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ABSTRACT

Objectives:

To understand the extent to which various demographic and social
determinants predict mental wellbeing status and their relative hierarchy
of predictive power in order to prioritize and develop population-based
preventative approaches.

Design:

Cross-sectional analysis of survey data.

Setting:

Internet based survey from 32 countries across North America, Europe,
Latin America, Middle East and North Africa, Sub Saharan Africa, South
Asia and Australia.

Participants:

270,000 adults aged 18-85+ who participated in the Mental Health Million
project.

Primary and secondary outcome measures:

We utilized 120+ demographic and social determinants to predict the
aggregate mental health score of individuals (MHQ) and determine their
relative predictive influence using various types of machine learning models
including random forest, gradient boosting and logistic regression. The
MHQ is derived from self-ratings of 47 mental health elements spanning
ten disorders and provides a score that positions individuals along a
spectrum from negative to positive mental health status that aligns with
life impact and function criterion.

Results:

Classification models correctly identified 80% of those with a negative
MHQ, while regression models predicted the specific MHQ score within
+15% of the position on the scale. Factors with the biggest predictive
impact were young age followed by frequency of social interaction with
friends, frequency of good sleep and physical exercise, and number of
traumatic experiences. Age had twice the predictive power of social
interaction which, in turn, was twice as important as the next four most
important factors. Other predictive factors included sexual abuse,
cyberbullying, and use of sleeping pills and sedatives.




ABSTRACT

Conclusion:

Social determinants of traumas and adversities and lifestyle can account
for 60-70% of mental health challenges. However, additional factors are
at play, particularly in younger age groups that are not included in this
data and need further investigation.

Strengths and limitations of this study:

— The findings are based on a very large-scale global dataset that
encompasses comprehensive mental health profiles and a wide array
of demographics and social determinants.

— The MHQ provides an aggregate metric of mental health for overall
prediction that has been validated against metrics of function such as
work absenteeism and presenteeism as well as clinical diagnoses.

— The disproportionate impact of age indicates that important factors exist
that have not been included heresuch as social factors (e.g. Internet
behavior), dietary factors and other factors of the physical environment
that cannot be easily captured through survey.

— Data are based on online self-report and therefore relevant only to
an internet enabled audience, which excludes the poorest populations
of the world where different factors may be at play. This approach is
also not likely to fully capture the negative extreme, i.e., those with
very severe mental illness who are not capable of accurate online self-
assessment.

Keywords:

mental health; psychiatry; public health; risk factors; predictive modelling;
machine learning




1. INTRODUCTION

The increased prevalence of mental health conditions
as a consequence of the Covid-19 pandemic [1] and
changing societal and generational dynamics [2-5] is
placing increasing pressure on healthcare services [6].
This has created an urgent need to better understand
the differential impact of various demographic and
social determinants on mental health status. Such
understanding can inform targeted preventative
public health strategies at a population level to
enhance societal mental health outcomes.

A number of determinants have been shown
individually to contribute to mental health outcomes
including socioeconomic status [7-9], employment
status [10-12], educational attainment [13-15], sexual
abuse [16-18], cyberbullying [19-22], divorce [23-26],
physical exercise [27-31], social interaction [32-37]
and sleep quality [38-41]. However, studies to date
have focused either on individual social determinants,
individual mental health disorders or specific
populations or clinical groups. Consequently, we
presently lack an integrated understanding of the core
determinants which are universally most influential
to people’s mental health status and their relative
importance, across multiple determinants, mental
health disorders and population groups [42-44]. This
understanding will provide guidance on how resources
and public health strategies and initiatives can be
deployed at a population level for maximal impact,
and contribute to the ongoing debate on the extent
to which mental health challenges can be addressed
through societal rather than medical means [45-47].

Supervised and unsupervised machine
approaches using large-scale data offer considerable
opportunities for the advancement of mental health care
and research [42] [48-52], and have been increasingly
used to understand how multiple factors come together
to predict health outcomes and their relative importance.
This approach has been utilized with success in other
fields such as cardiology [53-55]. However, data that
aggregates many social determinants into a single
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study across a large population are rare. Medical
records typically do not contain information on
social determinants and what is available tends to be
unstructured and must be mined from physician notes
[56] [57]. Further medical records exclude the well
population and therefore the ability to understand
those social determinants that separate those with
challenges from the well. Another challenge in
mental health is that assessments are generally at
the level of particular disorders and therefore do not
provide an outcome of overall mental distress that
aggregates across symptoms and disorders that tend
to have high comorbidity [58-63]. Thus, while these
techniques have been utilized to understand the social
determinants of health generally [51] [64-66], they have
not, to our knowledge, been used to predict mental
health status from a large number of demographic and
social determinants.

In this study, we used a unique global cross-sectional
sample of 270,000 records spanning 32 countries and
four languages taken from the Mental Health Million
Project, a dynamic repository of global mental health
data [67]. This data is obtained through the online
MHQ assessment that includes self-assessment of
47 different elements of mental health, covering ten
mental health disorders, on a life-impact scale, as
well as self-report of over 120 potential determinants
including demographics, lifestyle, trauma and adversity,
substance use and medical conditions 68. An aggregate
score of mental health, the mental health quotient
or MHQ, positions individuals on a spectrum from
distressed to thriving, and decreases systematically
with loss of work productivity and increasing number
of clinical symptoms [69] [70]. The objective of
this study was therefore to use supervised learning
approach to identify how well these demographic
and social determinants could predict mental health
status, as captured by the MHQ, and reveal the relative
hierarchy of influence across these determinants.




2. MATERIALS AND METHODS

2.1. Data source and structure

The data used in this cross-sectional study was from
the Mental Health Million Project, a dynamic, ongoing
repository of global mental health and life context data
that is openly available to the research community [67]
and is acquired through the online MHQ assessment.
This free and anonymous assessment captures ratings
of 47 mental health elements on a life impact scale
spanning symptoms of ten major mental health
disorders and elements from the Research Domain
Criteria (RDoC), as well as numerous life context
factors including demographics, lifestyle factors,
trauma experiences, medical conditions and substance
use [67] [69 70]. It takes approximately 15 minutes to
complete and returns a detailed personalized report to
respondents. No financial compensation was provided.
Participants were recruited via outreach campaigns on
Facebook and using Google Ads by targeting a broad
cross section of internet-connected adults 18-85 in
each age-gender group and across a wide geographic
and socioeconomic demographics to ensure broad
representation in the sample. This online recruitment
method provided a rapid, flexible, low-cost and
anonymized way of sampling a broad cross section
of the general population aged 18+ and overcomes
many of the obstacles of probability sampling [71].
The final sample included 284,000 respondents, aged
18+, who had completed the MHQ between April
2020 and December 2021. This sample population
spanned 32 countries and four languages (English,
Spanish, French, Arabic; see Supplementary Table
1 for full list of countries and N values), where the
online MHQ assessment was active during this time
period. Records were removed if time to completion
was <7 minutes, if the same option was selected for all
rating questions (standard deviation of answers <0.5),
or if the respondent provided incorrect or impossible
answers (e.g., 500 hours since last meal). 270,000
records were included in the final analysis. The data
used in this study received ethics approval from the
Health Media Lab Institutional Review Board (Office
for Human Research Protections Institutional Review
Board #00001211, Federal Wide Assurance #00001102,
IORG #0000850).

2.2. The Mental Health Quotient (MIHQ)

The Mental Health Quotient or MHQ is an aggregate
score that positions individuals on a spectrum from
distressed to thriving [70]. The score is based on an
algorithm that thresholds ratings as negative and positive
based on the impact to function and applies a nonlinear
transformation of the scale such that increasing negative
impact to function is amplified [70]. The resulting MHQ
scores fall on a positive-negative continuum. The positive
scores, indicating normal functioning, range from 0 to
200 and are scaled to a mean of 100 based on sample
data from 2019 (obtained from USA, UK, India English
speaking population pre-COVID-19 pandemic). The
negative side of the scale has the structure of a long tail
that has been linearly rescaled to compress values within
a range of -1 to -100 (to mitigate the impact of negative
scores on the individual). (See Supplementary Figure 1
for re-scaled and original distributions of this data).

The MHQ score has been shown to have strong sample-
to-sample consistency as well as criterion validity using
data from 179,298 people across eight English-speaking
countries [69]. This includes demonstration that, in
the aggregate, average number of clinical symptoms
and clinical diagnoses increase systematically as MHQ
scores decrease, and that MHQ scores are linearly
related to work productivity, including absenteeism
and presenteeism [69]. Population MHQ scores also
align with well-established trends relating to age,
employment, education, physical exercise, sleep and
social engagement, as well as being generally higher in
males than females [72].

2.3. Encoding of demographic and social
determinants

The various demographics and social determinants
captured are shown in Supplementary Tables 2 and 3.
Only surveys where all questions had been completed are
submitted to the Mental Health Million database, there
is thus no missing data within the variables of interest.
Household income and ethnicity were not used since they
were only obtained for select countries. Furthermore,
household income could not be easily normalized across
countries due to differences in currencies and purchasing
power parity.

Within the MHQ, these determinants could be represented
by two categories of data: categorical or numerical.




For the supervised learning approaches described
below, a multiple-choice encoding method was used
where items in multiple-choice lists (e.g., different
types of trauma experiences) were each considered as
individual features coded as either one (if selected) or
zero (if not selected). Overall, this coding resulted in a
feature set of 121 elements.

2.4. Correlations between determinants

Given that demographic, social and life experience
factors are known to be correlated, as a check of
the data we assessed correlations between different
determinants. This was done by converting questions
with ordinal answer selections into their numerical
rank order. For example, selections of a single answer
from among four options describing frequency
of physical exercise and ranging from “Rarely/
never” to “Everyday” were assigned numeric values
from one to four representing increasing exercise
trequency (Supplementary Table 4). These numerical
mappings were then used to determine Spearman’s
rank correlations and their corresponding p-values
(Supplementary Figure 2). The strongest positive
correlations (p<0.0001) were between age and number
of medical conditions (r = 0.3); number of traumas and
substance use (r = 0.2); and frequency of good sleep
and social interactions (r = 0.2). Physical exercise was
also significantly positively correlated with sleep and
social interaction (r = 0.1). Conversely, frequency of
good sleep and social interaction were both negatively
correlated with number of traumas experienced and
number of substances used (r = -0.2). These findings
are consistent with reports in the literature and provide
additional validity to the data [73] [74].

2.5. Prediction of MHQ scores

To determine how well contextual factors predicted
mental health status, defined as having either a positive
or negative MHQ score, the following supervised
learning models were used: random forest [75], gradient-
boosting [76], naive bayes [77], and logistic regression
[78]. Three-, five-, and ten-fold cross-validation was
performed, and five performance metrics were used
to evaluate the four algorithms [area under the ROC
curve (AUC), classification accuracy (CA), F1 measure,
precision, recall]. Results were reported as the average

of the positive MHQ and negative MHQ prediction
models. Lift scores were calculated as the ratio between
the true positive rate of the model and the positive rate
in the population [79].

Separately, gradient boosting, random forest, and linear
regression models [80] were used to predict individual
MHQ scores across the -100 to +200 score range. The
prediction performance was evaluated using root mean
squared error (RMSE), mean absolute error (MAE), and
R-squared (coefficient of determination).

All analysis was carried out using Python (version
3.8) including the scikit-learn, pandas, seaborn and
shap libraries. Orange (version 3.32), an open-source
Python library with a hierarchically-organized toolbox
of data mining components, was used to simplify
data manipulation, transformation, visualization, and
modeling workflows.

2.6. Assessing the impact of feature categories
and individual features

To assess the impact of different categories of features on
model performance, feature categories were sequentially
added (sequential forward selection), and performance
metrics were calculated for the gradient boosting
classification and regression models used for sign and
score prediction, respectively.

The relative importance of individual features for the
gradient boosting models was determined by how often
the feature was selected to split the tree during learning,
and how much it contributed to reducing the squared
error over all trees in the model. The reduction in
squared error attributable to that feature was computed
based on the difference in squared error between that
node and its children and normalized to the highest
value. Thus, the larger the difference in squared error
between the node and its children across the tree, the
greater the influence of the feature. We also used the
SHAP method to compute Shapley values, to assess how
specific features affect prediction outcomes through
additive feature attribution, thereby providing a view
of both the magnitude and direction of each feature’s
contribution [81].

2.7. Patient and public involvement statement

There was no patient or public involvement in this study.




3. RESULTS

3.1. Prediction of mental health status and
scores

All models (gradient boosting, random forest, naive
bayes and logistic regression) were able to classify
mental health status as negative or positive using
demographic and social determinants with high
accuracy and precision (Supplementary Table 5).
Negative status refers to MHQ scores <0 which
typically represent >5 symptoms and functional
impact of >3 days of workloss per month while positive
refers to a normal range of function with typically <3
days of loss of work per month 69. ROC curves for
model prediction of MHQ scores <0 (Figure 1A) and
of MHQ scores >0 (Figure 1B) show that performance
was similar for all models (AUC ranging from 0.8 for
random forest to 0.84 for gradient boosting (GB);
Supplementary Table 5). Going forward, we further
characterized performance, robustness and feature
importance for the GB model alone.

Overall, the GB classification model was able to
correctly identify 80% of those who were struggling
with their mental health (i.e., MHQ scores <0) with

a precision of 79% (Supplementary Table 5). Across
the range of scores, 85% of those with the most severe
mental health challenges (lowest 5% of MHQ scores,
typically corresponding to the presence of one or
more clinical disorders 69 70 could be accurately
identified as having negative mental health status
(Supplementary Table 6). Conversely, 96% of those
within the top 20% of MHQ scores (typically MHQ
scores >120) could be correctly identified as having
positive mental health status. The lift of the model
(a measure of how much prediction is improved by
the model relative to random classification) was >2
for the lowest 50% of negative scores and 2.7 for the
lowest 5% (Supplementary Table 6).

Using GB, random forest and linear regression
models, an individual’s specific MHQ score could be
predicted with an average error of +18-19% of the
300-point MHQ scale using the RMSE methods and
+15-15.3% using the MAE method (Supplementary
Table 7). Models had R2 between the actual and
predicted MHQ values ranging from 0.4 for random
forest to 0.44 for linear regression.

Figure 1 - FOC CURVES FOR FOUR TYPES OF CLASSIFICATION MODELS PREDICTING

(A) MHQ<0 AND (B) MHQ=0.

0l |

o
&

True Positive Rate
=3
I

02

%% 0.z 0.4 0.6 08 10 :

False Positive Rate

Gradient Boosting

08

=]
o

True Positive Rate
o
I

0.2

"o 02 ¥ Y 0B Lo
False Positive Rate :




We next looked at how model performance changed
with sample size for both the GB classification and
regression models (Figure 2). Increasing sample size
from 5,000 to 10,000 records provided the steepest
gains in classification model performance and was
relatively stable beyond a sample size of 50,000.
For the regression model there were substantial
performance gains as the sample size increased up to
40,000. Although not shown, we note that the standard
deviation of performance metrics across iterations also
decreased sharply as the sample size increased. This
makes the case for the need for large scale studies of at
least 20,000 to 50,000 for stable and robust results.

3.2. Contribution and relative importance of
categories of determinants to prediction of mental
health status

Evaluation of the GB classification model performance
for different categories of determinants (Supplementary
Table 8) showed that a subset of demographic features
alone (age, gender, country, and language) predicted
the sign of the MHQ score with an AUC of 0.75 and

F1 of 0.73. Incorporating education attainment and
employment status into the model increased the AUC
and F1 scores to 0.78 and 0.75, respectively. Similarly,
lifestyle factors alone (frequency of getting a good
night’s sleep; frequency of exercise; frequency of in
person socializing with friends) had an AUC of 0.73
and an F1 score of 0.71, while trauma and adversities
alone had a slightly lower AUC of 0.64 and an F1 score
of 0.68. Combining all demographic factors with all
lifestyle factors increased the AUC from 0.77 to 0.82
and F1 scores from 0.74 to 0.78. The further addition of
traumas and adversities and medical conditions yielded
no additional model improvement, while the addition
of substance use marginally improved performance
to an AUC of 0.84 and an F1 score of 0.79. A similar
pattern of contribution of these determinant categories
to model performance was observed for prediction of
specific MHQ scores using regression (not shown).
This redundancy of determinant categories reflects the
interdependence of determinants and suggests that
lifestyle and trauma experiences may derive in large
part from demographic position.

Figure 2 - PERFORMANCE CHARACTERISTICS OF THE GRADIENT BOOSTING MODELS
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3.3. Relative importance of specific individual
determinants in the prediction of mental health
Status

For both the GB classification and regression models,
we evaluated the reduction in the squared error
attributable to each individual factor to determine their
relative importance in predicting mental health status
(Figure 3). This provided an estimate of how much each
determinant contributed across all different trees of the
model, each representing a different constellation of
factors overall. Across both types of models, the most
important factor for predicting MHQ sign or score was
being in an 18-24 age range, which contributed twice
as much predictive power compared to the next most
important factor, which was rarely or never socializing
with friends in person. This was followed by being in an
25-34 age range, rarely getting a good night’s sleep, rarely
engaging in physical exercise, and a higher number of
lifetime traumas and adversities, all of which contributed

only 30-45% of the predictive power of rarely socializing
with friends in person. Employment status also featured
among the top 20. Among the various traumas and
adversities, sexual abuse or assault and cyberbullying
contributed most, while use of sedatives or sleeping pills
contributed the most of all substances used. Notably, the
experience of financial adversities were not individually
prominent in prediction.

We also assessed whether a particular feature predicted
a more negative or positive MHQ using SHAP values
(Figure 4). The dominant factors were consistent with
findings from the squared error method. Age under 35,
lack of in-person socializing, poor sleep, lack of physical
exercise, the experience of a larger number of traumas
and adversities, sexual abuse, cyberbullying and use
of sedatives or sleeping pills contributed strongly to
negative or low MHQ scores, while regular in-person
socializing, exercising, getting a good night’s sleep, and
older age contributed to positive MHQ scores.

Figure 3 - TOP 20 FEATURES RANKED IN ORDER OF IMPORTANCE FOR MODEL PERFORMANCE FOR
(R) GRADIENT BOOSTING CLASSIFICATION AND (B) GRADIENT BOOSTING REGRESSION.
FEATURE IMPORTANCE IS COMPUTED AS THE SUM OF THE CONTRIBUTIONS TO SQUARED
ERROR REDUCTION AND NORMALIZED TO THE VALUE FOR AGE
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Figure 4 - SHAP VALUES FOR THE TOP 25 FACTORS FOR (R) THE GRADIENT BOOSTING
CLASSIFICATION MODEL AND (B) THE GRADIENT BOOSTING REGRESSION MODEL
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4. DISCUSSION

Using a comprehensive set of 47 mental health symptoms
and 120+ determinants from 270,000 adults, we have
shown, as per our objectives outlined in the introduction,
that with just a handful of demographic and social
determinants, it is possible to predict mental health status
with high accuracy and precision. Furthermore, we show
the hierarchy of importance of individual determinants
and highlight the dominance of being part of GenZ (18-
24) and infrequency of in-person socializing with friends
as outsized predictors of mental health status.

4.1. Life context as the primary determinant of
mental health status

We have shown here that 80% of people struggling with
mental health challenges could be accurately identified
from their demographic and social characteristics.
Similarly, ones specific MHQ score or position on
a scale of mental health ranging from negative to
positive could be predicted within an average error
of £15%. This suggests that our mental health status
is largely dependent on the societal milieu in which
we live; in essence an expected response of our brain
and mind to ongoing life circumstances [42] [44] [82-
85]. Understanding these demographic and social
determinants provides an opportunity to substantially
alter mental health outcomes at a population level
through systemic societal shifts and delivers an impetus
for individuals to take action to alter the circumstances
of their own lives.

4.2. The relative impact of individual determinants

This study furthers our understanding of the specific
demographic and social determinants that are most
influential in driving population mental health status.
While all demographic factors together were effective
at predicting MHQ sign, young age (i.e., being 18-24
followed by 25-34) was disproportionately powerful as a
predictor of negative mental health. This is supported by
other evidence that shows overall mental health status is
worse for each younger age group: data from the Mental
Health Million Project has shown that in 2021, 44% of
young adults (18-24 years) were mentally distressed or
struggling compared to 7% among those aged 65 and
above [72], while other studies also highlight the increase
in mental health problems in teens [2] [3]. This is in sharp

contrast to psychological wellbeing patterns observed
prior to 2010 where young adults were typically at the
higher end of wellbeing scales [86] [87]. The timeline of
this decline of younger generations is also highlighted by
a recent CDC report that shows a sharp rise in feelings
of sadness reported by teens only in this last decade [88].

Given that age is immutable, this trend suggests that age
stands as a proxy for global changes in the environment
and life context with each generation that are not
currently captured in this data. Two key factors stand
out as important for further investigation. The first is the
considerable shift in the socio-technological environment
across generations with the introduction of the internet
in the 1990s and smart phones (e.g., iPhones) in 2007. A
growing body of evidence suggests that this shift, and in
particular the unhealthy use of social media, is having
a negative effect on mental health within the GenZ
population [89]. The second is the concerning many-
fold increase in the levels of neuroendocrine disruptors
and neurotoxic substances such as microplastics and
phthalates in our food and water [90-92] that are
increasingly detectable in our blood [93-95]. A corollary
of this is that the impact of age on model outcomes will
change with changing environment.

Amonglifestyle orlife experiencefactors,lack of in-person
socializing with friends, lack of physical exercise, poor
sleep and a larger number of traumatic experiences were
key predictors of negative mental health. Interestingly,
lack of in-person socializing with friends was almost
twice as important as all the other factors and is supported
by other evidence highlighting the importance of in
person socializing [33] [96]. The reasons behind low
levels of in-person socializing are complex, calling for
the need to evaluate deeply the sociological factors that
drive it. It is also of interest that cyberbullying, which is
far more prevalent among younger adults [97], was one
of the key trauma factors in addition to sexual abuse,
and aligns with other research [16-22]. On the other
hand, the experience of financial traumas and adversities
such as homelessness and difficulty making ends meet
were relatively less predictive and did not make it into
the top 25. Together, this hierarchy of influence across
demographic and social determinants provides an initial
framework to approach population mental health at a
preventative level and points to where efforts should be
focused for the greatest impact. Solutions that enable
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greater frequency of in-person social interaction for
instance could have a much greater impact on population
mental health compared to financial programs while a
combination of increased in-person social interaction
and physical exercise may enhance population mental
health more significantly than tackling the prevalence of
a host of traumas and adversities.

4.3. Implications, limitations and conclusions

The degree to which demographic and social
determinants predict our mental health status attests
to how intimately intertwined the struggles of mind
are with life circumstances. Practically, these findings
are a first view of how analysis of large-scale global
multidimensional cross-disorder data can provide
insights into the relative impact of various demographic
and social determinants on overall population mental
health. An implication of understanding the full impact
of these determinants is that it can enable the separation
of mental health profiles that are predominantly socially
driven from those that are predominantly biologically
driven (i.e., due to genetics, pathogens, toxins). This
first iteration, however, identifies certain gaps. First, the
disproportionate impact of age indicates that important
factors exist that have not been included here. The most
obvious and significant relates to use of the internet.
In addition, the importance of in-person socializing
suggests that it is important to probe social relationships
in much more detail. The addition of relevant factors in
these areas may substantially elevate model performance
and eliminate the requirement for age in the model, which
likely changes in its predictive nature as environment
and life context changes. This would then provide a
clearer picture of social determinants to facilitate the
design of effective interventions and policies. We also
acknowledge that this data is based on online self-report
and is therefore relevant only to an internet enabled
audience, which excludes the poorest populations of the
world where different factors may be at play.

A further limitation of this data is that it is not likely to
fully capture the negative extreme, i.e., those with very
severe mental illness who are not capable of accurate
online self-assessment. However, while this approach
may have these limitations, it provides a substantial view
of the drivers of population mental health and adds a
perspective to the debate on the extent to which mental

health challenges can be addressed through societal
rather than medical means [45-47].

In summary, we provide an initial view of the aggregate
impact of demographic and social determinants on
mental health status, and a hierarchy of determinants that
can inform and enhance our ability to impact population
mental health.
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Hierarchy of Demographic and Social

Determinants of Mental Health

SUPPLEMENTARY MATERIALS

Supplementary Table 1:
DISTRIBUTION ACROSS COUNTRIES,
GENDERS AND AGE GROUPS.
Age Group Gender
Non-
binary/ Prefer
Third Other/  not to
COUNTRY TotalN 18-24 25-34 35-44 45-54 55-64 65-74 75-84 85+ Female Male Gender Intersex say
Algeria 7730 608 1061 1700 1683 1687 891 96 4 4382 3252 19 3 74
Argentina 13240 1149 837 1617 2400 3818 2728 618 73 8143 4890 89 0 118
Australia 10809 2286 877 719 1337 2340 2259 880 11 6396 4149 164 0 100
Belgium 2070 95 92 153 312 632 597 174 15 1272 781 8 0 9
Cameroon 2167 559 793 427 210 129 43 5 1 1229 922 5) 0 11
Canada 13616 2313 1229 931 1483 2998 3175 1298 189 7962 5329 183 0 142
Chile 2094 127 58 154 308 782 548 114 3 1267 806 11 0 10
Colombia 10568 4475 1700 1351 1183 1221 545 88 5 6378 3951 116 0 123
Cote d’lvoire 2057 472 668 495 272 114 31 4 1 922 1127 3 0 5)
Ecuador 2119 693 196 223 327 450 198 29 3 1089 994 17 0 19
Egypt 4863 978 872 1438 913 489 155 16 2 2966 1824 4 3 66
France 3191 444 119 179 437 824 898 261 29 1930 1171 49 0 41
Guatemala 2481 557 346 469 485 442 163 18 1 1412 1040 10 0 19
India 36867 14186 6894 3333 4056 4715 3082 559 42 19224 17290 108 0 245
Iraq 2689 789 425 527 492 345 102 8 1 1638 1018 2 4 27
Ireland 3991 756 348 519 808 913 514 127 6 2247 1659 44 0 41
Mexico 12886 4618 1330 1449 1814 2311 1136 212 16 7500 5029 178 0 179
Morocco 3834 340 545 813 818 871 402 43 2 2194 1612 8 2 18
New Zealand 6397 1430 438 473 1077 1396 1106 434 43 3758 2475 113 0 51
Nigeria 6505 778 1076 1787 1601 1006 242 14 1 3479 2984 11 0 31
Peru 3372 936 207 272 465 825 544 115 8 1921 1392 23 0 36
Saudi Arabia 1643 654 256 282 253 144 47 5 2 1118 487 4 2 33
Singapore 3035 1006 402 338 508 461 270 48 2 1805 1133 46 0 51
South Africa 13945 1984 2045 2021 2412 2900 2014 530 39 8368 5428 83 0 66
Spain 8216 1087 423 926 1626 2577 1298 261 18 4788 3247 84 0 97
Tunisia 3777 265 344 638 815 965 617 124 9 2060 1689 6 0 22
United Kingdom 24706 4481 2597 2365 4696 5763 3625 1078 101 14441 9683 340 0 242
United States 37362 7553 3430 2667 3569 6289 8601 4525 728 21380 14693 813 0 476
Venezuela 13910 1729 1599 2325 3225 3263 1489 261 19 8056 5756 45 0 53
Yemen 2626 626 949 704 257 75 14 0 1 1642 958 1 2 23

Other Countries 7234

TOTAL RECORDS 270000
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Supplementary Table 2:
ELEMENTS CAPTURED WITHIN EACH DETERMINANT CATEGORY

DETERMINANT ELEMENTS CAPTURED
Demographics Age; gender; country; language; educational attainment, employment status

Lifestyle Frequency of sleeping well; frequency of exercise, frequency of in-person socializing with friends

Experience of sexual abuse; cyberbullying; divorce; breakdown of romantic relationships;
sudden or premature death of a family member; extreme poverty and homelessness;

loss of a job; debilitating of life-threatening injury; loss due to natural disaster; participant
or witness to war (see supplementary table 2 for full list)

Substances used Tobacco; alcohol; cannabis ; vaping products; sedatives or sleeping pills; amphetamines; opioids

31 common medical conditions including: diabetes (type Il); cancer, heart disease, hypertension,
arthritis, migraine and traumatic brain injury

Traumas and adversities

Medical Conditions

Supplementary Table 3:
ELEMENTS CAPTURED WITHIN EACH DETERMINANT CATEGORY

CONTEXTUAL

FACTOR FEATURE

1 Age=18-24 32 In general, | get as much sleep as |

2 Age=25-34 need:=All of the time

3 Age=35-44 33 In general, | get as much sleep as |

4 Age=45-54 need:=Hardly ever

5 Age=55-64 34 In general, | get as much sleep as |

6 Age=65-74 need:=Most of the time

7 ) Age=75-84 35 In general, | get as much sleep as |

8 , Basic hics Age=85+ need:=Some of the time

g Demographics e 36 In general, | get as much sleep as |
10 Gender=Male need:=Sometimes
11 Gender=Non-binary/Third Gender 37 How regularly to you engage in physical
12 Gender=0ther/Intersex exercise (30 minutes or more)?=Every day
13 Gender=Prefer not to say 38 How r_egularly t_o you engage in physical
14 Language zxvt\elggie (30 minutes or more)?=Few days
}2 (E:gllj:;];?i,onzBachelor's Degree 39 Lifestyle How r_egularly t_o you engage in physical

: : Factors exercise (30 minutes or more)?=Less than

17 Education=High School once a week
18 Educat!on:Master's Degree 40 How regularly to you engage in physical
19 Education=0ther exercise (30 minutes or more)?=0nce a
20 Education=Ph.D. or higher week
21 Education=Prefer not to say 4 How regularly to you engage in physical
22 Education=Primary Education exercise (30 minutes or more)?=Rarely/
23  Extended  Education=Professional Certificate Never
24 Demographics Education=Some High School 42 How regularly do you socialize with friends
25 Education=Vocational certification in person?=1-3 times a month
26 Employment=Employed /Self employed 43 How regularly do you socialize with friends
27 Employment=Homemaker in person?=0nce a week
28 Employment=Not able to work 44 How regularly do you socialize with friends
29 Employment=Retired in person?=Rarely/Never
30 Employment=Studying 45 How regularly do you socialize with friends

31 Employment=Unemployed in person?=Several days a week

20



46 Prolonged sexual abusel or severe sexual 81 Type Il Diabetes
assault 82 Fibromyalgia
47 Cyberbullying or online abuse 83 Liver disease/Cirrhosis
48 Loss of your job or livelihood leading to an 84 Hypertension
:Sabi”ty to ;ﬂakle Zﬂdskmeet 85 Irritable Bowel Syndrome
49 ivorce or family breakup 86 Heart disease
50 Sudden or premature death of a loved one 87 Inflammatory Bowel Disease / Crohn's
51 Caring for a child or partner with a major disease
chronic disability or iliness 88 Arthritis
52 | have not experienced any major trauma 89 Psoriasis
in my life 90 Asthma
53 Breakdown of romantic relationship 91 Migraines
54 !I:fe threatening or debilitating injury or 92 Traumatic Brain Injury
illness 93 Osteoporosis
55 Involvement or close witness to a war 94 Medical Sleep apnea
56 Suffered a loss in a major fire, flood, 95 Conditions  Neuropathy
earthquake, or natural disaster 9 Cancer
57 Ezgj’oﬁ pr?g:rrty leading to homelessness 97 Chronic Obstructive Pulmonary Disease
u
(COPD)
58 Prefer not to say (traumas) 98 HIV /AIDS
59 Traumas and Number of Traumas 99 Kidney Disease
60 Adversities gnxi gséir::to jro:tiesr;irllds have become 100 Polycystic ovaries
- 101 Narcolepsy
212 :I\:]e ha\lle rteduc-e(ti) household income 102 Chronic fatigue syndrome
ave oS My Jo 103 Back problem
63 My partner has lost their job 104 Epilepsy
64 Other , 105 Multiple sclerosis
65 Inzrcr:a susnif:ile): to make ends meet for basic 106 Stroke
- - 107 Herpes
66 A close famlly member has died from 108 Type 1 Diabetes
Coronavirus . e : .
: 109 High level of social interaction with other
67 A close family member currently has or eonle
has had severe Coronavirus infection peop .
: . . 110 Knowledge/technical work
68 | am isolated at home with my family : o .
. 111 Teaching/training/mentoring others
69 | currently have or have had mild 112 Arts/Creati K
Coronavirus infection 113 ) ALS' Teta |\t/-e wor K
70 | am isolated at home on my own 114 Ogcu:)atlon Hi n;':"S rla |fvehwo.r | activit
71 Someone in my immediate family can't 11 eatures Clg' e\f/e 0 hp ysical activity
receive the critical healthcare support they S aring for others
need for an existing condition 116 Requires extensive travel
72 | currently have or have had severe 117 Outdoors/Close to nature
Coronavirus infection 118 Bus Qr|ver
73 Tobacco products 119 Retail
74 Alcoholic beverages 120 Outcome  MHQ Score
75 Cannabis 121 variables  MHQ Sign (positive or negative)
76 Vaping products
77 Substance Use Sedatives or Sleeping Pills
78 Amphetamine type stimulants (e.g. speed|
diet pills| ecstasyl etc.)
79 Opioids
80 Melatonin
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Supplementary Table 4:

NUMERICAL CODING OF ORDINAL SELECTIONS

DESCRIPTOR

Education

Employment

Frequency
of Good Sleep

Frequency
of Exercise

Frequency
of In Person
Socializing
with friends

CATEGORICAL
VALUES

NUMERICAL
VALUES

Primary Education

Some High School

High School

Bachelor’s Degree

Vocational certification

Professional Certificate

Master’s Degree

Ph.D. or higher

Prefer not to say

null

Other

null

Not able to work

Unemployed

Retired

Homemaker

Studying

Employed /Self employed

Gl W W N

Hardly ever

—_

Some of the time

Sometimes

Most of the time

All the time

B W NN

Rarely/Never

—_

Less than once a week

Once a week

Few days a week

Every day

W N

Rarely/Never

1-3 times a month

Once a week

Several days a week

B WD

Supplementary Table 5:
PERFORMANCE METRICS OF CLASSIFICATION
MODELS

Classification Method CA F1  Precision Recall
Logistic Regression 0.83 0.80 0.79 0.77 0.78
Naive Bayes 0.82 0.78 0.78 0.78 0.78
Gradient Boosting 0.84 0.80 0.79 0.79 0.80
Random Forest 0.80 0.78 0.77 0.77 0.78

AUGC: area under the ROC curve; GA: classification accuracy

Supplementary Table 6:
LIFT CHARACTERISTICS OF GB
CLASSIFICATION MODEL

MHQ<0 MHQ=0

Top* % of Scores  Recall Lift Recall Lift

5% 0.85 2.7 0.99 1.43
10% 0.79 25 0.98 1.42
15% 0.74 24 0.97 1.40
20% 0.69 2.2 0.96 1.39
50% 0.67 2.1 0.90 1.30

* Lowest in the case of MHQ<0 and highest in the case of MHQ=0;
MHQ: Mental Health Quotient

Supplementary Table 7:
PERFORMANCE METRICS OF REGRESSION
MODELS

Regression MHQ<0 MHQ=0 R-squared
method

MHQ %of MHQ % of

Points Scale Points Scale
Gradient
Boosting 57 19% 46 153%  0.42
Random
Forest 57 19% 46  15.3% 0.40
Linear . .
Regression >0 8% 45 150%  0.44

RMSE: root mean squared error; MAE: mean absolute error
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Supplementary Table 8: Supplementary Figure 1:
CHARACTERISTICS BY CATEGORIES DISTRIBUTION OF MHQ SCORES.

OF FEATURES USED Dotted line represents scores provided to users where
negative scores have been rescaled to a smaller range.
Determinant AUC CA F1  Precision Recall | PP

Demographics1 (age;

gender; country; language;  0.775 0.767 0.744 0.746 0.767 — !
education; employment) i r

Demographics1 + Lifestyle
(exercise; sleep; socializing) 0.824 0.795 0.782 0.782 0.795 .

-
L

Demographics1 + Lifestyle

+ Traumas/adversities (type) 0.831 0.801 0.788 0.788 0.801

.

0.003
Demographics1 + Lifestyle

+ Traumas/adversities (type) 0.833 0.802 0.790 0.790 0.802
+ Medical conditions

Density

0.002 ."
Demographics1 + Lifestyle

+ Traumas/adversities (type) |
+ Medical conditions 0.837 0.804 0.792 0.792 0.804

0.001
+ Substance use

Lifestyle (exercise; sleep; ' !
socializing) 0.727 0.753 0.715 0.723 0.753 200l - !

-300 -200 00 0 0 20 300
0736 0757 0715 0728 0757 MHQ Distributions

 a

Lifestyle + Traumas/
adversities (number)

Lifestyle + Traumas/

. Supplementary Figure 2:
adversities (number) + 0.754 0.765 0.734 0.742 0.765 SPEARMAN'S RANK CORRELATION BETWEEN
Traumas/adversities (type) CONTEXTUAL FACTORS

Traumas/adversities (type)  0.642 0.745 0.679 0.709 0.745 shows multiple inter-dependencies.
* indicates significance of p<0¢0001, X indicates p>0¢05.

0685 0750 086 0722 0750 oo i

Traumas/adversities (type)
+ Lifestyle (exercise)

Traumas/adversities (tyoe) 793 759 0716 0732 0759

+ Lifestyle (exercise; sleep) Employment . "
Traumas/adversities (type) Sleep . * % *
+ Lifestyle (exercise; sleep; 0.754 0.766 0.734 0.742 0.766 -
socializing) Social . =
Demographics2 (age; 0754 0754 0726 0727 0.754 Bercise . X &
gender; country; language) ‘ ' ' ' '

Education .
Demographics2 (age; No. of
gender; country; language)  0.774 0.769 0.744 0.747 0.769 Medical . « W
+ Traumas/adversities (type) C°"d,':;°'ff

Substances . *
Demographics2 (age; v
gender; country; language) 0.775 0.767 0745 0.746 0.767 of Tramuet .

+ Education + Employment

Age
used

No. of

Employment
Sleep
Social
Exercise
Education
No. of
Medical
Conditions
Substances
Number

of Traumas

AUG: area under the ROC curve; GA: classification accuracy
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