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1. Introduction
Mental health disorders are highly prevalent globally with variability by age, gender and location.

Approximately 29.2% of respondents across 174 surveys in 26 high income countries (HICs) and 37

low and middle income countries (LMICs) experienced at least one common mental disorder (CMD)

across their lifetime (Steel, et al 2014). The World Health organisation (WHO) Global Health

estimates that 4.4% and 3.6% of the global population suffer from anxiety and depressive disorders

respectively (WHO, 2017).

Empirical evidence suggests that the rate of psychopathology is higher among university students,

compared to the general population in HICs such as the UK (Ibrahim et al., 2013) and Australia

(Stallman, 2010). Research by the WHO Work Mental Health International College Student

(WMH-ICS) project has found that approximately one third of first-year students screen positive for at

least one common DSM-IV mood, anxiety or substance use disorder (Auerbach et al., 2018). This

high prevalence of CMD is significant not only for the distress it can cause during a time of great

transition, but it is associated with worsening social adjustment to university life (Alonso et al., 2018),

substantial impairment in academic achievement (Bruffaerts et al., 2018), and adverse health

outcomes including death by suicide (McLafferty et al., 2017). Thus, timely and effective treatment is

needed to address CMD and its adverse outcomes in university students.

It is of note that the number of students requiring treatment for CMD far exceeds the mental health

resources available, resulting in a substantial unmet need for mental health services amongst

university students. Early identification of those at risk for mental health disorders is therefore

essential as primary preventive interventions have been highlighted as part of the public health

response by the WHO Euro region to reduce the burden of mental health disorders (WHO, 2018).

Socio-demographic predictors could be useful for this purpose, hence this data analysis hopes to

identify socio-demographic correlates to mental health disorders that could help in screening in the

population.



Prior research by the WMH-ICS project, which sought to assess CMD and sociodemographic

correlates using a series of surveys in 19 colleges across 8 countries (Australia, Belgium, Germany,

Mexico, Northern-Ireland, South-Africa, Spain and the United States), suggests that female gender,

older age (i.e., 19 and 20+), lack of religious affiliation, and non-heterosexual orientation are

sociodemographic correlates of CMD in university students (Auerbach et al., 2018). Furthermore,

evidence assessing the prevalence of socio-demographic correlates of CMD among students in South

Africa found that female gender, non-heterosexual orientation, and disability were associated with

higher lifetime and 12-month risk of CMD (Bantjes et al., 2019).

The challenge arises therefore in the identification of students requiring treatment for existing CMD

and of those requiring preventive interventions due to susceptibility to CMDs. Reliable analysis of the

prevalence and correlates of CMD in university students is vital, so that effective preventive

interventions can be targeted towards those most at risk. Despite evidence assessing CMD and

sociodemographic correlates in some HICs and middle-income countries (MIC), to date little research

has assessed CMD and sociodemographic predictors in a French student sample – even though France

records the second highest number suicides (9200), in absolute terms, in the European Union (EU;

Eurostat, 2018). Even when adjusting for population size and structure, France records elevated

levels of suicide (14 per 100,000), compared to an EU average of 11 per 100,000. (Eurostat, 2018).

The minimal evidence assessing the sociodemographic correlates of CMD among French university

students presents a gap in the literature, which this project seeks to address.

2. Aim
This is an exploratory study with the aim of describing the potential factors associated with depressive

symptoms among university students in France.

3. Rationale
The study findings could potentially inform the aligning of student support services to address the

potential factors associated with depressive symptoms. The work also serves as a feasibility study

aimed at identifying statistically significant associations with depressive symptoms; and thereby

informing future and more robust predictive modelling projects.

4. Methods
The dataset was downloaded from Dryad (https://datadryad.org/stash/) and presents information on

4,184 undergraduates who underwent compulsory medical assessments at the University Medical

https://datadryad.org/stash/


service in Nice, France between September 2012 and June 2013. Demographic, lifestyle-related and

biophysical information was collected, including living conditions, dietary patterns, physical activity,

financial status and anthropometric measurements (Tran, et al 2018).

4.1 Data Preprocessing

Once the data was obtained, we sought to pre-process the raw data in two stages. These stages were

conducted using R and Python programming frameworks.

I. Data Quality assessment

The key objective of this stage was to examine the data in a bid to establish the accuracy,

completeness and reliability of the data.  This was made possible using the following questions:

I. What data is available?

II. Is the data complete?

III. Is the data accurate?

IV. Does the data have a wide range of variability?

The dataset had a total of 4,184 observations, each having 60 features. A list of the features present in

the data is given below:

Figure 1 - Snippet from R showing the features available in the dataset



A further two features, ‘BMI’ and ‘BMI_Category’, were derived using variables already present in

the data. ‘BMI’ was derived based on weight (‘Weight (kg)’) and height (‘Height (cm)’) converted to

m, using the formula BMI = weight/height2. ‘BMI_Category’ was defined based on the value of BMI

and corresponding BMI category (Centers for Disease Control and Prevention, 2021).

The features available were consistent with the research objectives and therefore there was no need to

look for supplementary data. Furthermore, these features contained various information that alluded to

the distinction of a single data point from another. The data, however, had several missing values.

Figure 2 - Snippet from R showing the missing values under each column

Out of the 4,184 observations, 3,257 observations had at least a single feature missing. We therefore,

decided to drop these rows and this resulted in having 927 observations. The accuracy checks we

conducted involved checking for duplicate observations, checking for outliers and verifying whether

the information is consistent with general knowledge (reality).

II. Data Transformation

The next stage involved encoding the different features into machine-readable format. Our data had a

large number of categorical variables, such as Gender, Age-group and others. We converted the data

into machine readable format seamlessly using R-packages such as dplyr and tidyverse.



Figure 3 - Snippet from R showing the transformation process

4.2 Exploratory Data Analysis

The Pandas profiling module of Python was used to generate a HTML profile report for the dataset.

Visualizations were created to provide preliminary insights into the relationships that existed within

the data. (The Pandas profiling report is attached to this report as a separate document).

4.3 Correlation Analysis

Chi-square tests were used to assess the existence of relationships between the attribute ‘depressive

symptoms’ and 62 independent attributes (p-value of <0.05).

4.4 Feature Identification and selection

Backward/ stepwise logistic regression analysis was conducted using the glm and stepAIC functions

to aid feature selection by identifying statistically significant attributes incorporated into the model.

The Akaike Information Criterion (AIC) was used to assess the quality of the model(s).



4.5 Statistical Analysis

Bootstrapping – The boot.stepAIC function was used to run the logistic model development multiple

times (n=8), giving a proportion of the number of times that each attribute was included and the

number of times the attributes were found to be statistically significant.

VIF – Multicollinearity was assessed using the variance inflation factor.

4.6 Model Validation

The tidymodels library was used to split the dataset into training and testing cohorts. Two logistic

regression models were then developed and validated; (i) baseline model including all the features, (ii)

model composed of selected features. Bootstrapping techniques were applied to run the validation

process 25 times for each model and receiver operating characteristic (ROC) curves were created to

compare model performance.

5. Modelling and Results

Figure 4 - Boruta algorithm output variable showing order of importance in variables

The Boruta analysis was conducted to establish any presence of correlation between the response

variable and the explanatory variables. The analysis indicates that variables such as: BMI, anxiety

symptoms and financial difficulties are some of the variables that were significantly related to the

depressive symptoms.



This allowed for further exploration of the associations using a logistic regression model. The model

with all the independent variables achieved an AIC value of 703.29 while the backward logistic

regression model with 18 attributes achieved an AIC value of 636.5.

The bootstrapping procedure showed that four attributes were selected 100% of the time with every

run of the model development process. The covariates selected were anxiety symptoms,

difficulty memorizing lessons, grant, and professional objectives.

The VIF showed that 6 covariates were significantly associated with each other, and these were

dropped from the model. The resulting model attained an AIC of 638.1.

Finally, covariates that did not have a statistically significant effect in the model were dropped leaving

the following as the final model achieved from the exploratory analysis.

Figure 5 - Logistic regression output



In the model validation process, the selected model outperformed the baseline model; mean

ROC values were 0.59 for the baseline model (A) and 0.69 for the selected model (B). The

validation process was conducted 25 times for each model, the ROC curves in figure 5 below

show these results.

Figure 6 - ROC curves for baseline model and selected model

Discussion
The logistic regression model together with the filtering of the features led to the development of a

model composed of 6 attributes that were deemed to be significantly associated with ‘depressive

symptoms’. This can be interpreted as follows; difficulty in memorising/ impaired memory, financial

difficulties and anxiety were associated with higher odds of having depressive symptoms. This was

similar to a study among Irish undergraduates that found that financial stress and poor family

relationships increased the odds of experiencing depressive symptoms (Horgan, et al. 2018). Likewise

another study among Malaysian undergraduates, found that higher level of study, living off-campus,

poor financial status, pre-existing post-traumatic stress disorder and sleep disturbances were

associated with a higher risk of developing depression (Ashraful Islam et al., 2018). In addition, a

study among French undergraduates supported the evidence that academic and daily stress was

associated with developing depression and further found that students with low resilience were more

at risk (Kkou-Kpolou, et al., 2021). In the current analysis, having professional objectives/focus was

associated with reduced odds of having depressive symptoms.

Having a study grant and public health insurance had a slight contribution to the odds of having

depressive symptoms, but may warrant further interpretation as another study conversely reported



that lack of access to scholarships and bursaries , especially for international students, was associated

with developing anxiety and depression (Bradley, 2000).

The huge burden placed on the university’s health services to provide support and treatment for

CMDs has been acknowledged. The use of novel and time appropriate approaches like online

counselling services could reduce the gap in mental health service provision (Mofatteh, 2020) by

providing an accessible and affordable service for undergraduates (Horgan et al., 2013).

Finally, model validation showed that the selected model outperformed the baseline model composed

of all the features in the dataset. This suggested that more predictive analysis work may be possible to

help identify students who are at risk of developing depressive symptoms.

Challenges and Limitations

Since the research and modelling was based on secondary data, the appropriateness was always in

question. There was a lot of missing data that reduced the range of responses used in the analysis after

data cleaning. The reduction in sample size would normally reduce the power of a study, however this

was of no serious consequence as this is an exploratory analysis.

Conclusion and Recommendations

We conclude that there may be scope for more rigorous predictive modelling for detecting depressive

symptoms amongst students. This would help to tailor support services for students by focusing on

those with risk factors  that are significantly associated with depressive symptoms.
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Appendices

1. Data Utility Framework



2. Tables showing statistically significant associations (made using Stata)







3. Visualisations comparing the depressive symptoms (made using PowerBi)

Appendix 3a

BMI for those with depressive symptoms, ranges from 16.51 kg/m2 to 35.86kg/m2. According to the

NHS, a healthy BMI range for adults is 18.5-24.9kg/m2. Below 18.5kg/m2 is the underweight category.

We’ve focused on this group that falls under having depressive symptoms, in order to produce

another graph, which looks at the BMI categorisations of those with depressive symptoms.

Appendix 3b

Appendix 3b, is filtered with only BMIs of 16.51-35.86 kg/m2 and those with depressive symptoms

only. It can be seen here that there is an even split in proportion between those that are



underweight, normal weight, overweight and in obesity class I. The proportion falling in obesity class

II is minuscule. This split shows that there is no direct link between the weight distribution and

mental wellbeing of this particular set of French students.  The heart rates of those in all BMI

categories overall, edges above the upper quartile figure of 80 bpm.  There is one massive outlier in

the underweight category at 160 bpm and several outliers in the normal weight category, close to

160 bpm. NHS states on their website that the normal resting heart rate for an adult is between 60

and 100 bpm. Apart from the outliers mentioned, most of these figures are below 100 bpm. From

this information alone, it is suggestive that the depressive issues that these students face, may have

nothing to do with anxiety or panic attacks, but this is not conclusive.


