movement, history of trauma before the 
pandemic, and perception of being supported by friends/colleagues or 
by religious convictions when facing difficulties. The direction of the 

significant differences is described in Tables S4, S5, and S7. No other 
significant differences were found. 

The criteria for first-onset PMDD were met by 47 participants (7.4%) 
in the first wave and 21 (7.2%) in the second, and no significant dif-
ference in distribution was seen between the waves. 

3.1. Performance of ML algorithm 

Among the 46 variable subsets (from size 1 to all variables) indicated 
by the mRMR procedure, the subset whose hyper-parameter optimiza-
tion and cross-validation procedure in the training dataset resulted in 
the best cross-validated AUROC included 10 variables and showed an 
AUROC of 0.9082. All variables remained in the final model (Fig. 2). A 
threshold value of 0.084 minimized the difference between sensitivity 
and specificity in the cross-validated predictions. Applying this 
threshold to the cross-validated predictions, we observed a sensitivity of 
80.0%, a specificity of 80.6%, a positive predictive value of 26.4%, and a 
negative predictive value of 98.1%. This hyperparameter configuration 
was subsequently used to train the final model, taking the entire training 
set without cross-validation. 

We tested the final model using data from the second wave (test 
dataset). The AUROC was 0.856 (95% bootstrap CI 0.77–0.93%). With 
the categorical predictions generated with the threshold identified 
above, our results indicated an average sensitivity of 76.5% (95% 
bootstrap CI 52.9–94.1%), an average specificity of 77.8% (95% boot-
strap CI 72.4–82.85%), an average positive predictive value of 19.7% 
(95% bootstrap CI 14.3–25.8%), and an average negative predictive 
value of 97.9% (95% bootstrap CI 96.0–99.5%). 

3.2. Relative importance of variables 

The relative importance of the 10 variables included in the final 
model was analyzed using the SHAP technique with data from the first 
wave (the training dataset) and the second wave (the test dataset). 

Fig. 3 presents the average absolute SHAP values for each variable 
obtained in the second wave, ordered in terms of their relevance to the 
model. Specifically, it visualizes the average contribution of each vari-
able to the risk estimation for first-onset PMDD in the sample. The 
largest contributions were provided by BRS-item 6, employment status, 
two variables concerning levels of perceived stress due to pandemic- 
related conditions, and BRS-item 3, followed by levels of satisfaction 
with usual sleep before the pandemic and dispositional perception of 
being supported by relatives or household members when facing diffi-
culties. More limited contributions were provided by smoking and cur-
rent use of medications for medical diseases, while having experienced a 
loved one's hospitalization provided the smallest average contribution, 
playing only a marginal role in the model. The variables provided a 
similar average contribution to the model in both waves, except for a 
partial increase in the contribution of employment status in the second 
wave, determined by a higher prevalence of being an undergraduate 
student in the second than in the first wave. 

Fig. 2 presents the SHAP values obtained in the first wave. The levels 
of each variable plotted against the associated SHAP values in the sec-
ond wave are presented in Fig. 4 to visually represent the relationship 
between each variable and the risk of having first-onset PMDD as 
modeled by the algorithm. Plots for the first wave are available on 
request. 

4. Discussion 

The study data were obtained from the first (May 18 to June 20, 
2020) and second (September 15 to October 20, 2020) waves of an 

a All the “Characteristics” are expressed as number (N) and %, except years of age and education that are expressed as mean and standard deviation (SD); in the 
column “Characteristics”: the variables included in the model as potential predictors are bolded and the possible levels of each variable are italicized; m: mean; N: 
number; PMDD: provisional diagnosis of major depressive disorder; Prts: participants; SD: standard deviation. 
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online survey conducted among Italy's general population during the 
pandemic. 

We had two novel aims in our study. First, we estimated first-onset 
PMDD over the first eight months of the pandemic in Italians who had 
no clinician-diagnosed CPsyDs. Second, we produced an ML model to 
predict the emergence of first-onset PMDD in an independent sample of 
participants in the second wave after it was trained on data from the first 
wave. The main advantage of using the ML approach was its capability 
to identify the most relevant potential predictors for first-onset PMDD 
among a very large array of interrelated individual and psychosocial 
variables. 

4.1. First-onset PMDD 

We identified 7.4% of participants in the first wave and a further 

Table 2 
Individual and clinical characteristics of the study participants.  

Characteristics First wave (N = 633) Second wave (N = 290) 

Prts with 
first-onset 
PMDD 
(N = 47; 
7.4%) 

Prts without 
first-onset 
PMDD 
(N = 586; 
92.6%) 

Prts with 
first-onset 
PMDD 
(N = 21; 
7.2%) 

Prts without 
first-onset 
PMDD 
(N = 269; 
92.8%) 

N % N % N % N % 

Clinician-diagnosed 
current medical 
diseases* (yes)  

23  48.9  257  43.9  7  33.3  86  32 

Number of clinician- 
diagnosed current 
medical diseases         
1 disease  24  51  326  55.6  0  0  0  0 
2 diseases  14  29.8  190  32.4  7  33.3  69  25.7 
3 diseases  7  14.9  51  8.7  0  0  14  5.2 
4 diseases  1  2.1  19  3.2  0  0  6  2.2 
5 diseases  0  0  0  0  0  0  0  0 
6 diseases  1  2.1  0  0  0  0  0  0 

Current medications 
for medical 
diseases (yes)  

17  36.2  221  37.7  3  14.3  73  27.1 

Smoking habit 
during the 
pandemic         
Having continued not 
smoking  

37  78.7  484  82.6  13  68.4  197  77.3 

Having continued or 
started smoking  

9  19.1  91  15.5  5  26.3  51  20 

Having quit smoking  1  2.1  11  1.9  1  5.3  7  2.7 
Alchool use during 

the pandemic         
Having continued not 
drinking alchool  

18  38.3  227  38.7  2  10.5  93  36.5 

Having continued or 
started drinking 
alchool  

25  53.2  348  59.4  17  89.5  160  62.7 

Having quit drinking 
alchool  

4  8.5  11  1.9  0  0  2  0.8 

Recreational drug 
use during the 
pandemic**         
Having continued not 
using recreational 
drugs  

43  91.5  572  97.6  16  84.2  241  94.5 

Having continued or 
started using 
recreational drugs  

3  6.4  7  1.2  3  15.8  11  4.3 

Having quit using 
recreational drugs  

1  2.1  7  1.2  0  0  3  1.2 

Practicing physical 
activity during the 
pandemic         
Having continued not 
practicing physical 
activity  

15  31.9  101  17.2  4  21.1  55  21.6 

Having continued or 
started practicing 
physical activity  

16  34  280  47.8  9  47.4  151  59.2 

Having decreased or 
quit practicing 
physical activity  

16  34  205  35  6  31.6  49  19.2 

Satisfaction with the 
usual sleep before 
the pandemic         
Very satisfied  3  6.4  62  10.6  3  15.8  38  14.9 
Satisfied  2  4.3  200  34.1  3  15.8  74  29 
Neutral  10  21.3  100  17.1  3  15.8  43  16.9 
Not very satisfied  14  29.8  186  31.7  5  26.3  84  32.9 
Very dissatisfied  18  38.3  38  6.5  5  26.3  16  6.3 

Having experienced 
fiduciary 
isolation/ 
quarantine due to  

6  2.8  32  5.6  6  28.6  28  10.4  

Table 2 (continued ) 

Characteristics First wave (N = 633) Second wave (N = 290) 

Prts with 
first-onset 
PMDD 
(N = 47; 
7.4%) 

Prts without 
first-onset 
PMDD 
(N = 586; 
92.6%) 

Prts with 
first-onset 
PMDD 
(N = 21; 
7.2%) 

Prts without 
first-onset 
PMDD 
(N = 269; 
92.8%) 

N % N % N % N % 

COVID-19 related 
risk conditions*** 
(yes) 

Having experienced 
a loved one's 
hospitalization 
due to COVID-19 
(yes)  

19  40.4  209  35.7  9  42.9  78  29 

Having experienced 
a loved one's death 
due to COVID-19 
(yes)  

1  2.1  51  8.7  0  0  17  6.3 

Being scared of 
transmitting 
COVID 19 to 
others         
Not at all  8  17  141  24.1  2  11.8  29  13.4 
A little  4  8.5  221  37.7  3  17.6  97  44.9 
Significantly  11  23.4  133  22.7  1  5.9  44  20.4 
A lot  10  21.3  59  10.1  8  47.1  29  13.4 
Very much  14  29.8  32  5.5  3  17.6  17  7.9 

Being stressed by 
the pandemic- 
related 
restrictions on 
activities and 
personal 
movement         
Not at all  1  2.1  111  18.9  6  28.6  70  26 
A little  10  21.3  234  39.9  5  23.8  147  54.6 
Significantly  14  29.8  149  25.4  5  23.8  29  10.8 
A lot  11  23.4  64  10.9  3  14.3  15  5.6 
Very much  11  23.4  28  4.8  2  9.5  8  3 

History of trauma 
before the COVID- 
19 pandemic (yes)  

15  31.9  115  19.6  4  19  39  14.5 

History of past 
clinician- 
diagnosed 
psychiatric 
disorders (yes)  

7  14.9  123  21  3  14.3  45  16.7 

In the column “Characteristics”: the variables included in the model as potential 
predictors are bolded and the possible levels of each variable are italicized. * 
Cardiovascular diseases, diabetes, metabolic disorders, respiratory diseases, 
migraine/headache, oncological disorders/cancer, neurological disordes, 
others; ** considered illegal in Italy; *** e.g., contact with people who were 
diagnosed as having COVID 19; N: number; PMDD: provisional diagnosis of 
major depressive disorder; Prts: participants. 
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7.2% in the second as meeting the criteria for first-onset PMDD. These 
rates were obtained by applying the DSM-IV criteria-based diagnostic 
algorithm to self-reported PHQ-9 scores to maximize the specificity of 
depression screening compared with the use of a score cutoff threshold 
of ≥10 (He et al., 2020; Spitzer et al., 1999). 

Our findings suggest an increase in MDD among the general popu-
lation of Italy during the pandemic, considering the pre-pandemic esti-
mate of an approximately 3–5% 12-month MDD prevalence in Italy 
(Girolamo et al., 2006; National Centre for Disease Prevention and 
Health Promotion (CNaPPS), 2019; Osservatorio Nazionale sulla Salute 
nelle Regioni Italiane, 2019). Likewise, PHQ-based pre-pandemic 
screenings of depression in the general Italian population provided 
prevalence rates of 2.5% (Osservatorio Nazionale sulla Salute nelle 
Regioni Italiane, 2019) and 6% (National Centre for Disease Prevention 
and Health Promotion (CNaPPS), 2019), which were lower than rates we 
identified during the pandemic. However, those studies did not use the 
PHQ-9 instrument. Finally, the lack of epidemiological data for Italy 
concerning the pre-pandemic incidence of MDD prevented us from 
providing direct pre- versus during- pandemic incidence comparisons. 

Considering the shortcomings of the self-report MDD screening 
relative to the pre-pandemic MDD rates obtained via clinical interviews 

(Girolamo et al., 2006), our findings pointed to a possible contribution 
of the pandemic to raising the MDD rates among the Italians. 

In most other Italian studies conducted during the pandemic, the 
rates at which the general population scored above the clinical threshold 
for self-reported depression were higher than the rates we found, 
ranging from 20% to 40%, approximately (Bruno et al., 2020; Mazza 
et al., 2020; Mencacci and Salvi, 2021; Roma et al., 2020). This 
discrepancy may have been due to the use of different psychometric 
tools or the application of the PHQ-9 cutoff score threshold, which 
produces higher sensitivity but lower specificity in detecting a major 
depressive episode than the PHQ-9 diagnostic algorithm that we used 
(He et al., 2020; Spitzer et al., 1999). Finally, we were specifically 
interested in the first onset of primary MDD, we excluded participants 
with CPsyDs and past major depression, but the comparison studies were 
more inclusive. Therefore, the higher depression rates identified in 
previous Italian studies may have included depressive conditions before 
the pandemic, were secondary to other current psychiatric disorders, or 
were recurrent depression in previously remitted people. Similar factors, 
in addition to social and cultural differences, may explain the higher 
rates of self-reported depression that were found in most other studies 
worldwide (Adu et al., 2021; Cénat et al., 2021; Ettman et al., 2020; Hao 

Fig. 2. Variables included in the final ML 
predictive model and average of the absolute 
SHAP values for each variable, ordered by 
their relevance to the model (train dataset, 
first wave). 
The larger the absolute SHAP value of a 
certain variable, the larger the contribution 
of that variable in determining that predic-
tion in a specific case. Specifically, a higher 
risk of first-onset provisional diagnosis of 
major depressive disorder (PMDD) was 
associated with higher agreement with 
“BRS-item 6”; higher levels of “Being scared 
of transmitting COVID-19”; higher disagree-
ment with “BRS-item 3”; lower levels of 
“satisfaction with the usual sleep before the 

pandemic”; higher levels of “Being stressed by pandemic-related restrictions on activities and personal movement ”; being an undergraduate student (“Employment status”); 
higher disagreement with “perception of being 
supported..”; having continued or started 
smoking (“Smoking habit during the 
pandemic”); yes (“current medications for 
medical diseases”); and yes (“Having experi-
enced a loved one's hospitalization”). 
ML: machine learning; SHAP: SHapley Ad-
ditive exPlanations technique.   

Fig. 3. Variables included in the final ML 
predictive model and average of the absolute 
SHAP values for each variable, ordered by 
their relevance to the model (test dataset, 
second wave). 
The larger the absolute SHAP value of a 
certain variable, the larger the contribution 
of that variable in determining that predic-
tion in a specific case. Specifically, a higher 
risk of first-onset provisional diagnosis of 
major depressive disorder (PMDD) was 
associated with higher agreement with 
“BRS-item 6”; higher levels of “Being scared 
of transmitting COVID-19”; being an under-
graduate student (“Employment status”); 
higher disagreement with “BRS-item 3”; 

higher levels of “Being stressed by pandemic-related restrictions on activities and personal movement ”; lower levels of “satisfaction with the usual sleep before the pandemic”; 
higher disagreement with “perception of being supported..”; having continued or started smoking (“Smoking habit during the pandemic”); yes (“current medications for 
medical diseases”); and yes (“Having experienced a loved one's hospitalization”) 
ML: machine learning; SHAP: SHapley Additive exPlanations technique.   
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Fig. 4. Levels of the variables plotted against the associated SHAP values in the second wave. 
SHAP: SHapley Additive exPlanations technique. 
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et al., 2020; Lakhan et al., 2020; Liu et al., 2020a, 2020b; Luo et al., 
2020; Salari et al., 2020; Solomou and Constantinidou, 2020; Wu et al., 
2021). 

Bearing all these factors in mind, it seems that the rates of first-onset 
PMDD among Italians during the COVID-19 pandemic deserve 
consideration. 

4.2. ML predictive model 

Our final best ML predictive model incorporated ten variables and 
displayed a sensitivity of 76.5% and a specificity of 77.8% when tested 
during the second wave, suggesting a good prediction performance for 
first-onset PMDD in independent samples of Italians during the 
pandemic. These results suggest that the same variables that had 
contributed to the emergence of first-onset PMDD at the beginning of the 
pandemic may have continued to affect Italians even in the following 
months. Participants in the two waves significantly differed in some of 
the 46 variables used as potential predictors, possibly due to changes in 
pandemic-related conditions and situations over time. However, the 
good performance of the algorithm in the second wave makes it highly 
unlikely that changes in the distribution of variables between the first 
and the second wave may have significantly affected the predictive 
capability of the algorithm. 

The largest contributions to the prediction among the model's vari-
ables came from individual features that preceded the pandemic, 
namely low “ability to bounce back or recover from” setbacks or 
stressful events, being an undergraduate student, and being unsatisfied 
with usual sleep before the pandemic. Two other factors directly related 
to the pandemic were highly perceived stress regarding the possibility of 
spreading the infection to others and in response to measures restricting 
personal activities and movement. A lower but significant contribution 
was also provided by the pre-pandemic dispositional perception of being 
poorly supported by relatives or household members in facing diffi-
culties. Finally, being an active smoker, including continuing a pre- 
existing smoking habit or starting smoking during the pandemic, and 
taking medications for medical disease treatment contributed to the 
prediction, although to a more limited extent than the other predictors. 
“Having experienced a loved one's hospitalization” displayed the 
smallest average contribution, playing only a marginal role in the model. 

Our results are consistent with other findings around the world that 
find low resilience is a risk factor for poorer mental health outcomes in 
the general population, including depressive symptoms, after wide-scale 
stressors, such as natural disasters (Blackmon et al., 2017; Osofsky et al., 
2011; Shenesey and Langhinrichsen-Rohling, 2015), and the COVID-19 
pandemic (Landi et al., 2020; Lenzo et al., 2020; Liu et al., 2020b; Prout 
et al., 2020; Song et al., 2021). Our previous work has identified low 
resilience as a predictive factor in developing different new-onset psy-
chiatric disorders during the COVID-19 pandemic among Italians with 
no psychiatric history (Caldirola et al., 2022). Although different resil-
ience assessment questionnaires have been used in different studies, 
overall results support the idea that low resilience may be a non-specific 
vulnerability factor in different psychiatric disorders, including 
depression, following exposure to severe stressors, such as the ongoing 
pandemic. However, resilience is currently conceptualized as a complex 
and dynamic quality, including multiple resilience factors that range 
from neurobiological and psychological features of the individual to the 
social context and relationship networks (Ayed et al., 2019; Kageyama 
et al., 2021; Kalisch et al., 2019; Perna et al., 2020; Roeckner et al., 
2021). In line with this, we also found that preceding low levels of 
support by relatives or household members in difficult situations was as 
an additional significant predictor of first-onset PMDD. Because we used 
a single resilience questionnaire that only explores a specific aspect of 
this complex construct, future studies with broader resilience assess-
ments may identify other resilience factors relevant to mental health 
during large-scale, long-lasting stressful events. 

Being an undergraduate student was the only occupational status 

relevant to the predictive model. This finding supports and broadens 
previous findings in different countries of higher pandemic-related 
depressive symptoms among students than in other employment 
groups (González-Sanguino et al., 2020; Lei et al., 2020; Olagoke et al., 
2020). It is also consistent with the multiple reports of substantial rates 
of psychiatric symptoms and disorders among university students that 
have been published during the COVID-19 pandemic (Caldirola et al., 
2022; Dogan-Sander et al., 2021; Li et al., 2021; McLafferty et al., 2021). 
Several pandemic-related changes affected students' mental well-being, 
including difficulty adjusting to online classes, self-regulated learning, 
and self-motivation, as well as daily physical isolation, concerns about 
decreased practical learning experience, perceived increases in univer-
sity workload, and worry regarding capacity to successfully meet aca-
demic criteria (Conceição et al., 2021; Dogan-Sander et al., 2021; Guse 
et al., 2021; Matos Fialho et al., 2021). These student-specific stressors 
might have influenced the occurrence of first-onset PMDD in this 
particular population subgroup, considering that the younger popula-
tion is usually more vulnerable to depression than the older people 
(American Psychiatric Association, 2013). Therefore, strategies to 
improve students' mental well-being during the ongoing pandemic or 
future crises should be implemented at universities, including psycho-
logical and educational support and resilience programs (Akeman et al., 
2020). 

Low satisfaction with usual sleep before the pandemic contributed to 
the prediction of first-onset PMDD. This finding is consistent with lon-
gitudinal studies that identified sleep complaints or disorders in non- 
depressed people as a significant risk factor for later development of 
depression (Baglioni et al., 2011; Byrne et al., 2019; Fang et al., 2019; Li 
et al., 2016; Nutt et al., 2008). Hence, a personal sleep-related vulner-
ability to depression might have contributed to the emergence of first- 
onset PMDD in a portion of the population under pandemic-associated 
stressful conditions. Public awareness campaigns of the importance of 
satisfactory sleep to mental health, including education on sleep hygiene 
and easy-to-implement strategies to develop favourable sleep habits and 
manage insomnia, might help prevent depression in vulnerable people 
during a global crisis. 

Two other important predictive variables for first-onset PMDD were 
the higher levels of perceived stress regarding common pandemic- 
related issues, namely the possibility of transmitting COVID-19 to 
others and the restriction of personal autonomy. We previously showed 
the same variables are significant predictors of different new-onset 
psychiatric disorders among Italians during the pandemic (Caldirola 
et al., 2022). Thus, the subjective emotional responses to unexpected 
stressors may potentially be non-specific risk factors for developing 
mental disorders, including MDD. Even though decreasing personal 
hyperactivity to stressful issues would require psychological treatment, 
more vulnerable people might benefit from supportive public campaigns 
to manage related difficulties during public health crises. 

The contribution of active smoking to our predictive model is in line 
with findings for smoking as a potential risk factor for depression, which 
has multiple possible mechanisms, including oxidative stress, chronic 
inflammation, neural damage, and neurotransmission impairment 
(Hahad et al., 2021). Therefore, strengthening information campaigns 
regarding smoking's detrimental effects on mental health and encour-
aging people to decrease or not to start smoking, especially under highly 
stressful conditions, could play a part in counteracting the development 
depression during public emergencies. 

Finally, our finding that taking medication for medical diseases is a 
predictor for first-onset PMDD is consistent with the well-known bidi-
rectional association between physical illnesses and depression (Roohi 
et al., 2021; Thom et al., 2019). Although further confirmation is 
needed, self-reported medication use for physical diseases may be a 
more reliable proxy for the presence of true medical conditions relative 
to self-reported medical diagnoses. Our finding suggests that careful 
mental health monitoring may be called for among people with medical 
diseases during large-scale stressful events. 

D. Caldirola et al.                                                                                                                                                                                                                               



Journal of Affective Disorders 310 (2022) 75–86

84

Sex did not contribute to the prediction of first-onset PMDD. It seems 
unexpected due to the usual higher prevalence of MDD among women 
relative to men (American Psychiatric Association, 2013). Although a 
large part of participants in our study were women, the ML technique we 
used was suitable to take into account this sex distribution imbalance 
without an expected significant impact on the identification of sex as a 
relevant predictor. Our result may be explained by the use of the MRMR 
technique to maximize the relevance of each variable to the outcome of 
interest and minimize its redundancy among a large array of interrelated 
variables. Therefore, being female may be individually associated with a 
higher risk of depression onset, but it may have been excluded from the 
final predictive ML model because it was associated with and redundant 
relative to other variables highly relevant to the model. In line with this, 
gender is not relevant to the prediction of PHQ-9 score cutoff threshold 
of ≥10 during the pandemic also in the only other study that used an ML 
approach (Prout et al., 2020). 

The same reason may partly explain our finding that having had a 
clinician-diagnosed psychiatric disorder only in the past is not a pre-
dictor of first-onset PMDD. This finding may also suggest that a personal 
vulnerability to other psychiatric disorders does not necessarily confer 
an increased risk of first-onset PMDD in the general population, at least 
under the conditions analyzed in this study. 

4.3. Strengths and limitations of this study 

The strengths of this study include the use of an ML approach, which 
is particularly suitable for developing a predictive model among large 
and complex data sets, and the application of the SHAP technique, 
which allowed us to identify the importance of each variable for the 
prediction. It should be noted that these characteristics of the ML 
approach make it remarkably promising for future studies in the psy-
chiatric field, considering that psychiatric disorders are highly complex 
conditions, involving an interplay of multiple individual, environ-
mental, and genetic features and risk factors. 

Finally, the longitudinal design of this study enabled us to recognize 
a set of variables that continue to exert their influence on first-onset 
PMDD for two periods of the pandemic. 

Likewise, some limitations are present. The sample size was limited 
due to the restrictive inclusion/exclusion criteria. 

Probably due to the involvement of official institutional sites in the 
recruitment, most participants were from north-western Italy. Hence, 
we were unable to include geographical distribution as a potential 
predictor in the model. Considering that sociodemographic and eco-
nomic differences across the country exist, and north-western Italy has 
been particularly affected by the COVID-19, especially at the beginning 
of the pandemic, that limitation can make our results not applicable to 
the general population of Italy. 

The rates of CPsyDs and past major depression, which were exclusion 
criteria in this study, were particularly high, suggesting that participants 
in our study may be not representative of the entire general Italian 
population. All participants in the survey were ≥18 years, so no data 
were collected on younger people. The self-report nature of the entire 
survey cannot exclude inaccuracy or subjective bias among participants, 
even concerning the main inclusion/exclusion criteria, such as psychi-
atric history. Indeed, we cannot exclude that people who reported not to 
have CPsyDs, or not to have had past major depression, could have had 
undiagnosed psychiatric conditions, representing a relevant limitation 
of the study. Likewise, although we used the most conservative method 
of MDD self-assessment available, we could not exclude the consider-
ation that at least part of the PHQ-9-based first-onset PMDDs was not 
related to true clinical MDD diagnoses. Because our survey explored a 
large array of variables with multiple questionnaires, we simplified the 
evaluation of each variable, so in depth-details on several personal 
features, experiences, and behaviors were lacking. Moreover, due to the 
length of the survey and the high probability that information on some 
specific topics was unreliable, we did not include questions concerning 

other known vulnerability factors, such as childhood trauma or family 
history for depression, which have a predictive value for first-onset MDD 
in a pre-pandemic algorithm developed in the US general population 
(Wang et al., 2014). Finally, our predictive model is based on data that 
only covers 2020. However, the pandemic is still ongoing. The global 
scenario has partly changed, including the administration of vaccines 
and a substantial decrease of restrictions on activities and personal 
movement in the general Italian population. 

Further prospective studies should use data from the later pandemic 
phases in 2021 to assess the course of depression, test the model's val-
idity, and explore whether other predictive factors may have played a 
part in first-onset PMDD. 

4.4. Conclusions 

This study identified considerable rates of first-onset PMDD during 
the first eight months of the pandemic among Italian adults without 
CPsyDs and developed an ML model with a good predictive capability in 
two independent samples. 

The model's predictive variables could be used to develop goals for 
preventive interventions during the ongoing pandemic or future public 
health crises, to decrease depression risk among the general population. 

Disclosure 
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