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Abstract. COVID-19 impact on population mental health has been reported around 

the world. Statistics Canada has conducted a survey among Canadian population to 

gauge mental health challenges they experienced, specifically in terms of anxiety. 
We create a machine learning model to predict anxiety symptoms as measured by 

the General Anxiety Scale among the sample of 45,989 respondents to the survey. 

Eight algorithms including Logistic Regression, Random Forest, Naive Bayes, K 
Nearest Neighbours, Adaptive boost, Multi linear perceptron, XGBoost and 

LightBoost. LightBoost provided the highest performing model AUC score 

(AUC=87.45%). In addition, the features “perception of mental health compared to 
before physical distancing”, “perceived life stress”, and “perceived mental health” 

were found to be the most important three features to predict anxiety. A limitation 

of this study is that the sample is not representative of the Canadian population. 
Preparing for virtual care interventions during a crisis need to take into 

considerations these factors. 

Keywords. Machine learning, mental health, virtual care; tele mental health; anxiety 

1. Introduction 

COVID-19 had a high impact on population health [1] and different communities 

including healthcare workers [2] and students [3]. Covid-19 pandemic had worsened 

populations’ mental health, including anxiety. In Canada, healthcare professionals 

reported higher anxiety symptoms [4] and quarantine was associated with higher odds of 

mental distress [5]. Anxiety could be a debilitating condition. An inquiry into 

population’s anxiety is needed to understand, and plan for mental health interventions 

such as virtual care or tele-mental health. If we can understand better experience of 

anxiety and predict anxiety symptoms, policies can be implemented, and appropriate 

programs deploy in a tailored manner. ML has been used successfully to predict many 

types of diseases including stroke, COVID-19 [6], diabetes, breast cancer, kidney disease, 
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heart failure [7]. We have used machine learning (ML) and the Statistics Canada survey 

on Canadian’s mental health during COVID-19 [8] to predict a significant level of 

anxiety.  

2. Methods 

2.1. Dataset  

The analysis is based on the second cycle (45,989 respondents) of the Statistics Canada 

survey: Canadian Perspectives Survey Series - Public Use Microdata File (April to May 

2020) [9]. All Canadians aged 15 and older, were the intended population for this self-

administered five-minute online survey.  

2.2. Features Used 

We have used all variables provided by the dataset including gender, age group, 

community size, indigenous identity flag, immigration status, province of residence, 

rural/urban indicator, visible minority, mental health compared to before physical 

distancing, perceived life stress, perceived mental health, frequency of going to shopping 

at the grocery store or drugstore, frequency of using delivery service for groceries or 

drugstore, frequency of using a food delivery service for prepared food, concerns about: 

own health, member of household’s health, vulnerable people’s health, Canadian 

population’s health, world population’s health, overloading the health system, civil 

disorder, maintaining social ties, ability to cooperate and support one another, ability to 

cooperate after crisis, family stress from confinement, violence in the home, ability to 

meet financial obligations or essential needs, losing main job or self-employment income 

in the next 4 weeks. The survey measured anxiety using the General Anxiety disorder 

(GAD) [10].  

GAD scores are as follows: 0-4 for minimal anxiety; 5-9 for mild anxiety; 10-14: 

for moderate anxiety and greater than 15 for severe anxiety. The binary “Generalized 

Anxiety Disorder Cut-point” variable was identified as the target variable: moderate to 

severe anxiety (GAD >= 10) vs. minimal to mild anxiety (GAD score <10).  

2.3. Pre-processing, Algorithm Selection and Performance Measurements 

The missing values were replaced with NaN values which were then imputed using K-

Nearest Neighbor (KNN) Imputer. We investigated the following algorithms: Logistic 

Regression (LR), Random Forest (RF), Naive Bayes (NB), KNN, XGBoost, AdaBoost, 

Multilayer Perceptron (MLP), and LightBoost. The performance measurement obtained 

were the receiver operating characteristic (ROC) area under the curve (AUC), Accuracy, 

Precision, and F1-score. We performed hyperparameter tuning using randomized search. 

MinMaxScalerwas used to normalize the dataset. 

Every model produces true positive (TP), true negative (TN), false positives (FP) 

and false negatives (FN). We have used the AUC to compare the models as both the True 

positive rate and false negative rate are important to know in a medical situation (i.e., 

mental health). In our case, we would like to arrive at a model that maximizes both the 

true positives rate known as sensitivity (TP/(TP+FP)), and the true negatives rate known 
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as specificity (TN/(TN+FN)), the AUC is a measure of performance across all possible 

classification thresholds; at the same threshold (e.g., 0.5) a higher AUC reflects a higher 

sensitivity and a higher specificity of a predictive model. Since in the case of mental 

health, the cost of a FP is as important as the cost of FN, then AUC is preferable over 

precision or recall. Finally, feature importance was evaluated using Python algorithms’ 

“feature_importances_”. 

3. Results 

The sample had 5.04% of people with age 15 to 24 years; 21.71% of people with age 

between 25 to 34 years; 26.84% of people with age 35 to 44 years; 19.55% of people 

with age 45 to 54 years; 16.18% of people with age 55 to 64 years; 10.67% of people 

with age 65 years and older.  Minimal, and mild anxiety were reported by most 

participants (38.77% and 32.1% respectively), while moderate and severe anxiety were 

reported by 16.77% and 12.36 % respectively.  

The best ROC score was obtained with the LightBoost model (90.45%), closely 

followed by AdaBoost (90.28%) and MLP (90.31%). The KNN model had the least ROC 

score (87.28%). The models’ performance measurements are presented in Table 1. 

LightBoost model proved to be the best performing the terms of both ROC score and 

Accuracy score. 

Table 1. Models’ Performance measurements 

Algorithm AUC Accuracy Precision F1-Score Time in sec. 
train/test 

LR 89.89% 83.81% 86.57% 88.96% 20.7 / 0.02 

RF 89.84% 83.86% 83.86% 83.86% 31.83 / 0.52 
Naive NB 87.28% 81.44% 83.30% 87.63% 0.16 /0.04 

KNN 87.28% 81.53% 86.06% 87.84% 0.01 / 3.25 

XGBoost 89.52% 83.80% 83.82% 83.80% 0.47 / 0.01 
MLP 90.31% 83.93% 83.93% 83.93% 77.5 / 0.03 

LightBoost 90.45% 84.25% 84.25% 84.25% 0.42 / 0.06 

AdaBoost 90.28% 83.75% 86.20% 86.20% 8.86 / 0.46 

 
We computed the feature importance ranking method for LightBoost; ranking was 

computed as a score out of 1000. Perception of mental health compared to before 

COVID-19 (score 973), perceived life stress (score 901), perceived mental health (710) 

and ability to meet financial obligations or essential needs (623) were found to be the 

most important features in predicting anxiety. We have checked the LightBoost model 

for bias against indigenous, immigrants, female, and below 65 years old, using the Equal 

opportunity difference (EOD). LighBoost showed small bias against people 64 years or 

younger (-6.4%), female (-4.3%), immigrant (-1.8%), and indigenous (-9.05%). 

4. Discussion 

In our study, we are aiming to develop a predictive health and in such situations the AUC 

is a best measurement for performance. A test that has an AUC value between 80% and 

90% is considered an excellent one, while a test with more than 90% AUC is considered 

outstanding [11]. While LightBoost achieved the highest AUC (90.45%) AdaBoost and 

MLP achieved closely similar AUC. 
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Worsening perception of mental health compared to before physical distancing, as 

well as negative perceived life stress and perceived mental health were all high predictors 

of anxiety; this is in line with findings from previous studies [12, 13]. When we have 

built a LighBoost model using only the 4 most important features, the AUC value 

decreased only slightly 88.93%; hence, answers to these 4 simple questions provide a 

robust predictive model. 

This is important finding, as asking a simple question about subjective experiences 

can lead to have an insight into the anxiety symptoms. The ability to meet financial 

obligations or essential needs was also highly important in predict anxiety, this confirms 

prior studies that found income to be associated with anxiety among adolescent [14] or 

in the general population [15]. This might inform policy makers to address economic 

effects of crises (e.g., disasters, pandemics) to mitigate mental health impact, in addition 

to deploying virtual mental health tools [16].  

While there are studies using ML to predict anxiety during the COVID-19 pandemic 

[17], this is the first study that analyzes the statistics Canada dataset related to anxiety 

during covid-19 using a machine learning approach. One limitation of this study is that 

the sample is not representative of the Canadian population. The relatively high bias of 

the model against indigenous population is another limitation. Debiasing the model is 

our next step. 

5. Conclusion 

We have explained and discussed a model to predict anxiety for the general population 

in Canada based on a national survey. LighBoost and Adaboost models are both good 

candidates for anxiety symptom as they both provide comparable AUC and accuracy. In 

addition to virtual mental health applications, government financial support for 

vulnerable populations during times of crises could mitigate impact on anxiety. 
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