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Mental disorders are some of the most important contributors to disability and indirectly to 
mortality worldwide. Despite the existence of effective interventions, treatment coverage for 
common and highly prevalent mental disorders such as major depressive disorder (MDD) is 
remarkably low. Given the important role mental disorders play in contributing to health loss, 
it is important to develop improved population-level estimates of the burden of mental 
disorders that may better inform resource allocation and prioritize prevention and treatment 
for mental health. 
 
The process of developing population-level estimates such as those from the Global Burden 
of Disease (GBD) study typically involves thorough reviews of the available evidence and 
application of appropriate methods to arrive at usable estimates of the global burden of 
mental disorders. However, certain challenges exist in this process. Available data may be 
derived from a variety of study settings or constrained to select locations that may contribute 
to bias in existing population-level estimates. Additionally, important components of MDD 
care such as treatment coverage and efficacy that will likely alter the known burden of MDD 
have not been systematically quantified in the recent literature. 
 
To this end, this work utilizes a meta-analytic measurement framework to address these 
limitations in three areas that are important for developing better estimates but remain 
relatively unexplored to date. First, a comparative assessment of the risk of suicide 
associated with mental disorders is conducted via an updated systematic review and 
updated meta-regression methods. Second, the efficacy of available interventions for MDD 
are explored in a novel network meta-analytic approach to better account for between-study 
heterogeneity. Third, an updated systematic review and Bayesian meta-regression analysis 
of treatment coverage data between 2000 and 2019 was conducted to obtain treatment 
coverage estimates for six modalities of MDD care across income levels and geography. 
 
The work reported here collectively provide more accurate estimates that may inform the 
larger process of developing burden measures for mental disorders. There are several 
important implications of this work. Updated estimates of the risk of suicide associated with 
mental disorders may better inform population attributable fractions for suicide and 
subsequently fatal burden associated with mental disorders. Incorporating estimates of 
treatment efficacy and coverage for MDD may potentially inform us about the burden of 
MDD that can be reduced or altered in the presence of adequate and effective treatment. 
Overall, this work represents emerging areas in global mental health that can inform 
evidence-based benchmarking and priority setting to reduce the global burden of mental 
disorders. 
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0. Introduction. 
 

0.1 Overview. 
Mental disorders (MDs) are among the leading causes of years lived with disability 
(YLDs) globally. In addition to disability, they are also known to precipitate fatal 
outcomes such as suicide [1-3]. Large gaps exist in the treatment of MDs, particularly in 
low and middle-income settings where up to 90% of those with MDs do not receive 
appropriate treatment or care [4]. The Global Burden of Disease (GBD) study currently 
provides yearly estimates of the disease burden imposed by twelve mental disorders [5]. 
These GBD studies have played an instrumental role in recognizing MDs to be a major 
contributor to disease burden in comparison to more salient medical conditions. Given 
the major role that MDs play in contributing to overall health loss and indirectly to 
mortality, it is important to obtain accurate and precise estimates of disease burden 
imposed by MDs in order to effectively inform priority-setting efforts for mental health at 
national and global levels including mental health financing, and the development and 
delivery of services and interventions. This involves a thorough review of existing data 
and the application of appropriate statistical techniques to generate usable measures 
that directly quantify dimensions of disease burden (mortality, disability, and quality of 
health access to name a few). However, this process of quantifying MD burden 
estimates is difficult for several reasons. Firstly, there are sparse data especially from 
low and middle-income countries (LMICs) where MD burden is understudied and likely 
goes unrecognized and untreated . Secondly, available data are subject to 
methodological constraints that influence how cases are identified, how comparisons 
can be made between studies, and subsequently how outcomes of MDs, such as suicide 
risk, is measured. Thirdly, little is known about the severity distribution of MDs and how 
this varies by country and health care access. Severity distributions quantify the range of 
functional health loss in a population due to health conditions. Efforts to quantify the 
efficacy of available MD interventions, treatment rates and how these alter severity 
distributions have not been incorporated within a burden of disease framework. 
 
0.2 Specific Aims. 
We seek to address these limitations in the form of three research aims. The first aim 
addresses the problems of data sparsity and methodological constraints via a systematic 
review and analysis of all available and usable evidence on MDs as risk factors for 
suicide. This work will improve upon existing modeling techniques to better handle 
sparse and complex data environments and incorporate important methodological 
information in order to generate robust estimates of suicide risk. These estimates will 
also be useful in calculating more precise population attributable fractions (PAFs) for 
suicide within the GBD framework.  The second and third aims focus on major 
depressive disorder (MDD) as case studies as MDD is the most prevalent mood disorder 
and the greatest cause of MD-related burden. However, methods proposed in these two 
aims may be applied more generally to other MDs as well. The second aim seeks to 
generate evidence on treatment efficacy for MDD using both direct and indirect 
comparisons. The third aim seeks to review the evidence on treatment rates for MDD 
and analytically quantify estimated treatment rates and corresponding gaps in treatment 
coverage by geography and resource-setting. The results generated via the second and 
third aims will be useful inputs to the re-estimation process to obtain more informed 
severity distributions for MDD within the GBD framework. 
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Aim I: Apply multilevel meta-regression techniques to obtain updated estimates of 
suicide risk.  

a. Conduct an updated systematic review on MDs as risk factors for suicide. 
b. Apply multilevel meta-regression techniques to explore characteristics that contribute to 

variation in suicide risk due to MDs.  
 

Aim II: Assess the efficacy of treatments for MDD using an application of network meta-
analytic techniques.  

a. Compile updated datasets from existing systematic reviews conducted by leading 
collaborators. 

b. Apply network meta-analyses to quantify treatment efficacy for multiple treatment 
comparisons by treatment class. 
 
Aim III: Review the evidence on treatment rates for MDD from an updated systematic 
review: 

a. Update a systematic review to estimate treatment rates of MDD by type of service used. 
b. Analytically assess sources of heterogeneity such as country income level, sample 

characteristics, treatment type, disorder severity, and adequacy of treatment.  
c. Estimate treatment rates and corresponding gaps in treatment coverage by geography 

and resource-setting. 
 

0.3 Background and Scientific Context: 
In the first research aim, we estimate the risk of suicide attributable to MDs using 
improved meta-analytic approaches to account for sources of measurement error. This 
area of work is of particular interest because existing reviews of the evidence do not fully 
take measurement error into account and therefore limit our ability to accurately assess 
suicide risk. This is an important limitation especially because suicide is well-established 
in the literature to be a preventable mental health outcome. Therefore, an accurate 
assessment of the attributable risk would make a more compelling case for MDs to be 
considered as a risk factor for suicide mortality in population-based estimation efforts. 
The Global Burden of Disease Study 2019 (GBD 2019) estimated suicide to be the 12th 
leading cause of years of life lost (YLLs) in 2019, up from the 13th in 2010. Suicide is a 
major public health concern globally; over 700,000 deaths occur annually due to suicide 
worldwide. Suicide affects populations from all age groups. Of all suicide deaths, 58% 
occur between the ages of 15–49 years which indicates the large magnitude of 
potentially productive years of life lost [6]. However, older age is also typically associated 
with major life events and complex transitions, which may be precipitants for suicide. 
According to GBD 2019 results, death rates from suicide are much higher in older age 
groups than in younger ones (24.53 per 100,000 for ages greater than 70 and 14.25 per 
100,000 between 50-69 years vs 11.19 per 100,000 between 15-49 years) [5, 6]. 
Existing literature reviews indicate that suicide risk is elevated with diagnoses of mood 
disorders, schizophrenia, and alcohol use disorders [7-10].However, the GBD captures 
suicide related deaths under ‘Injuries’ in the GBD cause hierarchy as the direct (rather 
than underlying) cause of death, while MDs are grouped separately within ‘Non-
Communicable’ diseases. To estimate the proportion of suicide related deaths due to 
mental and substance use disorders (MSDs), previous work by Ferrari and collaborators 
applied comparative risk assessment (CRA) methodology to GBD 2010 data. Their 
review showed that MSDs moved from the 5th to the 3rd leading contributor to disease 
burden once suicide YLLs were reassigned to MSDs [2]. 
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Given these findings, it is important to periodically re-assess the effect of MDs on suicide 
risk by updating the evidence base for the relationship between MDs and suicide. The 
work by Ferrari and Collaborators was conducted using GBD 2010 data and systematic 
literature reviews conducted in 2014. However, analyses from this previous work mostly 
comprised pooled RRs obtained using a simple meta-analytic approach. It is important to 
understand the impact of differences in study methods and subgroups on reported 
magnitude of suicide risk which, to date, remain largely unexplored. Existing reviews 
typically define broad inclusion criteria including non-representative samples or high-risk 
subgroups. These may introduce measurement error and subsequently result in 
potentially inflated risk estimates. The analytic approaches in these reviews also typically 
involve pooled analyses that do not fully adjust for sources of measurement error (e.g. 
study design, sampling strategy, case definition, etc.) or assess the impact of other 
ecological variables (e.g. location or individual characteristics).  

 
This current systematic literature review aims to account for these limitations by 
providing updated suicide risk estimates adjusted in a meta-regression for key 
demographic and methodological covariates that may contribute to variation in study-
reported estimates. We will use the earlier review by Ferrari et al. (2014) as the basis 
and template for this work. New data will be added, and the search strings for relevant 
papers will be expanded to incorporate self-harm and self-injury (deliberate suicidal 
behaviors with an intent to die) to maximize the scope of potentially eligible studies. A 
multilevel meta-regression approach will be used to account for data that are inherently 
nested or clustered by study. Relative risk estimates for suicide adjusted for select 
covariates will be predicted by disorder and sex.  

In addition to an analysis of risk factors covered in Aim I thus far, efforts to improve MD 
burden estimates also need to account for treatment efficacy and geographic variation in 
treatment use. These are important to consider as they may influence the severity 
distribution or the range of functional health loss due to MDs that is experienced across 
populations. Re-estimating the severity distribution of major depressive disorder (MDD) 
is of particular interest as MDD is one of the most prevalent MDs globally and a major 
risk factor for suicide. It is also one of the common MDs for which effective prevention 
and treatment strategies are known to exist. Current methods for estimating the severity 
distribution of MDD involve using data collected from the Short-Form 12 instrument, from 
a single mental health survey conducted in Australia. The Short-Form 12 is a self-report 
outcome measure that assesses the impact of physical and mental health on quality of 
life [11]. However, data from a single high-income country may not be entirely 
representative of severity of symptoms other countries. A potential solution is to 
incorporate in this analysis of severity, more globally representative data on treatment 
coverage by different forms of treatment. In addition to treatment coverage, it is 
reasonable to expect that the efficacy of available treatment options for MDD may vary 
by location and time. Therefore, it is important to incorporate MDD treatment efficacy as 
another input in the MDD severity estimation process. The second and third research 
aims sequentially explore these two components of the MDD severity estimation process 
in the form of two research questions. In the second aim, we will apply a Bayesian 
network meta-analytic approach to review the efficacy of available treatments for MDD. 
Several pharmacological, physical, and psychosocial interventions can effectively treat 
MDD [12]. However, there is mixed evidence for treatment efficacy from existing reviews 
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due to the limitation of direct comparisons. Existing efficacy reviews typically summarize 
treatment effects from published psychiatric trials of specific treatment comparisons to 
report a pooled treatment effect [13-17]. However, individual pairwise direct comparisons 
commonly reported in trials may not provide comparative efficacy estimates for all known 
treatment types. In order to address this limitation, a network meta-analysis (NMA) 
approach will be used to generate indirect evidence for treatment efficacy not otherwise 
directly estimated. Subsequently, a global effect size for the entire treatment ‘network’ 
can be generated using both direct and indirect evidence. In this analysis, we will apply a 
novel Bayesian network meta-analysis approach to produce pooled treatment efficacy 
estimates for MDD for major classes of pharmacological and psychological interventions.  

In the third research aim, we a) review the evidence on variation in MDD treatment rates 
via a systematic review and b) analytically assess sources of heterogeneity. This work is 
of particular interest because treatment coverage for MDD is relatively low. Treatment 
coverage for MDD refers to the proportion of those with MDD who received treatment for 
their disorder. An estimated 7% to 28% of those with depression actually receive 
appropriate care and treatment [18]. As the quality and availability of healthcare will vary 
by geography and resource availability, it is plausible to assume that this will then affect 
the severity of symptoms (and therefore disability) experienced by those with MDD in the 
population. Therefore, it is also important to synthesize and consider the available 
evidence on treatment rates when estimating the severity and burden due to MDD. An 
updated systematic review of the literature from 2000 – present was conducted covering 
83 countries. The second part of this aim analytically explored sources of heterogeneity 
that exist in the treatment rates dataset. These included variation by country income 
level, disorder type, disorder severity, treatment type, definition of adequate treatment, 
urbanicity, sample response rate, disorder recall thresholds (12 months or less), and 
others. Pooled estimates of treatment rates adjusted for important sources of 
heterogeneity were reported by location and treatment type. <>.  

Scientific Context: Given the large population health impact of MDs, estimation of MD 
burden is particularly important. In this thesis, key parameters within the burden 
estimation process for MDs will be reviewed. These are premature suicide mortality due 
to MDs, variation in treatment efficacy and treatment rates. We examine suicide because 
although MDs are well-established risk factors for suicide, there are methodological 
limitations that may result in potentially biased risk estimates. Therefore, there is a need 
to improve statistical techniques to obtain more precise suicide risk estimates. Next, we 
choose to review treatment efficacy and rates. MDD is one of the leading causes of 
nonfatal burden worldwide. It is also associated with a high magnitude of suicide risk and 
despite being one of the most prevalent mental disorders, it is largely left untreated in 
many parts of the world. Therefore, it is important to quantify estimated gaps in 
treatment coverage by resource setting and geography. Quantifying these parameters 
has several challenges discussed above. The research aims outlined above seek to 
apply improved meta-analytic methods to better inform disease burden estimates for 
MDs by examining these three areas of work. This section provides general background 
to the three research aims along with the gaps in the literature they address. 
 
0.4 Significance: 
The primary goal of this work is to improve upon existing methods applied to MD burden 
estimation. The three proposed aims described above collectively serve to address 
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specific methodological limitations and subsequently arrive at more precise estimates of 
mental disorder burden. Comparative epidemiological assessments such as estimating 
the risk of suicide associated with MDs provides risk estimates that are useful in 
understanding the fatal burden attributed to MDs. The second and third aims provide 
important inputs on the efficacy of available treatment options and global treatment 
coverage for MDD. A thorough understanding of the efficacy of treatment options and 
the evidence on treatment coverage for MDD can in turn inform us about the burden of 
MDD that may be influenced (or reduced or altered) by the availability and quality of 
effective care. . Overall, this work aligns with population health priorities defined by 
major institutions. The United Nations 2030 Agenda for Sustainable Development calls 
for the reduction by one-third of premature mortality from non-communicable diseases 
and the promotion of mental health and well-being [19]. The WHO Special Initiative on 
Mental Health aims to ramp up services particularly in low and middle-income countries 
(LMICs) [20].The Grand Challenges in Global Mental Health initiative laid out by Collins 
et al. includes identification of risk and protective factors (Goal A), improve treatments 
and expand access to care (Goal C) and raising awareness of the global burden (Goal 
D) [21].The research aims proposed here collectively serve to inform these efforts as 
essential inputs to our understanding of the burden of MDs and subsequently contribute 
to the larger goal of evidence-based priority setting for health interventions and policy-
making in global mental health.  

The research aims proposed here seek to apply methodological improvements to 
specific areas to improve the MSD burden estimation process. The novel contributions 
for each aim are as follows: 

Aim I: The first aim improves upon existing meta-analytic approaches to estimate suicide 
risk by using a multi-level meta-regression model to better account for sources of 
measurement error that have not been fully explored in earlier reviews. This approach is 
best suited for the data because they are inherently nested or clustered within larger 
groups. Most studies in our dataset report multiple effect sizes by disorder, age and/or 
sex and therefore are not independent observations. This multi-level approach will allow 
us to account for any within and between study dependencies in the data by: (1) better 
utilizing (in its nested approach) all the data available across studies and (2) more 
robustly explaining the heterogeneity in the data reported between studies to separate 
measurement error from variability that is ‘real’ and due to ecological variables. As an 
additional methodological improvement, we also use the Bayesian Meta-regression 
approach to obtain pooled relative risk estimates. These inputs generated here will 
inform population attributable fractions (PAFs) for suicide and subsequently help 
estimate the proportion of fatal burden attributed to MDs.   . 

Aim II: In our network meta-analysis for depression interventions, we make use of a 
novel Bayesian meta-regression application that incorporates between-study 
heterogeneity in the uncertainty intervals for treatment effects. This particular method 
has not been used to model depression treatment effect sizes before and therefore will 
allow us to obtain estimates with higher accuracy and a more informative margin of error 
in the available data. The inputs generated here may also contribute to re-estimating a 
severity distribution for MDD that incorporates comprehensive and geographically 
representative data on treatment efficacy.  . 
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Aim III: We review the evidence on MDD treatment rates from an exhaustive systematic 
literature review, spanning two decades and eighty-three countries. We quantify 
important sources of heterogeneity arising from variation in disorder and treatment 
characteristics and report pooled adjusted treatment rates by location. This work will 
inform efforts to a) compile evidence on coverage and efficacy of interventions and b) 
disseminate evidence-based information to decision-makers on the impact of depression 
interventions. This work may also contribute to modeling efforts for future scenarios and 
potential trajectories of MDD burden given this current evidence on global variation in 
availability, treatment modalities, and quality of MDD care.  
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1. Chapter 1: Estimating the risk of suicide attributable to mental disorders: A 
systematic review and meta-regression analysis.  

 
[Note: The contents of this chapter are published in the following paper: Moitra M, 
Santomauro D, Degenhardt L, Collins PY, Whiteford H, Vos T, Ferrari A. Estimating the 
risk of suicide associated with mental disorders: A systematic review and meta-
regression analysis. Journal of psychiatric research. 2021 Mar 2.] 

 
1.1 Introduction:  
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The Global Burden of Disease Study (GBD) estimated suicide to be the 15th leading 
cause of years of life lost (YLLs) in 2019, up from the 18th in 2010 (Vos et al. 2020). 
Suicide is a major public health concern globally with nearly 800,000 deaths due to 
suicide worldwide (Ferrari et al. 2014, Vigo et al. 2016). It also affects people across the 
life course – children, adolescents, as well as older adults. Of all suicide deaths, 58% 
occur between the ages of 15-49 years which indicates the large magnitude of 
potentially productive years of life lost (Vos et al. 2020). In older age, major life events 
and complex transitions may be precipitants for suicide. According to GBD 2019 results, 
death rates from suicide are much higher in older age groups than in younger ones 
(24·53 per 100,000 for ages greater than 70 and 14·25 per 100,000 between 50-69 
years vs 11·19 per 100,000 between 15-49 years). There are also differences in sex-
specific suicide rates, with the suicide death rate among males being consistently higher 
than that of females over time (13·5 per 100,000 in males vs 6·1 in females in 2019) 
(Vos et al. 2020). Globally, India and China continue to report the highest number of 
deaths by suicide along with distinctly dominant suicide methods such as poisoning, 
hanging, and self-immolation (Ferrari et al. 2014, James et al. 2017, Wu et al. 2012, 
Adjacic-Gross et al. 2008). This suggests a continued need to assess underlying risk 
factors and potential target areas for suicide prevention interventions in low and middle-
income countries.  

 
The risk of suicide attributable to mental disorders (MDs) is well established in the 
literature (Ferrari et al. 2014). Existing reviews indicate that suicide risk is particularly 
high at the time of diagnosis for affective disorders, and schizophrenia (Inskip et al. 
1998, Harris et al. 1997, Cavanagh et al. 2003, Harris et al. 1998, Li et al. 2011, Walker 
et al. 2015). Up to 80% of suicide deaths have been attributed to a mental or substance 
use disorder in high income countries compared to approximately 70% in low income 
countries (Ferrari et al. 2014). However, the World Health Organization (WHO) 
classification followed by the GBD study captures suicide related deaths under ‘Injuries’ 
as the direct (rather than underlying) cause of death, while MDs are grouped separately 
within ‘Non-Communicable diseases (Ferrari et al. 2014).To estimate the proportion of 
suicide related deaths due to mental and substance use disorders (MSDs), previous 
work by Ferrari and collaborators applied comparative risk assessment (CRA) 
methodology to GBD 2010 data. They obtained RR estimates from a review of the 
literature which were then pooled and combined with GBD 2010 prevalence estimates to 
generate population-attributable fractions (PAFs). In their review of this literature, Ferrari 
and collaborators indicated that 62·2% of the burden estimated for suicide in an earlier 
iteration of the GBD study could be attributed to MSDs. MSDs moved from the 5th to the 
3rd leading class of disease burden once suicide YLLs were reassigned to MSDs (Ferrari 
et al. 2014). 

 
Given these findings, it is important to periodically re-assess the effect of MDs on 
premature mortality risk by updating the evidence base for the relationship between MDs 
and suicide. The work by Ferrari and Collaborators was conducted using GBD 2010 data 
and systematic literature reviews conducted in 2014. Analyses from this previous work 
largely comprised pooled RRs obtained using a simple meta-analytic approach. This 
approach did not account for sources of variation that may contribute to differences in 
reported suicide risk.  These are important to consider in order to understand the impact 
of differences in study methods and subgroups on reported magnitude of suicide risk 
which, to date, remain largely unexplored.  Existing reviews on this topic typically define 
broad inclusion criteria including vulnerable or high-risk subgroups (Rotenstein et al. 
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2016, da Silva et al. 2015). These may introduce measurement error and subsequently 
result in potentially inflated risk estimates. The analytic approach in these reviews also 
typically involve pooled analyses that do not fully adjust for sources of measurement 
error (e.g. study design, sampling strategy, etc.) or assess the impact of other ecological 
variables (e.g. region or individual characteristics). This current systematic literature 
review aims to account for these limitations by providing updated suicide risk estimates 
adjusted in a meta-regression for key demographic and methodological covariates that 
may contribute to variation in study-reported estimates.  We use the earlier review by 
Ferrari et al. (2014) as the basis and template for this work. We expand the search 
strings to incorporate self-harm and self-injury to maximize the scope of potentially 
eligible studies. Relevant data from 2010 – 2019 updates this systematic review, this the 
most comprehensive review of this risk-outcome pair to the best of our knowledge. This 
review will also contribute to measurement of mortality that can be indirectly attributed to 
mental disorders.  

  

 
1.2 Methods: 
 
Case definition:  
The MDs included in this paper were those identified previously as risk factors for 
suicide.2 They were defined according to the Diagnostic and Statistical Manual of Mental 
Disorders (DSM) or the International Classification of Diseases (ICD) diagnostic criteria 
(WHO 1992, American Psychiatric Association 2000). The mental disorders included 
were major depressive disorder (MDD), dysthymia, bipolar disorder, anxiety disorders, 
and schizophrenia. Suicide was defined as cases meeting criteria for ICD cause of death 
codes for intentional self-inflicted poisoning or injury.  

 
Systematic Review and Assessment of the Literature: 
We expanded upon the 2014 systematic review by Ferrari and colleagues which covered 
the literature between 1966 and 2010 (See appendix). The search protocol adhered to 
the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 
guidelines and are described in the appendix (Moher et al. 2009). Three major scholarly 
databases, namely Medline, Embase, and PsychINFO were searched between January 
2010 and June 2019 Studies were eligible for inclusion based on the following criteria: 

 
(1) Considered MDs (as defined by DSM or ICD) as a risk factor associated with death 

by suicide 
 

(2) Reported a relative risk (RR) with 95% uncertainty, or provided sufficient information 
for these to be calculated 

 
(3) Were individual-level case-control or cohort studies defining a clear temporal 

association between the exposure (presence of mental disorder(s)) and outcome 
(suicide). Prospective cohort studies were considered the gold standard for inclusion. 
However, retrospective cohort studies and case-control studies were also included 
and adjusted for in the main analysis. 

 
(4) Study sample was representative of the general population of a given location (e.g.: 

community-based studies). Therefore, studies based on treated samples, linked 



10 
 

psychiatric treatment registries, health insurance or claims data, or vulnerable 
populations (prisoners, pregnant women, veterans, homeless, etc.) were excluded.  

 
In addition to the electronic database search, experts in the field were consulted and 
recently published reviews on this topic were reviewed for any additional data sources. 
All data from earlier reviews were first re-assessed for eligibility and accepted only if they 
met criteria for this review. Relevant information on effect sizes, study methodology and 
sample characteristics were extracted and compiled for each study. References were 
managed and duplicates were removed via EndNote citation management software. MM 
conducted the data searches and data extraction. AF and DS re-assessed study 
eligibility as needed and reconciled any questions around study inclusion.  

 
Statistical Analysis: 
A multi-level meta-regression approach was used to obtain pooled relative risk estimates 
(RRs) and 95% uncertainty intervals for each disorder. We chose a multi-level meta-
regression approach as it is best suited for data that are inherently nested or clustered 
within larger groups, as was the case here. Most studies in our dataset reported multiple 
effect sizes by disorder, age and/or sex and therefore were not independent 
observations. The multi-level approach with random effect terms for studies and disorder 
groups allowed us to account for any within and between study dependencies in the 
data. An unstructured variance-covariance matrix was used for random effects 
variances. The details and applications of this method are described in detail elsewhere 
(Cheung et al. 2014, Assink et al. 2016). Exploratory forest plots for disorder-specific 
RRs and variance-covariance matrices of models with different correlation thresholds 
are reported in the appendix.  

 
We made use of a series of covariates to quantify and adjust for (where appropriate) 
sources of heterogeneity in the data. A detailed explanation of covariates is provided in 
Table 1. The inclusion of covariates in the model occurred sequentially, starting with (1) 
demographic variables known to be primary sources of variation (age, sex, disorder 
type, location); (2) methodological variables (follow-up time, sampling type, response 
rate, study design, estimate adjustment); and (3) the Sociodemographic Index (SDI) and 
the Health Access Quality Index (HAQI). Changes to effect-sizes due to the inclusion of 
new variables were reviewed at each step.  

 
Due to considerable variation in the data collection and analytical methodology used 
between studies, several analytical choices were made in order to maximize data use. If 
studies reported odds ratios for suicide, these were converted to RRs using methods 
described in the appendix. Data from categories such as ‘mental disorders’, ‘mood and 
psychotic disorders’ or ‘mood and alcohol use disorders’ were not used as these very 
broad categories were less informative than more specific disorder categories. We 
considered the use of a location-level covariate using either GBD super-region 
classifications (Vos et al. 2020) or World Bank income level groups (Fantom et al. 2016). 
However, only 6 out of 20 studies were from low or middle-income settings, which may 
have limited statistical power to detect a significant effect in our analysis. For this 
reason, a location covariate was not used in the final model. Covariates in our final 
model included age, sex, disorder type, estimate adjustment, use of psychological 
autopsy method, and study design.  

 
In order to test if specific estimates had greater influence on pooled results compared to 
others, exploratory Baujat plots were generated (Baujat et al. 2002). These plots display 
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the squared residuals on the X-axis and influence on the model on the Y-axis. Any 
estimates that had high residuals or high influence were determined to be outliers. 
Studies with outliers were re-assessed and those determined to have limitations in 
quality and/or measurement methods were excluded. Sensitivity analyses were 
conducted by assessing if overall results changed significantly upon removal of outliers 
as observed from the Baujat plots (Appendix). The distribution of variance across the 
levels included in our model was calculated using methods described in Cheung et al., 
2014. This provided the proportion of the overall variance attributed to each level. All 
meta-regression analyses were conducted using the metafor package in R v3·5·2 (R 
Foundation for Statistical Computing 2019, Viechtbauer 2010).  

 
 

1.3 Results: 
 

A total of 20 studies and 69 individual RRs were included in the final analysis (See 
Figure 1). These studies covered 10 countries and 4 GBD regions. Anxiety disorders 
and MDD were the most commonly assessed MDs. (See Table 2 for a summary of 
selected studies). There was wide variation in reported sample sizes (84 to 68378) and 
follow-up time (1 year to 64 years) 

 
Multi-level Meta-Regression: 

 
Table 3 presents the meta-regression model coefficients and Table 4 presents the 
predicted RRs adjusted for select covariates. Disorder type, sex, age, study design, 
estimate adjustment, and use of psychological autopsy (PA) were tested in the model for 
suicide risk (Table 3). The amount of the overall variance attributed to random effects 
was 73.14%. We found no significant associations between suicide risk and response 
rate, follow-up time, sampling type, high vs low/middle-income locations, SDI, or HAQI. 
These variables were therefore not included in the final model. Our sensitivity analyses 
also showed no major change in significance and direction of estimates upon removal of 
outliers (4 observations – see appendix).  

 
Age was associated with an increase in suicide risk (Table 3). Among methodological 
covariates, the use of retrospective study design was associated with lower suicide risk 
compared to prospective study design. There was no significant effect of estimate 
adjustment or use of the psychological autopsy method.  

 
Suicide risk was significantly associated with the presence of MDD, anxiety disorders, 
bipolar disorder, dysthymia, and schizophrenia (Table 3). Predicted RRs were the 
highest for MDD, bipolar disorder, and schizophrenia (Table 4). RRs for females were 
consistently lower than RRs for males across all disorders (although this association was 
not significant).  

 
 

1.4 Discussion: 
 
Our results confirm that MDs are important risk factors for suicide. This association 
remained after adjusting for methodological factors. The earlier Ferrari 2014 review 
provided pooled estimates of suicide risk for each disorder obtained via a random effects 
meta-analytic approach. This updated review improves upon this approach by using a 
multi-level meta-regression model with predictive covariates that can (1) better utilize (in 
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its nested approach) all the data available across studies and (2) more robustly explain 
the heterogeneity in the data reported between studies to separate measurement error 
from variability that is ‘real’ and due to ecological variables.  

 
Our findings showed that MDD, dysthymia, anxiety disorders, bipolar disorder, and 
schizophrenia were significantly associated with suicide risk. The selection of disorders 
attaining statistical significance, are consistent with meta-analytic results from other 
studies exploring suicide mortality due to MDs (Chesney et al. 2014, Hawton et al. 2013, 
Darvishi et al. 2015, Baxter et al. 2013).  An earlier review on anxiety as a risk factor for 
suicide did not find anxiety disorders to be an important predictor of death by suicide 
(Bentley et al. 2016). This may have been due to the inclusion of studies that used 
symptom scales to assess anxiety disorders – which are best used for screening or 
symptomatic evaluation rather than provide a clinical diagnosis. Secondly, the inclusion 
of any individual anxiety diagnosis may have attenuated the pooled risk of suicide. 
Reviews may also focus only on specific disorders (da Silva et al. 2015). Although these 
provide an important profile of disorder-specific suicide risk, they exclude psychiatric 
comorbidity - an important contributor to and perhaps catalyst for suicide risk. Reviews 
may also draw from national treatment registers for data from samples with mental 
disorders (Too et al. 2019). National treatment registers are a useful source of data on 
mental disorders often drawn from large samples and allow for a more efficient study of 
rare outcomes such as death by suicide. However, it is important to consider that this 
mode of data collection may also be inherently biased as it does not capture mental 
disorder cases among those who may not have made contacts with any health service. It 
is likely that register-based diagnoses may reflect a higher severity of mental disorders 
than what may be present in the general population. Therefore, the use of registry-based 
data is expected to be associated with an increase in or overestimation of pooled 
estimates of suicide risk. Some reviews also examine suicidal behavior (such as suicide 
attempts and/or self-injury with an intent to die). A recent review by Gili and colleagues 
examine the evidence for mental and substance use disorders as risk factors for suicidal 
behavior (suicidal acts and attempts) among young people (Gili et al. 2019). Although 
this review provides important insights into the risk for suicide attempts that frequently 
precede suicide deaths in younger populations, the analyses use ORs instead of RRs 
and use broad groups of disorders which may limit interpretation for disorder-specific 
risks especially for depressive disorders which are known to account for a large 
proportion of suicide risk. It is important to highlight that the disorder-specific pooled RRs 
obtained here are considerably lower than those found in the earlier review by Ferrari 
2014. The use of demographic, methodological, and location-level covariates may have 
contributed to this difference. We adjusted for study-level random effects using a 
hierarchical approach that is also likely to yield lower adjusted RRs for suicide compared 
to a standard meta-analytic approach that has typically been used to generate pooled 
effect sizes in the past.  We also used stricter inclusion criteria and data prepping 
procedures than what has been used in the existing literature. Furthermore, meta-
analytical studies will often use odds ratios as an approximation for RRs if the 
prevalence of suicide is known to be very low. This may well overestimate RRs and lead 
to higher effect sizes we usually see in other studies (Walker et al. 2015). This study 
attempts to take suicide risk measurement a step further by including covariates that 
account for measurement error. Although uncertainty in the model remains, we believe 
that the estimates are more robust as a result of this.  

 
In our model, older age was associated with higher RRs. This is consistent with findings 
in the literature where older age is likely to be associated with an increased risk of 
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suicide (Whiteford et al. 2015). Among methodological variables, the use of a 
retrospective study design was associated with lowered suicide risk. It is possible that a 
prospective study design is better at establishing a temporal association between mental 
disorders and suicide which may not be possible in a retrospective design. Additionally, 
studies using a retrospective design may not be able to capture the impact of 
confounders on mental disorders and suicide as accurately as those using a prospective 
design.   

 
We found no significant associations between the use of psychological autopsy and 
suicide risk. This may be due to the low number of non-psych autopsy studies that were 
included in the analyses. Overestimation or underestimation of suicide risk in psych-
autopsy studies may be due to biases in how how psychopathology is measured, 
specifically the choice of informants, choice of comparison group, and lowered event 
recall - especially if the assessment is conducted much later than the date of suicide. 
Although our study did not empirically assess these components beyond a dichotomous 
measure of psychological autopsy use, it is reasonable to assume that they may 
contribute to the heterogeneity in reported suicide risk beyond what we found in our 
analyses.  

 
Adjusted RRs were not significantly different from unadjusted RRs in our study. 
However, it was important to include this covariate in our model since RRs that 
controlled for known potential confounders were likely be more accurate in estimating 
true suicide risk compared to crude RRs. A possible reason for not detecting a 
significant effect may be the low number of studies adjusted RRs. There is considerable 
variation in the number and type of confounders controlled for between studies. Some 
studies may control for a single confounder (such as age, or educational attainment). 
Other studies may control for a larger number and range of confounders such as 
psychiatric comorbidity, family history of MDs, socioeconomic status, physical illnesses, 
and others. Although our current analyses did not empirically assess the impact of this 
variation on suicide risk, it is plausible that studies that control for as many potential 
confounders as possible likely report estimates of a higher quality and reliability 
compared to studies that do not.   

 
Our earlier modeling iterations did not find study follow-up period to be a statistically 
significant predictor of suicide risk. Therefore, it was not included in our final model. 
However, it is important to acknowledge that RRs from studies with very long follow-up 
periods between an MD diagnosis and death by suicide may be susceptible to bias as 
MDs can manifest as recurrent episodes with varying levels of functioning and periods of 
remission over time. Therefore, it may be challenging to determine the extent to which 
the risk of suicide may be attributed entirely to MDs in such studies. It is plausible that 
risk factors during a long follow-up period may be different than those during a short 
follow-up period (Suokas et al. 2001). Future work in this area could potentially 
incorporate data on disorder remission periods and other competing proximal and distal 
risk factors that may be important risk factors for suicide (such as prior suicide attempts, 
treatment history, etc.)  

 
We were unable to empirically assess location-level differences in RRs due to the lack of 
sufficient studies from LMICs. Out of 20 studies, 14 were from high-income locations - 
mostly Western Europe and North America. Given the lack of income level-specific 
estimates across disorders, the uncertainty across the results produced is greater and 
interpretability of the resulting sex- and region-specific RR are lowered. The sparsity of 
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data from LMICs may be due to variation and constraints in country-level reporting of 
suicide deaths. Suicide continues to be a criminal offence in many countries in Africa, 
Asia, and South America, which potentially leads to systematic underreporting of suicide 
cases (Khan 2005, Fleischmann and De Leo 2014).  The global data coverage for MDs 
is also low for LMICs (Baxter et al. 2013). Better quality data from LMICs along with 
more sex-specific data on MDs and suicide may allow us to make more substantive 
conclusions about regional and sex-specific patterns in RRs for suicide. 

 
This systematic review provides a useful insight into the recent available evidence on the 
risk of suicide among those with versus without MDs and the heterogeneity that may 
exist in the data based on study-specific attributes. Our findings of MDs being significant 
predictors of suicide risk are largely consistent with findings from other individual-level 
and meta-analytic studies (Walker et al. 2015, Rotenstein et al. 2016, da Silva et al. 
2015). Based on the GBD study, MDs are the some of the leading causes of non-fatal 
disability (Whiteford et al. 2013, Whiteford et al. 2105). However, very few MDs are 
attributed as direct causes of suicide despite overwhelming evidence in the literature. 
Findings from this study may better inform the burden from premature mortality directly 
attributed to MDs in GBD. 

 
These findings also support the need for adequate mental healthcare as an important 
suicide prevention measure. Research using World Mental Health surveys shows that a 
large treatment gap exists for those exhibiting suicidal ideation and behaviors. Only 39% 
of those with suicidality receive any form of treatment worldwide. This proportion is even 
lower in low-income countries where only 17% of those with suicidality receive any form 
of treatment (Bruffaerts et al. 2011). Although there exists evidence in support of select 
interventions for suicide prevention, improving prevention efforts at earlier stages of care 
may increase the likelihood of fulfilling this unmet need for care (Mann et al. 2005). 
These findings also emphasize the continued need for primary interventions for suicide 
prevention that focus on adequate screening for and detection of MDs in different 
contexts such as community, primary care, and school-based settings (Dowdy et al. 
2015, Kline et al. 2014, Siu et al. 2016, Ali et al. 20166, Guntuku et al. 2017, Bruffaerts 
et al. 2011). However, precision in MD detection is dependent on the screening tool and 
classification thresholds used - particularly in varying cultural contexts. Arango and 
colleagues define secondary and tertiary prevention efforts in addition to primary 
prevention efforts in their review (Arango et al. 2016). Secondary prevention efforts that 
focus on reducing the incidence of MDs and tertiary prevention efforts that treat those 
with established MDs are important as they address the role of MDs in suicide 
prevention (Arango et al. 2016). A systematic review on suicide prevention strategies 
found that in addition to direct suicide prevention strategies such as restricting access to 
lethal means, pharmacological and psychological treatment of MDs are also important in 
suicide prevention (Zalsman et al. 2016). 

 
Several limitations constrained our analyses. First, the geographic representativeness of 
our analysis is limited. Although our inclusion and exclusion criteria ensured the 
selection of high quality studies, these were mostly from high-income countries in North 
America and Western Europe. Therefore, studies from low and middle-income countries 
are under-represented in this analysis indicating the need for more published data from 
these regions. Second, we were unable to provide estimates for additional psychiatric 
disorders such as eating disorders due to the lack of studies that fulfilled our selection 
criteria. Third, we acknowledge that the uncertainty intervals for predicted RRs were at 
times wide and overlapping between disorders due to lack of data for some disorders 
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and by income-level. Fourth, analyzing data for all available MDs in a single meta-
regression model may either attenuate or amplify the magnitude of disorder-specific 
RRs. Fifth, the standard meta-regression framework allows for uncertainty intervals of 
predicted RRs to capture error attributed to fixed effects only and not between-study 
heterogeneity. Lastly, although we tried to quantify as many methodological sources of 
variation as possible, we were unable to account for all sources of measurement error. 
We excluded methodological covariates such as sampling type, follow-up duration, and 
response rate as there was insufficient power to detect an effect.  

 
1.5 Conclusion: 
MDs are associated with an increased risk for suicide. This synthesized analysis shows 
that the magnitude of study-reported risk may vary depending on study methodology and 
disorders examined. Therefore, study quality and choice of methods are important to 
consider in public reports on aggregated evidence. More research is needed to better 
quantify evidence for MD burden and suicide risk with higher precision in low and 
middle-income settings. These efforts will assist policy makers in framing evidence-
based suicide prevention strategies and make mental health care an important part of 
their agendas. 
 
1.6 Significance:  
The first chapter aimed to improve relative risk estimates for MDs  as risk factors for 
suicide. Methodological improvements were applied by incorporating a multilevel 
approach and unstructured variance to account for study-level and participant-level 
heterogeneity. Sample and methodological covariates were introduced which allowed us 
to better understand variation in reported risk estimates by study-level attributes. These 
findings may find application in the computation of population-attributable fractions 
(PAFs) within the Global Burden of Disease framework in order to estimate MD 
attributable suicide DALYs (disability-adjusted life years). This will allow us to more 
accurately capture the fatal burden due to MDs, over and above what is directly 
assigned to them within the GBD study. Differences between earlier and newly 
calculated PAFs and attributable suicide DALYs may provide further information on the 
impact of sources of measurement error. The earlier Ferrari review applied the same risk 
estimates across all countries, age groups, and sex which could potentially mask any 
differences in the distribution of attributable suicide DALYs. This current analysis for Aim 
I calculates adjusted RRs across sex and age with additionally analyses by income-
level. Therefore, these will provide additional layers of refinement for risk estimates and 
subsequently attributable suicide DALYs.  In summary, this chapter reported on potential 
methodological improvements under the broader domain of comparative epidemiological 
assessments that are used in the mental disorder estimation process. The next chapter 
will look at a novel application of a Bayesian meta-regression approach within the 
domain of treatment efficacy.  
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1.8 Tables and Figures 

Covariate Definition and Reference 
Levels 

Details 

Age mid-point of age range MD prevalence and corresponding suicide risk are known to 
vary with age and by sex (Whiteford et al. 2015). Therefore, 

they are important sources of variation to consider in our 
analyses 

Percent 
Female 

Continuous covariate 
representing the proportion of 

females in study sample 
(Ranges from 0 to 1) 

Follow-up time Follow-up time in years Suicide is a relatively rare outcome compared to other 
causes of death. Therefore, the duration of follow-up may 

impact the number of study-reported outcomes 
Response rate Proportion of sample remaining 

after loss to follow-up/dropout 
The response rate provides important information about 

possible selection bias in the sample.  
Disorder GBD mental disorder categories 

(Reference: MDD) 
These are the primary risk factors for suicide being 

assessed. MDD was chosen as the reference since it was 
the most commonly assessed disorder among selected 

studies. 
Estimate 

adjustment 
Indicator for whether or not 

effect size has been adjusted for 
potential confounders such as 

individual demographics, 
socioeconomic status, family 

psychiatric history, etc. 
Reference: Adjusted for potential 

confounders  

Study-reported effect sizes may be adjusted for potential 
confounders that are known to influence the MD-suicide 
association. These may be different from (and typically 

lower) than unadjusted effect sizes. Therefore, our analyses 
examine variation in suicide risk by testing this 

methodological covariate.  
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Psychological 
Autopsy (PA) 

Method 

Indicator for whether or not data 
was collected using 

psychological autopsy – which 
involves collecting data from all 
available sources such as family 
informants, medical records, and 

healthcare providers. 
(Reference: PA not used) 

This covariate was assessed because the psychological 
autopsy method involves data collection from informants and 

therefore is susceptible to biases in measurement of 
psychopathology, event recall, choice of appropriate control 

groups, etc (Brent 1989). 

Study design Prospective (Reference) or 
retrospective design 

We expected variation in study quality and effect sizes 
based on the choice of study design. Therefore, this 

covariate was included to examine if study design influenced 
pooled RRs (Brent 1989). 

Sampling type Random/other methods 
(multistage, cluster sampling) 

We tested this covariate because we expected studies using 
random sampling to have less biased samples than studies 

using other methods (Lester and Stack 1989). 

SDI Sociodemographic Index value 
(SDI): A summarized metric of a 

location’s socio-demographic 
development on a scale of 0 
(lowest) to 1 (highest). More 

details on the composition of the 
SDI can be found in GBD 2015 

publication. 

Higher SDI and HAQI are associated with better health 
outcomes and lower premature mortality. Therefore, these 
were tested in the model to see if they had an impact on 

suicide risk. 

HAQI Health Access Quality Index 
value: A summarized metric of 

healthcare access and quality on 
a scale of 0 (worst) to 100 (best). 
More details on the construction 

of the HAQI can be found in 
elsewhere (Barber et al. 2015).  

High income 
locations 

Locations that are classified as 
high-income as per World Bank 

income classification 
(Reference) vs other locations 

(Fantom et al. 2016) 

High-income locations are known to have better health 
outcomes and lower premature mortality than low and 

middle-income countries. Therefore, we tested this variable 
to see if it influenced resulting suicide risk estimates.  

Table 1. List of Covariates 

 

Study Region Disorders included in Analysis 

Anderberg et 
al. 2010  

Western Europe Anxiety Disorders 

Athey et al. 
2018  

North America Anxiety Disorders, Schizophrenia 

Brent et al. 
1999  

North America Anxiety Disorders 

Conwell et 
al. 2010  

North America Major Depressive Disorders, Anxiety Disorders, 
Schizophrenia 

De Leo et al. 
2013  

Australasia Anxiety Disorders, Major Depressive disorders, 
Schizophrenia 

Giupponi et 
al. 2018  

Western Europe Bipolar disorders, Major Depressive Disorders, 
Schizophrenia 

Hirokawa et 
al. 2012  

Asia-Pacific Major Depressive Disorder, Anxiety Disorders, 
Schizophrenia, Dysthymia 
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Holmstrand 
et al. 2015  

Western Europe Major Depressive Disorders, Schizophrenia, Anxiety 
Disorders 

Lasserre et 
al. 2016  

Western Europe Major Depressive Disorders 

Lesage et al. 
1994  

North America Major Depressive Disorder, Schizophrenia, Anxiety 
Disorders, Bipolar disorder 

Niu et al. 
2018  

East Asia Major Depressive Disorder 

Oguzhanoglu 
et al. 2018  

North Africa and Middle East Major Depressive disorders, Schizophrenia 

Page et al. 
2014  

Australasia Anxiety Disorders 

Seguin et al. 
2011  

North America Anxiety disorders 

Shaffer et 
al.1996  

North America Major Depressive Disorders, Dysthymia, Schizophrenia, 
Bipolar Disorder, Anxiety Disorders, 

Shibre et al. 
2014  

Sub-Saharan Africa Schizophrenia, Bipolar Disorder, Major Depressive Disorders 

Tong et al. 
2010  

East Asia Anxiety Disorders, Schizophrenia 

Waern et al. 
2003  

Western Europe Major Depressive Disorders, Anxiety disorders 

Zhang et al. 
2010  

East Asia Anxiety Disorders, Bipolar Disorders, Dysthymia, Major 
Depressive disorders, Schizophrenia 

Zhou et al. 
2018  

East Asia Anxiety Disorders, Bipolar Disorders, Dysthymia, Major 
Depressive disorders, Schizophrenia 

Table 2. List of Selected Studies 

 

Covariates Coefficient P Value 

Cochran’s test for residual heterogeneity QE (59) = 177·98 <0·0001 

QM-Test of moderators QM (9) = 68·96 <0·0001 

Age NA 0·0053 0·0094 

Both 11 studies/39 observations Reference category 

Percent Female 
Male: 7 studies/18 observations 

-0·0346 0·7518 
Female: 6 studies/12 observations 

Disorder 

Major Depressive Disorders 14 studies/ 17 observations Reference category 

Anxiety Disorders  17 studies/23 observations -0·446 <0·0001 

Bipolar disorder  7 studies/7 observations -0·234 0·0217 

Dysthymia  4 studies/4 observations -0·62 0·0011 

Schizophrenia  13 studies/18 observations -0·245 0·0006 

Estimate adjustment 

Adjusted for confounders 5 studies/15 observations Reference category 

Unadjusted for confounders 15 studies/54 observations -0·35 0·0672 

Study Design 

Prospective design 4 studies/10 observations Reference category 

Retrospective design 16 studies/ 59 observations -0·932 0·0035 
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Use of Psychological Autopsy  

Psychological autopsy not used 2 studies/4 observations Reference category 

Psychological autopsy used 18 studies/65 observations -0·0008 0·99 

Table 3. Meta-regression Model Coefficients by Covariate 

 

Disorder Both Males Females 

Major Depressive Disorder 7·64 [4·3, 13·58] 7·78 [4·34, 
13·93] 

7·51 [4·18, 13·51] 

Dysthymia 4·11 [2·09, 8·09] 4·18 [2·12, 8·26] 4·04 [2·02, 8·06] 

Anxiety Disorders 4·89 [2·76, 8·69] 4·98 [2·78, 8·91] 4·81 [2·68, 8·64] 

Bipolar Disorder 6·05 [3·38, 10·83] 6·15 [3·4, 11·13] 5·94 [3·29, 10·75] 

Schizophrenia 5·98 [3·33, 10·72] 6·09 [3·73, 
10·98] 

5·88 [3·24, 10·66] 

Table 4. Predicted Relative Risks for Suicide 
RRs adjusted for sex, age, disorder, study design, estimate adjustment, and psych-autopsy method 
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Figure 1. PRISMA Flowchart for Study Screening and Selection 

 
1.9 Appendix: 
 
Search String:  

((((((((((((((("suicid*"[Title/Abstract] OR "self-harm"[Title/Abstract] OR "suicid*"[MeSH Terms] OR 
"self-harm"[MeSH Terms]))))  

AND 
("cohort"  
OR "case control"  
OR "case-control"  
OR "autopsy")  
AND  
(("mood disorder*" [Title/Abstract]  
OR "depress*"[Title/Abstract]  
OR "dysthymi*"[Title/Abstract]  
OR "bipolar"[Title/Abstract]  
OR "manic"[Title/Abstract]  
OR "mania"[Title/Abstract]  
OR "Mood disorders"[MeSH Terms]  
OR "Depressive disorders"[MeSH Terms]  
OR "Depressive disorder, Major"[MeSH Terms]  
OR "Bipolar disorder"[MeSH Terms]  
OR "Dysthymic Disorders"[MeSH Terms]  
OR "generalized anxiety disorder*" [Title/Abstract]  
OR "post traumatic stress disorder*" [Title/Abstract]  
OR "posttraumatic stress disorder*" [Title/Abstract]  
OR "traumatic stress disorder*" [Title/Abstract]  
OR "anxiety disorder*" [Title/Abstract]  
OR "Anxiety Disorders"[Mesh: No Expansion]  
OR "Schizo*"[Title/Abstract]  
OR "Psychosis"[Title/Abstract]  
OR "Psychotic"[Title/Abstract]  
OR "Psychotic disorder"[MeSH Terms]  
OR "Psychotic disorders"[MeSH Terms]  
OR "Schizophrenia"[Mesh: No Expansion]  
OR "Personality disorder"[Mesh: No Expansion]  
OR "Anorexia*" [Title/Abstract]  
OR "Bulimia*" [Title/Abstract]  
OR "Eating disorder*" [Title/Abstract]  
OR "binge eating disorder" [Title/Abstract]  
OR "Binge eating disorder"[MeSH Terms]  
OR "Anorexia nervosa"[MeSH Terms]  
OR "Bulimia nervosa"[MeSH Terms]  
OR "Eating disorder"[MeSH Terms]  
OR ("alcohol*"[Title/Abstract] AND ("abus*"[Title/Abstract] OR "dependen*"[Title/Abstract] OR 
"misus*"[Title/Abstract] OR "addict*"[Title/Abstract]))  
OR ("drug"[Title/Abstract]  OR "substance"[Title/Abstract]) AND ("abus*"[Title/Abstract]  OR 
"dependen*"[Title/Abstract]  OR "addict*"[Title/Abstract]  OR "misus*"[Title/Abstract]) 
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OR "Alcohol-Related Disorder"[Mesh: No Expansion ]  
OR "Alcohol-Induced Disorder"[Mesh: No Expansion]  
OR "Fetal alcohol spectrum disorder" [MeSH Terms] 
OR "Fetal alcohol disorder" [MeSH Terms] 
OR "Alcoholism"[MeSH Terms]  
OR "Amphetamine-related disorders" [MeSH Terms]  
OR "Cocaine-related disorders" [MeSH Terms]  
OR "Opioid-related disorders" [MeSH Terms]  
OR "Substance-related disorders"[Mesh: No Expansion]  
OR "opioid*"[Title/Abstract]  
OR "heroin"[Title/Abstract]  
OR "Cocaine"[Title/Abstract]  
OR "Marijuana"[Title/Abstract]  
OR "Cannabis"[Title/Abstract]  
OR "Amphetamin*"[Title/Abstract]  
OR "Methamphetam*"[Title/Abstract])))))))))))  
 
 
Inclusion/Exclusion Criteria: 
 

1. Study Representativeness: Studies using samples that are demographically 
representative of the community, city, region, or country of interest will be included. 
Therefore, estimates of suicide risk obtained from samples of minority groups or clinical 
trials will not be included. 
 

2. Timeframe: Studies published between 2010 and 2019 (June) are included. 
 

 
 

3. Case Definitions: 
i) Suicide: Defined as cases meeting the ICD-10 cause of death codes for intentional 

self-inflicted poisoning or injury (X60–X84) 
ii) Mental Disorders: Studies that adhere to the definition of mental disorders as 

determined by the International classification of diseases (ICD-10) or the Diagnostic 
and Statistical Manual of Mental Disorders (DSM-III, IV, V) will be included. Risk 
estimates for suicide derived from subthreshold cases will not be included.  
 

4. Risk of Suicide attributable to Mental Disorders: Studies must report effect sizes clearly 
quantifying the risk of suicide that can be attributable to one or more mental disorders or 
provide enough data to calculate effect sizes. This review will exclude studies that only 
report the risk of suicide attributable to causes unrelated to mental disorders.  

 
 
Data Extraction:  
 

 Information pertaining to study methodology, sample, cases, and effect size values will 
be extracted from data sources that satisfy our inclusion criteria. 
 

 Aggregated estimates of risk of suicide attributed to mental disorders will be extracted if 
reported or calculated if sufficient data are available for calculations.  
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 If studies report suicide risk estimates by disorder type, severity, age-group, sex-group, 

or any other category, this information was extracted for further disaggregation of suicide 
risk where possible.  

 
 If studies report odds ratios, these will be converted to relative risks using methods 

described in Barendregt 2010 (ref).  
 

 If studies do not report mental disorder prevalence in the entire sample, year-location-
sex specific prevalence estimates from the Global Burden of Disease will be used to 
calculate relative risks. 
 

 An estimate of uncertainty (either a standard error or 95% uncertainty interval) around 
the risk estimate will be extracted if reported, or calculated using the formula: 

       �� =  �2.1 �
�(���)

�
 � 

Where N=sample size, P= proportion/quantity of interest 
 
MD categories: 

MDs are categorized as per the definitions the GBD 2017 Years Lived with Disability paper.4 
Due to the low number of eligible studies, estimates could not be made for eating disorders, 
conduct disorders, attention-deficit hyperactivity, and personality disorders.  

Multilevel Meta-regression Approach: 

The multi-level meta-regression approach used in this study is an extension of the standard 
meta-analytic approach with higher-level effects and is formally notated as follows: 

���� =  �� + �(�)�� + ��� 

Where ���� is the estimator of the true effect size in the ith study and jth cluster �� is the average 

population effect, �(�)��  represents study-level heterogeneity, and ��� is the sampling error. This 

method is discussed in more detail in Assink 2016 and Cheung 2014.2,5  
 
Distribution of Total Variance: 

Distribution of total variance was implemented in R as per demonstrated in Harrer et al., 2019.3 

Baujat Plot for sensitivity analyses1: 
Exponentiated intercept from standard meta-regression before outlier removal: 6·18 [3·83, 9·99] 
Exponentiated intercept from standard meta-regression after outlier removal: 6·16 [4·21, 8·99] 
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Funnel Plot to assess risk of bias: 

 

 

 

Relative Risk Forest Plots by Disorder (Labeled by Author, Year, Sex, and Mid-point of age range): 



27 
 

 

 

 

 



28 
 

 

 

 

 

 

 



29 
 

 

 

 

 

 

Variance-Covariance Matrices for varying correlation thresholds: 

We tested varying correlation thresholds (ρ = 0.25, 0.5, 0.75, 0.99) to examine the impact on 
covariance in the dataset. The following tables comprise the variance covariance matrices for 
each of these correlation thresholds: 

Correlation = 0.25 

Covariate Intercept Age 
Percent 
Female 

Anxiety 
disorders 

Bipolar 
disorder 

Dysthymia Schizophrenia 

1 0.0831694 0.0000482 -0.0055802 -0.0030207 -0.0040220 
-
0.0001996 

-0.0012211 

2 0.0000482 0.0000042 -0.0000017 0.0000050 -0.0000339 
-
0.0000898 

-0.0000021 

3 
-
0.0055802 

-0.0000017 0.0123723 -0.0001103 -0.0006613 0.0009476 0.0001629 

4 
-
0.0030207 

0.0000050 -0.0001103 0.0051977 0.0029406 
-
0.0009951 

0.0019281 

5 
-
0.0040220 

-0.0000339 -0.0006613 0.0029406 0.0094631 
-
0.0055033 

0.0015205 

6 
-
0.0001996 

-0.0000898 0.0009476 -0.0009951 -0.0055033 0.0368400 0.0030690 

7 
-
0.0012211 

-0.0000021 0.0001629 0.0019281 0.0015205 0.0030690 0.0042281 

8 
-
0.0231218 

0.0000486 -0.0013755 0.0006285 -0.0050962 0.0038317 -0.0001160 

9 
-
0.0554192 

-0.0001067 0.0019352 -0.0017063 0.0070746 
-
0.0033448 

-0.0005314 

10 
-
0.0021308 

0.0000117 0.0006285 0.0004509 -0.0058256 0.0106377 0.0004919 
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Correlation = 0.5 

Covariate Intercept Age 
Percent 
Female 

Anxiety 
disorders 

Bipolar 
disorder 

Dysthymia Schizophrenia 

1 0.0778663 0.0000585 -0.0057532 -0.0030823 -0.0044041 0.0019100 -0.0012163 

2 0.0000585 0.0000038 -0.0000055 0.0000021 -0.0000362 -0.0000627 0.0000008 

3 -0.0057532 
-

0.0000055 
0.0126136 -0.0001132 -0.0006252 0.0005122 0.0000847 

4 -0.0030823 0.0000021 -0.0001132 0.0045612 0.0029797 -0.0005641 0.0019597 

5 -0.0044041 
-

0.0000362 
-0.0006252 0.0029797 0.0085869 -0.0059201 0.0016278 

6 0.0019100 
-

0.0000627 
0.0005122 -0.0005641 -0.0059201 0.0384992 0.0026841 

7 -0.0012163 0.0000008 0.0000847 0.0019597 0.0016278 0.0026841 0.0034740 

8 -0.0203466 0.0000391 -0.0013901 0.0003805 -0.0045179 0.0030941 -0.0002791 

9 -0.0528397 
-

0.0001038 
0.0020393 -0.0008540 0.0068540 -0.0049906 -0.0003878 

10 -0.0011584 0.0000060 0.0006355 0.0001722 -0.0055156 0.0110591 0.0003603 

 

Correlation = 0.75 

Covariate Intercept Age 
Percent 
Female 

Anxiety disorders 
Bipolar 
disorder 

Dysthymia Schizophrenia 

1 0.075774 0.000080 -0.006503 -0.003318 -0.004679 0.000647 -0.001550 

2 0.000080 0.000004 -0.000007 -0.000004 -0.000032 0.000017 0.000004 

3 -0.006503 -0.000007 0.012861 -0.000189 -0.000899 -0.000074 0.000055 

4 -0.003318 -0.000004 -0.000189 0.003397 0.003768 -0.000644 0.000963 

5 -0.004679 -0.000032 -0.000899 0.003768 0.009942 -0.001148 0.001957 

6 0.000647 0.000017 -0.000074 -0.000644 -0.001148 0.024031 0.005021 

7 -0.001550 0.000004 0.000055 0.000963 0.001957 0.005021 0.003408 

8 -0.023953 0.000016 -0.000554 -0.000427 -0.005414 -0.001048 -0.001463 

9 -0.046311 -0.000101 0.001448 0.001141 0.007358 -0.000368 0.001448 

10 -0.002013 0.000003 0.001356 -0.001020 -0.005998 -0.000059 -0.001260 

 

Correlation = 0.99 

Covariate Intercept Age 
Percent 
Female 

Anxiety 
disorders 

Bipolar 
disorder 

Dysthymia Schizophrenia 

1 0.0784749 0.0001071 -0.0055100 -0.0012050 -0.0060333 0.0096453 0.0003516 

2 0.0001071 0.0000028 -0.0000156 -0.0000140 -0.0000376 0.0000153 -0.0000139 

3 -0.0055100 
-

0.0000156 
0.0128874 -0.0000908 -0.0003763 0.0002479 0.0000224 

4 -0.0012050 
-

0.0000140 
-0.0000908 0.0034791 0.0004326 -0.0015109 -0.0008240 

5 -0.0060333 
-

0.0000376 
-0.0003763 0.0004326 0.0095542 -0.0051794 0.0021789 

6 0.0096453 0.0000153 0.0002479 -0.0015109 -0.0051794 0.0165730 0.0026977 

7 0.0003516 
-

0.0000139 
0.0000224 -0.0008240 0.0021789 0.0026977 0.0018833 

8 -0.0200492 
-

0.0000240 
-0.0020584 -0.0006679 -0.0050803 0.0012128 -0.0012327 
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9 -0.0556621 
-

0.0000706 
0.0024510 -0.0002857 0.0106815 -0.0104197 0.0011423 

10 0.0060437 
-

0.0000373 
0.0004447 0.0001848 -0.0091698 0.0109821 -0.0003580 
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2. Chapter 2: Assessing the Efficacy of Pharmacological and Therapeutic 
Interventions for Major Depressive Disorder: An application of a novel network 
meta-analytic method (MR-BRT 

 
 

2.1 Introduction: 
 

The Global Burden of Disease 2019 study ranks Major depressive disorder (MDD) as 
the fifth leading cause of disability globally (higher than other commonly known chronic 
conditions such as type 2 diabetes and ischemic stroke). When compared by sex, MDD 
accounted for 3.7% [2.8%, 4.8%] of total years lived with disability (YLDs) in men and 
4.8% [3.7%, 6.2%] of total YLDs in women [1].   MDD is also known to be a major risk 
factor for fatal outcomes such as suicide. The risk of suicide among people with MDD is 
approximately 7.6 [4.3, 13.6] times that of people without MDD [2].  
 
The Global Burden of Disease reports the most comprehensive analysis of the burden of 
MDD via a thorough review of all available and usable  epidemiological data sources [1]. 
The burden of MDD is quantified via the estimation of disability-adjusted life years 
(DALYs) which comprise both years lived with disability (YLDs) and years of life lost 
(YLLs). MDD is modeled as a non-fatal condition in the GBD and therefore comprises 
YLDs only. Given the magnitude of non-fatal disability accounted for by MDD, it is 
important to accurately estimate the burden of this disability experienced globally. This 
estimation process requires good quality epidemiological data and information on the 
distribution of severity of MDD. Severity distributions within the GBD analysis summarize 
the range of functional health loss across prevalent cases of MDD and are incorporated 
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within the estimation of YLDs. In GBD 2019 this was expressed as the proportion of 
MDD cases that are symptomatic, mild, moderate, or severe [1]. At present, globally 
representative data on the severity of MDD is lacking [3]. Severity distributions used in 
the GBD are derived from a single survey from Australia, the Australian National Survey 
of Mental Health and Wellbeing of Adults (NSMHWB) 1997 [4,5]. This survey captured 
the prevalence of multiple mental and physical disorders along with health status 
information as measured by the Short Form 12-item questionnaire (SF-12) [6]. The GBD 
study estimates the prevalence of MDD in the past month and the NSMHWB was the 
only survey with diagnoses and SF-12 questions pertaining to severity in the same 
timeframe. Therefore, the distribution of severity for one-month diagnoses was used 
from this survey. Although this approach allows us to arrive at some estimate of the 
severity distribution of MDD, the severity distribution is only representative of Australia in 
1997. This severity distribution is then applied to all locations in GBD without accounting 
for variation in treatment efficacy or quality by geography or time [3]. It is reasonable to 
expect that this variation in treatment efficacy may influence the severity proportions for 
MDD. In other words, the disability burden due to MDD may be influenced by the 
efficacy of available treatment options. Current methods of estimation in use may then 
potentially underestimate the global burden of MDD – as MDD severity will likely be less 
severe in high-income countries (including Australia) with access to treatments with 
known efficacy.  
 
To facilitate more precise assessment of severity within the GBD framework for MDD, it 
is first important to compare existing treatment options to obtain pooled treatment effects 
by treatment types that may be used to improve estimation methods for the severity 
distribution of MDD. Several pharmacological, physical, and psychosocial interventions 
can effectively treat MDD [7-10]. A review of 198 studies on seven types of 
psychological interventions found that each of these interventions were superior to a 
waitlist control condition with moderate to large effects on depressive symptoms in 
adults [7].  A review of trials on 21 antidepressants found that all antidepressants were 
more effective than placebo in the acute treatment of MDD in adults [8]. However, 
existing reviews are limited because they only provide evidence on efficacy for specific 
treatments being compared directly (for example, Treatment A compared against 
Treatment B, and B against Treatment C, but no evidence on comparisons between A 
and C). XXX Existing efficacy reviews typically summarize treatment effects from 
published psychiatric trials of specific treatment comparisons to report a pooled 
treatment effect. Hetrick et. al reviewed 10 studies comparing combined antidepressants 
and benzodiazepines to antidepressants alone. They also reviewed evidence from 19 
trials for newer generation antidepressants compared to placebo for treating depressive 
disorders in children and adolescents [11]. Similarly, other reviews report a summarized 
treatment effect size based on select treatment pairs [12-14]. However, individual 
pairwise direct comparisons commonly reported in trials may not provide comparative 
efficacy estimates for all known treatment types.   This potentially limits our 
understanding of efficacy across a more comprehensive set of treatments beyond those 
directly compared.  In order to address this limitation, a network meta-analysis (NMA) 
approach is used to generate indirect evidence for treatment efficacy not otherwise 
directly estimated. Subsequently, a pooled effect size for the entire treatment ‘network’ 
can be generated using both direct and indirect evidence. Cipriani and colleagues’ most 
recent review employs the network meta-analytic approach to analyze multiple treatment 
pairs and generate evidence for efficacy across direct and indirect treatment 
comparisons [8]. An earlier review by Zhou et al. on psychotherapies for depression in 
children and young adults also uses NMA within a Bayesian framework [15]. Although 
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this approach allows us to gain higher precision by considering all available evidence for 
treatment efficacy, several important limitations arise. First, studies examining the 
efficacy of therapeutic interventions use control conditions such as care as usual that 
may not entirely simulate a condition of no access to treatment. Second, many earlier 
studies report on a select group of treatments for specific samples (example, samples 
with severe MDD only or with specific medical conditions) that provide only partial 
evidence on treatment efficacy. Third, studies that do use an NMA approach may not 
account for between-study heterogeneity that may account for variation in reported 
treatment effect sizes. In this analysis, we estimate pooled treatment effect sizes for 
MDD using a network meta-analytic approach. We attempt to address the first limitation 
discussed above by exploring the use of waitlist as a control condition for therapies 
(more details in the methods section). We attempt to address the second and third 
limitations by using a novel Bayesian network meta-analytic approach that allows for all 
treatment classes to be combined into a single network and incorporates between-study 
heterogeneity in estimation of uncertainty [16]  .. 
 
2.2 Methods: 
 
Data Sources:  
We made use of existing datasets on treatment efficacy for pharmacological and 
psychological interventions [7,8,10]. The search strategy and data collection procedures 
are described elsewhere [7, 17,18]. Briefly, these datasets comprised data extracted 
from existing systematic reviews of randomized controlled trials (RCTs) published 
through 2019 to examine the comparative efficacy of interventions for MDD.  
 
 
 
Psychological Interventions: 
RCTs on psychological interventions were obtained via a comprehensive literature 
search in PubMed, PsycINFO, Embase, the Cochrane Central Register of Controlled 
Trials and the World Health Organization Afro library. RCTs comparing psychological 
interventions to each other or to a control condition such as waitlist or care as usual 
were used for this analysis. Studies that recruited participants either from community, 
clinical, or other settings (including systematic screening or general medical settings) 
were included. Studies were excluded if they did not use depression as an inclusion 
criterion or if treatment was not aimed at depression, were maintenance studies aimed 
at preventing relapse or maintaining outcomes or did not report sufficient information to 
calculate an effect size.  
 

            Pharmacological Interventions: 
RCTs on pharmacological interventions were obtained via a comprehensive search of 
databases including the Cochrane Central Register of Controlled Trials, CINAHL, 
Embase, LILACS database, MEDLINE, MEDLINE In-Process, PsycINFO, the websites 
of regulatory agencies such as the Food and Drug Administration (FDA) in the USA, the 
Medicines and Healthcare products Regulatory Agency in the UK, the European 
Medicines Agency, (EMA) in the European Union, the Medicines Evaluation Board in the 
Netherlands, the Medical Products Agency in Sweden, the Pharmaceuticals and Medical 
Devices Agency (PMDA) in Japan, and the Therapeutic Goods Administration (TGA) in 
Australia. International registers for published and unpublished, double-blind, 
randomized controlled trials were also searched. Placebo-controlled and head-to-head 
trials of 21 antidepressants used for the acute treatment of adults (≥18 years old and of 
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both sexes) with MDD diagnosed according to standard operationalized criteria [19, 20] 
were included. Quasi-randomized trials and trials that were incomplete or included 20% 
or more of participants with bipolar disorder, psychotic depression, or treatment-resistant 
depression; or patients with a serious concomitant medical illness were excluded. RCTS 
with participants diagnosed with postpartum depression were excluded as the profile of 
postpartum depression is clinically different from major depression [17].  
 
In addition to the above, we made use of five additional studies comparing cognitive 
behavioral therapy (CBT) to pill placebo used by the Furukawa and colleagues [10]. We 
collaborated with the principal investigators of these studies to ensure that the datasets 
were complete and comprehensive.  
 
Data Extraction: 
Datasets compiled from selected RCTs included information on mean depression 
symptom scores and standard deviations for treatment and comparison arms, type of 
treatment and comparison used, symptom scales used to assess depressive symptoms, 
and additional sample characteristics including sample size, follow-up duration, and 
remission thresholds. Treatments were grouped into distinct broader classes using the 
USA Food and Drug Administration drug classification index [21]. Pharmacological 
treatments were grouped into seven classes: atypicals, noradrenaline reuptake 
inhibitors, noradrenergic and specific serotonergic antidepressants, serotonin 
modulators, serotonin-norepinephrine reuptake inhibitor (SNRIs), selective serotonin 
reuptake inhibitor (SSRIs), and tricyclics. Placebo was used as the control condition for 
pharmacological treatments. Distinct comparisons between intervention and comparison 
classes were used for this analysis. A full list of specific drug names and the 
corresponding classes are provided in Table 1 in the appendix. 
 
For psychological interventions, treatment classes used for this analysis included 
cognitive behavioral therapy (CBT), counseling, care as usual (CAU), and other 
psychological interventions. Waitlist (WL) was chosen as the control condition used for 
this analysis. Although some studies may use CAU as the control condition, in this 
analysis, it was important to reflect a control condition that best reflects ‘no treatment’. It 
is plausible that participants randomized to CAU may be able to access treatment 
elsewhere and this may not accurately reflect a scenario where they receive no access 
to treatment [18]. Waitlist participants may expect to receive treatment and therefore 
refrain from seeking treatment elsewhere if they are randomized to this trial arm. 
Therefore, we chose to use Waitlist as the control condition for psychological 
interventions.  
 
 
 
Analytic Approach:  
The standardized mean difference (SMD) in depression symptom scores between each 
treatment and comparison pair was calculated using the ‘escalc’ function available in the 
metafor package in R. Binary variables were created for each intervention class. Funnel 
plots were used to assess publication bias in the data for antidepressants. SMDs were 
modeled in a network meta-analysis using the Meta Regression: Bayesian, Regularized 
Trimmed (MR-BRT) framework [16]. MR-BRT incorporates between-study heterogeneity 
into the estimated effect. It also uses a trimmed maximum likelihood estimator which 
excludes outlier effects based on their contributions to the likelihood function. Trimming 
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was set to 10% of the observed effect sizes. Pooled SMDs by each intervention class 
were estimated and reported in the results section below. 

 
 
 

2.3 Results:  
 

A total of 366 studies on pharmacological interventions and 241 studies on psychological 
interventions comprising 839 data points were used. Among pharmacological 
interventions, most studies reported on comparisons with SSRIs, SNRIs, and atypical 
antidepressants. Among therapeutic interventions, most studies reported on 
comparisons with cognitive behavioral therapy, followed by other categories. The funnel 
plot showing evidence of publication bias in Figure 1 below represents treatment effect 
sizes and standard errors from studies comparing antidepressant interventions to 
placebo. The red circles in Figure 1 represent effect sizes that were identified as outliers 
and trimmed by MR-BRT. The pooled SMD for each treatment class is presented in 
Table 1. All treatment effects were statistically significant (p < 0.05). Among drug 
intervention classes, the largest effects were observed for Tricyclics [-0.89 (-1.35, -
0.43)], followed by SNRIs [-0.86 (-1.26, -0.42)], and Noradrenergic and specific 
serotonergic reuptake inhibitors [-0.83, (-1.32, -0.33)]. Among therapy intervention 
classes, the largest treatment effects were observed for CBT [-0.85, (-0.92, -0.78)], 
followed by other psychological interventions [-0.76, (-0.89, -0.64)], and counseling [-
0.73, (-0.86,  
-0.6)].  
 
 
 

Treatment Class Pooled SMD [95% UIs] 

Atypical -0.67 [-1.11, -0.22] 

Noradrenaline reuptake inhibitor -0.63 [-1.12, -0.14] 

Noradrenergic and specific serotonergic 
antidepressants 

-0.83 [-1.32, -0.33] 

Serotonin modulators -0.67 [-1.21, -0.12] 

Selective Serotonin Reuptake Inhibitor (SSRI) -0.73 [-1.15, -0.3] 

Serotonin-norepinephrine reuptake Inhibitor (SNRI) -0.86 [-1.29, -0.42] 

Tricyclics -0.89 [-1.35, -0.43] 

CBT -0.85 [-0.92, -0.78] 

Counseling -0.73 [-0.86, -0.6] 

Other Psychological interventions -0.76 [-0.89, -0.64] 

Care as Usual  -0.29 [-0.38, -0.2] 

 
 

 
2.4 Discussion:  

 
This analysis demonstrates an application of the network meta-analytic framework using 
MR-BRT to a comprehensive dataset on treatment efficacy estimates obtained from 
existing systematic reviews of treatment studies on drug and psychotherapeutic 
interventions for MDD. For drug classes, the largest treatment effects were found for 
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tricyclics, SNRIs, and noradrenergic and specific serotonergic antidepressants, followed 
by others. For psychotherapeutic classes, the largest treatment effects were found for 
CBT, other psychological interventions, and counseling.  
 
These findings are largely consistent with estimates obtained in previous network meta-
analytic review studies [7-15]. Based on this analysis, the treatment efficacy for the most 
effective antidepressants (when compared to pill placebo) and therapies (when 
compared to waitlist) are relatively comparable. . CBT is highly beneficial in comparison 
to other psychological interventions as well as compared to many classes of 
antidepressants in use.  The coefficient estimate obtained for the pill placebo condition 
was -0.45 [-0.84, -0.05] which indicates that it is an effective control condition (and more 
effective than CAU). Our results show a low but significant effect size for CAU versus 
waitlist condition. For studies included in this dataset, participants in the CAU group are 
assumed to have access to some form of regular routine care. The significant effect size 
may be indicative of some benefit of receiving usual care as opposed to being waitlisted 
– which depending on the trial setting, may mean receiving no treatment at all and/or 
deferring treatment in expectation of receiving care. A 2014 study on psychological 
interventions by Furukawa and colleagues found that those in the no-treatment group 
had a superior response compared to those in the waitlisted group [22]. This was 
attributed to the possibility that no-treatment group participants could theoretically seek 
care elsewhere whereas the waitlist group may delay care in the expectation of receiving 
treatment after the study, thereby contributing to possible worsening of symptoms [22]. 
While no-treatment and waitlist groups are not exactly equivalent, our finding conforms 
with the initial premise that waitlist most closely resembles a scenario of zero access to 
treatment and is therefore a suitable choice for a control condition for therapies in this 
analysis.  
 
This analysis was constrained by lack of data on other relevant characteristics that may 
impact treatment effects such as sample characteristics, depression severity, or 
geographic coverage. Therefore, we were unable to examine these attributes 
analytically. Exploring variation in treatment effects by type of outcome measure used to 
score symptoms of depression was of particular interest; variation in symptom scale 
items may contribute to differences in how MDD symptoms are captured. However, the 
data included here were extracted using an algorithm that prioritized using effect sizes 
derived using scores from the Hamilton Rating Scale for Depression above effect sizes 
scored using other scales (Montgomery-Asberg Depression Rating Scale or MADRS, 
Beck Depression Inventory, and others). Therefore, this data collection algorithm may 
bias the data towards a few commonly used symptom scales as was the case with this 
dataset. There were very few intervention-comparison pairs for some individual drugs, 
broader intervention comparisons had to be used so that the model was sufficiently 
powered. Future efforts in this area will benefit from more detailed datasets that may 
provide more granular analyses of attributes of interest [18].  
 
We examined the data on antidepressants to determine the presence of publication bias. 
Publication bias exists if the chances of a study getting published depends on whether or 
not the results are statistically significant [23]. Therefore, limiting the literature search to 
published trials only may lead to potential overestimation of the treatment effect sizes. 
Figure 1 below shows that these data may be susceptible to publication bias as 
evidenced by the asymmetrical distribution of treatment effect sizes. It also shows 
treatment effect sizes that were detected as outliers and trimmed using MR-BRT which 
may reduce the impact of existing publication bias. The distribution of effect sizes in 
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Figure 1 is largely consistent with the publication bias shown in the funnel plot reported 
in the most recent publication (in 2018) by our external collaborators [18]. Although the 
antidepressants dataset included data from unpublished trials (61 studies accounting for 
108 data points), it is nonetheless predominantly informed by published data which may 
contribute to publication bias. Therefore, antidepressant treatment effect sizes reported 
here should be treated with caution in the context of publication bias. 
 
Findings reported here provide comparative evidence for both therapies and 
antidepressants that may guide clinical service providers in determining which 
combinations of treatment approaches may be most effective and feasible. Although 
psychological interventions such as CBT have been shown to be highly effective, they 
may be complex to administer and potentially require extensive investments in training 
that may not be available in all settings. Recent adaptations to create scalable 
psychological interventions for use in low resource settings somewhat mitigate this 
challenge [24]. Our analysis included efficacy estimates on a wide range of 
antidepressants, all of which may not be readily available in many countries (especially 
the more recent antidepressants). Therefore, evidence on older classes of drugs such as 
tricyclics may be useful for many resource-constrained settings and can potentially 
contribute to minimally adequate treatment for MDD. 
 
Our analysis incorporates several improvements over existing work in this area. First, we 
explore the use of waitlist as a control condition for therapies instead of the more 
commonly used CAU condition. Second, we leverage the use of the novel Bayesian 
meta-regression tool (MR-BRT) to incorporate efficacy data on all known 
pharmacological and therapeutic interventions for MDD in a single network. Third, we 
incorporate random effects to account for between-study heterogeneity which allows for 
a more accurate estimate of uncertainty accompanying estimated pooled treatment 
effects.  
 
Findings from this analysis may serve as important inputs in the severity estimation 
process for MDD within the Global Burden of Disease framework. Current severity 
estimation methods apply the same severity distribution derived from a single survey 
conducted in Australia in 1997 to all locations without accounting for variation in 
treatment efficacy. While this may be representative for high-income countries, it is not 
generalizable to the rest of the world. Furthermore, it is plausible that the efficacy of 
treatments will influence the burden of MDD. This analysis provides pooled estimates of 
treatment efficacy from a comprehensive systematic review that is more representative 
than the one NSMHWB survey, that may be used to adjust severity distributions for 
MDD. Another important component that will better inform the MDD severity distribution 
is treatment coverage which will be covered subsequently in Chapter 3.  

 
  
2.5 Conclusions: 

 
This analysis presents an initial application of the novel MR-BRT framework to data on 
treatment efficacy for MDD. These findings provide comparative evidence for both 
therapies and antidepressants that may be useful to clinical service providers. Future 
efforts may incorporate attributes such as MDD assessment methods, sample 
characteristics, depression severity, and trial setting that may additionally inform 
variation in treatment efficacy to obtain estimates with greater accuracy and precision. 
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2.6 Significance of outputs from Chapter 2: 
 

This chapter explored the application of a novel Bayesian meta-regression framework to 
estimate the efficacy of pharmacological and therapeutic interventions for MDD. We 
extend upon previous work by reporting pooled treatment effects for all known treatment 
classes in a single network along with incorporating between-study heterogeneity. We 
also make use of waitlist as a control condition for therapies which may better reflect a 
scenario of no access to treatment compared to care as usual or other control conditions 
used before. The outputs from Chapter 2 along with treatment rates (covered in Chapter 
3) may find useful applications in re-estimating the severity distribution for MDD. Severity 
distributions summarize the range of functional health loss across prevalent cases of 
MDD. This is usually expressed as the proportion of MDD cases as asymptomatic, mild, 
moderate, or severe. The impact of treatment efficacy on the severity distribution of 
MDD is of particular interest because the GBD study currently applies the same severity 
distribution derived from surveys in high-income settings (such as Australia) to all 
locations without accounting for variation in MDD treatment efficacy and access. The 
treatment effects estimated in Chapter 2 provide a larger dataset of efficacy estimates 
that may be used to re-estimate severity distributions for MDD.  
 
Treatment rates and projected gaps in treatment coverage are another important input in 
addition to treatment efficacy that may better inform the severity distribution of MDD. In 
Chapter 3, we will turn to an examination of treatment rates for MDD. The concluding 
section on the significance of the outputs for Chapter 3 will then offer a cohesive 
discussion of how both treatment effects and treatment coverage sequentially explored 
in this thesis, may be used as inputs to improve methods for MDD severity estimation.  
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2.8 List of Tables and Figures 
 

Treatment Class Pooled SMD [95% UIs] 

Atypical -0.67 [-1.11, -0.22] 

Noradrenaline reuptake inhibitor -0.63 [-1.12, -0.14] 

Noradrenergic and specific serotonergic 
antidepressants 

-0.83 [-1.32, -0.33] 

Serotonin modulators -0.67 [-1.21, -0.12] 

Selective Serotonin Reuptake Inhibitor (SSRI) -0.73 [-1.15, -0.3] 

Serotonin-norepinephrine reuptake Inhibitor (SNRI) -0.86 [-1.29, -0.42] 

Tricyclics -0.89 [-1.35, -0.43] 



41 
 

CBT -0.85 [-0.92, -0.78] 

Counseling -0.73 [-0.86, -0.6] 

Other Psychological interventions -0.76 [-0.89, -0.64] 

Care as Usual  -0.29 [-0.38, -0.2] 

Table 1. Pooled SMDs and 95% UIs by treatment class 
Note: Treatment classes compared against control conditions of pill placebo (drugs) or waitlist (therapies); CBT = Cognitive 

behavioral therapy. Values reported here represent pooled SMDs between treatment class and comparison group. Pooled SMDs 
that are further away from zero (i.e., more negative) represent a higher treatment effect compared to those that are closer to zero 

(i.e., less negative) 

 
 
 
 

 

Drug Class Drug Name 

Atypical 

agomelatine 

bupropion 

trazodone 

Noradrenaline reuptake inhibitor  reboxetine 

Noradrenergic and specific serotonergic 
antidepressants 

mirtazapine 

Serotonin modulators nefazodone 

serotonin-norepinephrine reuptake Inhibitor 
(SNRI) 

duloxetine 

milnacipran 

venlafaxine 

Selective Serotonin Reuptake Inhibitor 
(SSRI) 

citalopram 

fluoxetine 

fluvoxamine 

paroxetine 

sertraline 

vilazodone 

vortioxetine 

Tricyclics 
amitriptyline 

clomipramine 

Table 2. List of Drug Classes and Drug Names 
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Figure 1. Funnel Plot of treatment effect sizes and standard errors from studies 
comparing antidepressant interventions to placebo. [Red circles represent outliers 

identified by MR-BRT] 
 
 
 
 
 
 
 
 
 
 
 
Chapter 3: Modeling global treatment rates for major depressive disorder in 83 countries 
from 2000-2019: A systematic review and Bayesian meta-regression analysis. 
 
[Note: The contents of this chapter have been submitted as a publication for review to PLOS 
Medicine (2021)] 

3.1 Introduction 
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Depressive disorders are highly prevalent and disabling. The Global Burden of Disease Study 
2019 (GBD 2019) estimated that major depressive disorder (MDD) and dysthymia were jointly 
responsible for 46.9 million disability-adjusted life years (DALYs) globally in 2019, with each 
DALY equivalent to a healthy year of life lost to the disability caused by depressive disorders [1]. 
When benchmarked against a total of 369 diseases and injuries, depressive disorders were the 
13th leading cause of overall burden and the 7th leading cause of non-fatal burden, globally [1, 
2]. The impact of depressive disorders also goes beyond the disability and mortality captured by 
the DALY. People with depressive disorders, caregivers, employers, and governments must 
manage the associated reductions in work productivity and increased reliance on state health 
and welfare services [3]. Depressive disorders are also known to be major risk factors for fatal 
outcomes such as suicide [4, 5]. 
 
Effective and efficient treatment strategies are available for depressive disorders and consist of 
pharmacotherapy, psychological, and social interventions [6]. In recent years, there have been 
signs of increasing global commitment to prioritize mental health and reduce the burden 
imposed by severe forms of mental disorders such as MDD. In 2013, the World Health 
Assembly adopted the Comprehensive Mental Health Action Plan which was extended to 2030 
at the 72nd World Health Assembly [7, 8]. Amongst the global targets set are for member states 
to increase service coverage for severe mental disorders by 20% by the year 2030 and to 
routinely collect information on key mental health indicators such as disorder prevalence and 
treatment.  In 2015, the United Nations General Assembly passed the 2030 Agenda for 
sustainable development, which for the first time identified the promotion of mental health and 
well-being, and the prevention and treatment of substance abuse, as health priorities within the 
global development agenda [9].   
 
These national and global advances suggest increasing commitment by governments to reduce 
the negative effects of mental and substance use disorders. However, despite depression being 
a major cause of disability, treatment rates for depression are remarkably low. An estimated 7% 
to 28% of those with depression receive appropriate care and treatment [3].  Previous reviews 
on depression treatment rates have found wide geographic variation by WHO region with gaps 
in treatment ranging from 45.4% in Europe to 67% in the African region and 70.2% in the 
Eastern Mediterranean region [10]. There also exists variation by resource setting in the quality 
of care received. The proportion of those receiving minimally adequate care (MAT) ranged from 
22.4% in high-income countries to 3.7% in lower-middle income countries [11].  
 
Health information systems in many countries are not designed to routinely collect data on key 
mental health indicators (such as treatment coverage) from which the extent of any progress 
can be measured [12]. As an alternative, we can turn to population-representative 
epidemiological surveys to estimate the treated and untreated prevalence of depressive 
disorders as an indicator of treatment gaps. Whilst epidemiological surveys capturing data on 
service use for individuals with depressive disorders exist, efforts to assemble and critically 
evaluate the data for a representative global summary of treatment rates are outdated or do not 
capture all available information [13]. Furthermore, most existing reviews rely on a descriptive 
summarization of treatment rates or gaps, without accounting for variation in study methodology 
that may potentially contribute to heterogeneity in the existing evidence thereby resulting in 
imprecise estimates.  
 
In this paper, we sought to update the 2004 study by Kohn and collaborators who undertook a 
literature review of population surveys of mental and substance use disorders for data on the 
proportion of individuals receiving care [10]. Treatment gap here referred to the difference 
between the proportion of the individuals within a given population with a mental disorder (i.e., 
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total prevalent cases) and the proportion of these individuals who received treatment for that 
disorder (i.e. treated prevalent cases). More recent data on the prevalence and treatment rates 
of depressive disorders can now be used to derive treatment gaps estimates that consider: (1) 
the increased availability of data for some regions; (2) recent health reforms that may have 
occurred in some countries that influence treatment rates; and (3) changes in the use of some 
interventions that could affect treatment rates. In this study, we update the knowledge base on 
the gaps in treatment coverage for MDD. We conducted a systematic literature review to identify 
the existing literature on the global treatment rates of MDD.  Potential sources of heterogeneity 
were analytically explored and accounted for to generate predicted treatment rates. These were 
combined with population-representative prevalence estimates derived by GBD 2019 to 
estimate treatment gaps for MDD. 
 

3.2 Methods:  
 
Case Definitions: This study focused on MDD as defined by the Diagnostic and Statistical 
Manual of Mental Disorders (DSM) or the equivalent International Classification of Diseases 
(ICD) diagnostic criteria [14, 15] According to the DSM, MDD is an episodic disorder 
characterized by at least one major depressive episode (MDE). A diagnosis of an MDE is 
characterized by meeting five out of nine criteria including the core symptoms of depressed 
mood and/or loss of interest causing clinically significant impairment in the main areas of 
functioning.  To meet the threshold for a diagnosis of MDD, depressed mood must be 
experienced mostly all day and every day for a minimum period of two weeks.  
 
Treatment Rates: Treatment rates were defined as the proportion of cases of MDD that 
received treatment for the disorder. Types of treatment were classified into categories used in 
previous studies by Thornicroft et al. (2017) and Wang et al. (2007) [11, 16]. These 
classifications were used to ensure consistent cross-national comparisons of the multiple 
sectors from which people may receive treatment. The treatment type categories used for this 
analysis are listed in Table 1 below: 
 
 
Data sources and search strategy: The estimation of treatment gaps required data on 
prevalence and treatment rates for depressive disorders. Prevalence data came from work 
undertaken as part of the GBD 2019 study (see appendix for further details). A systematic 
literature review of the treatment rates data was undertaken as part of the present study.  
 
Disorder specific treatment rates: A new systematic review was conducted to capture information 
on treatment rates, using methods that would ensure estimates were comparable with the GBD 
2019 literature review and analysis of prevalence data. Searches were performed in two online 
scholarly databases Embase and PubMed from 2000 – mid-2020 including keywords such as 
“depres*” OR “dysthymia” AND “service OR care” AND “utilization” (See Appendix for full search 
strings). An additional search of all data sources used to estimate the prevalence of MDD in the 
GBD was conducted to ensure all relevant data sources were screened (see more details on GBD 
data below). Both reviews adhered to the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) guidelines [17]. Search strings and the PRISMA checklist are provided 
in the Appendix. For each of the two literature searches, potential data sources were assessed 
for inclusion through a title, abstract and full text search, respectively. MM, AJF, JL, and KJ (see 
acknowledgement) conducted both systematic reviews. This systematic review is registered with 
PROSPERO (ID: CRD42020212552) 
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The primary metric of interest for the review of treatment rates was the proportion of individuals 
from general population surveys, meeting criteria for MDD that received treatment for their 
disorder. Studies were included if treatment rates pertaining to the last 12 months or less were 
reported directly or if sufficient information was available to calculate this along with 95% 
uncertainty intervals (UIs). Studies were included if they made use of population-based surveys 
that were representative of communities, countries, or regions under study.  Studies were 
included if they used DSM 3, 4 or 5 or ICD 9 or ICD-10 criteria to diagnose cases of MDD. Only 
data collected between 2000 and 2020 were included. Earlier samples were excluded given that 
changes in the available treatment and service systems between countries have likely evolved 
over time. Therefore, treatment rates from years earlier than 2000 may not be representative of 
the current state of treatment coverage and service quality [18] . To maximize data availability, 
studies that reported on the current prevalence of ‘depressive disorders’ (comprising both MDD 
and dysthymia) or ‘mood disorders’ were included and reported on separately (see appendix).  
Studies were excluded if they exclusively reported on non-representative samples (example: 
inpatient samples, incarcerated samples, populations without fixed residences, populations that 
are racial or ethnic minorities in the study location) or used symptom scales to assess for the 
presence of depressive symptoms not meeting diagnostic thresholds within the DSM and ICD. 
In addition to our primary literature search, a grey literature search was also conducted as part 
of the review of GBD data to identify datasets from the World Health Surveys (WHS). We made 
an exception to the symptom scale exclusion criteria for data from this survey, which captured 
data on both depressive symptoms and service use across 70 countries in order to maximize 
data inclusion and geographic representativeness. To improve comparability of WHS treatment 
rates with other treatment rates in the dataset, WHS estimates were adjusted upwards towards 
the level they would have been had they been based on a formal diagnosis of MDD (See 
appendix for further details).  
 
Data Collection and Processing: Data from included studies were extracted using a Microsoft 
Excel template that ensured that minimum amount of information was extracted from each 
study. Study characteristics that were extracted included location, study setting, methodological 
design, urbanicity (mixed/rural/urban), years, and MDD assessment tools used. Sample 
characteristics that were extracted included age, sex, response rate, treatment type, and 
sample size (See Table 2 for a full list of study characteristics extracted). Studies were classified 
by income level according to the World Bank Country and Lending Groups and GBD super 
regions [1, 19].  If studies reported multiple treatment rates (e.g., stratified by age or sex), the 
estimate for each was extracted. Similarly, if studies reported multiple treatment rates by 
severity of MDD, these were extracted and analyzed separately. Estimates for treatment rates 
were stratified into categories of treatment types described above. Treatment rate estimates 
were Freeman-Tukey double arcsine transformed to ensure all treatment rates and their 
uncertainty intervals remained between 0% and 100% [20, 21]. Pooled estimates were then 
back-transformed into natural number space and reported in the results section (see next 
section for more details). 
Statistical Analysis:  
Our primary regression analysis was restricted to data on MDD. We modeled MDD treatment 
rates as a function of covariates listed in Table 2 above using a Meta Regression: Bayesian, 
Regularized Trimmed (MR-BRT) framework to estimate pooled treatment rates adjusted for 
parameters of interest [22]. Parameters that suggested statistically significant differences in 
treatment rates were retained for meta-analyses reported in the results below. We used fixed 
effects for selected covariates and random effects for studies chosen a priori to account for 
between-study variation. Due to considerable heterogeneity and sparsity of data by select 
covariates, we chose to analyze data on disorder severity, MAT definitions, dysthymia, and 
mood disorders, and treatment rates by year as part of our supplementary analyses (see 
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appendix). Our final model included treatment type, income group, age, sex, type of assessment 
tool, and response rate as significant predictors of treatment rates. The MR-BRT model was 
used to obtain predicted treatment rates adjusted for these covariates (Tables 5 and 6).   
 
Predicted treatment rates for MDD by age, sex, and super-region were estimated from the 
model and used to calculate treatment gaps as 1 – Treatment Rate. We estimated uncertainty 
for our analyses at the 1000 draws level. This involved taking 1000 samples of the predicted 
treatment rate estimates to generate 1000 samples of the treatment gap distribution. Estimates 
of projected treatment gaps were computed using the mean estimate across 1000 draws and 
the 95% uncertainty intervals (UIs) are determined on the basis of the 25th and 975th percentile 
values across a total of 1000 draws. Projected treatment gaps by age, sex, and GBD super-
region for health service use and mental health service use are reported in the results section 
below as our dataset had the most data for these select treatment types.   
 
GBD prevalence data were multiplied by treatment rates to calculate the number of treated and 
corresponding untreated cases of MDD. Uncertainty was estimated at the 1000 draws level 
described above. The generated 95% uncertainty reflected the main sources of sampling 
uncertainty from both the prevalence and treatment rates. 
 

3.3 Results: 

Study characteristics 
We identified 325 data points from 146 studies reporting on treatment rates for MDD from 83 
countries. The literature search and data sources are summarized in the appendix (Appendix 
sections 1-5). Table 3 summarizes the number of available datapoints for each of the six 
treatment types by income group. Figure 1. shows the global availability of relevant studies on 
treatment rates for MDD. 
 
Regression Results for MDD data: 
The coefficients from our regression model are presented below (Table 4). Our final model 
included treatment type, World Bank income group, age, sex, type of assessment tool, and 
response rate as significant predictors of treatment rates. Treatment rates for any service use, 
any health service use, and general health service use were significantly higher than those for 
mental health service use (reference category). Treatment rates for MAT and non-health service 
use were significantly lower than those for mental health service use. Age was associated with 
an increase in MDD treatment rates. Treatment rates were higher for females compared to 
males. Response rate was associated with an increase in treatment rates. The use of non-
diagnostic assessment tools was associated with a decrease in treatment rates. Treatment 
rates from upper-middle income locations were significantly lower than those from high-income 
locations (reference category). Treatment rates from low and lower-middle income locations 
were significantly lower than those from high and upper-middle income locations.  
 
Predicted treatment rates by service type and income group and adjusted for covariates are 
reported in Table 5. Treatment rates were the highest for any service use, followed by any 
health service use, and other treatment types. The lowest treatment rates were observed for 
MAT and non-health service use. Treatment rates across all service types were the highest for 
high-income locations compared to upper-middle and low and lower-middle income locations. 
For high-income locations, treatment rates ranged from 59% [34%, 82%] for any service use to 
16% [2%, 38%] for any non-health service use. For upper-middle income locations, treatment 
rates ranged from 39% [16%, 65%] for any service use to 4% [<0.1%, 22%] for non-health 
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service use. For low and lower-middle income countries, treatment rates ranged from 31% [9%, 
57%] for any service use to 1% [<0.1%, 15%] for any non-health service use.  

 

We also modeled treatment rates as a function of the covariates described above along with 
GBD super-region (instead of income group). The regression coefficients from this model are 
presented in the appendix. Table 6 shows overall predicted treatment rates by service type and 
GBD super-region. Figures 2 and 3 show projected treatment gaps disaggregated by age, sex, 
and GBD super-region for health service use and mental health service use.  
 
 
3.4 Discussion:  

Our systematic review identified 325 datapoints from 83 countries on the treatment rates of 
MDD. From this dataset we characterized the patterns of service use for MDD across 83 
countries. Treatment rates were modeled as a function of service type, location, age, sex, 
diagnostic tool, and response rate. Treatment rates for any service use, any health service use, 
and any general health service use were significantly higher than mental health service use. 
Although mental health service use is traditionally considered the most ideal for MDD, the 
higher treatment rates of broader categories of any, health, or general health service use 
indicates the importance of these types of services used to treat MDD given the lack of 
specialized mental health services in many countries. These findings are also largely consistent 
with WHO recommendations on treatment of mental disorders within general or primary health 
care settings for all countries [7].  
 
Age was associated with an increase in treatment rates. This is consistent with earlier findings 
that older age is typically associated with greater use of treatment services. Treatment rates 
were higher in females than males. This is also consistent with trends found in other studies that 
females are perhaps better at detecting and seeking out care for emotional problems than 
males [23]. Response rate and type of diagnostic tool were important to incorporate in our main 
model as methodological features that may impact population-based analyses. Higher response 
rates indicate the sample is likely to be more representative of the broader population and the 
results therefore more generalizable to the whole population compared to lower response rates 
which are more susceptible to bias. High response rates being associated with greater 
treatment coverage may indicate that large-scale sample recruitment efforts may succeed in 
including those who generally have poorer health statuses with a higher need and use of 
services, and who might be non-responders for studies with low response rates that fail to 
adequately capture a more representative sample from the target population [24, 25]. We 
adjusted for type of diagnostic tool used to account for any difference between studies that use 
CIDI or other equivalent diagnostic instruments, and our WHS estimates which were adjusted 
prior to analyses. Treatment rate estimates from studies using CIDI or other diagnostic MDD 
assessment tools were found to be higher compared to WHS estimates that were obtained 
using symptom scales. This is consistent with our sensitivity analyses where treatment rates 
from studies using diagnostic assessment tools were found to be higher than those obtained 
from studies using symptom scales as was the case with WHS estimates. WHS treatment rates 
estimates obtained using symptom scales likely include samples with subthreshold MDD as well 
which may reflect lower treatment rates.  
 
LMICs had significantly lower treatment rates compared to high-income locations. With up to 
75% of individuals with depressive disorders residing in low- and middle-income countries, this 
indicates that a substantial proportion of people with depression globally do not access any 
health related services for depression care. Our findings echo the importance of existing calls 
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for the prioritization of mental health in national health agendas. Many countries featured in our 
review still lack the mental health policy, legislation, or resources to guide their mental health 
programs and services [7, 26].  Our findings also showed that even in high income countries 
where treatment rates are comparatively higher, the majority of individuals receiving care for 
depressive disorders, failed to receive a level of care that is consistent with practice guideline 
recommendations. Only a small minority of individuals with depressive disorders accessed 
treatment in the specialized mental health care system or received minimally adequate 
treatment.  
 
In this paper, we analyzed rates of minimally adequate treatment by categorizing study-reported 
definitions of MAT as either “stringent”, i.e., requiring some combination of at least 8 visits to a 
mental health professional and at least 30 days of prescribed antidepressant use or “non-
stringent”, i.e., having lower threshold for mental health visits and medication use, and deemed 
additional types of service use as adequate treatment. Treatment rates for stringent definitions 
of MAT were lower than those for non-stringent definitions of MAT. This indicates that the high 
thresholds of treatment requirements considered minimally adequate may not be feasible to 
attain for all those who need treatment [6]. Moreover, stringent definitions of MAT were most 
commonly found in studies originating from high-income countries (e.g., Canada, Finland, USA, 
and Spain). Many countries may be unable to deliver stringent MAT especially if mental health 
treatment is provided within primary or general healthcare settings by trained healthcare 
providers instead of specialized mental health professionals. In countries where attaining MAT 
may pose a challenge, alternative interventions (e.g., The Friendship Bench program in 
Zimbabwe) that leverage community and non-specialized human resources and ensure 
appropriate levels of treatment intensity have shown promise [27–30]. 
 
The findings presented here and elsewhere indicate that access to care for MDD needs to be 
improved. However, the specifics of which components of care increase ‘access’ still need to be 
systematically explored. Dedicated mental health services, institutes, and hospital units along 
with community-based care exist in many HICs. However, mental healthcare institutions in 
LMICs are likely under-resourced and overburdened with treatment for competing, acute health 
conditions. Therefore, examining access alone is not enough. The proportion of people who 
receive sufficient care once they enter treatment is still difficult to estimate from the current 
literature. MAT is also difficult to quantify because not everyone who meets criteria for MDD will 
need or want care. Therefore, it is important to consider not simply the presence of services, but 
what behavioral or environmental drivers such as awareness (or lack thereof) of effectiveness of 
interventions, income or food insecurity, and other more immediate stressors that may impact 
contact with and adherence to treatment. A recent paper using WMHS data estimated a 90% 
gap in effective treatment with lack of utilization and inadequate quality or adherence being 
critical bottlenecks [13]. While this provides an important decomposition of elements of 
treatment coverage and quality, it is also important to consider variation in real-world treatment 
settings and variation in MAT thresholds that impact treatment rates as shown in this analysis. 
Treatment gaps for MDD also need to consider gaps in psychosocial and physical health care 
[31]. Psychosocial interventions have been shown to be highly effective in symptom reduction 
and physical health care is important to include considering the high and often untreated 
physical comorbidity and premature mortality that accompanies MDD and other mental 
disorders [32]. 
 
Efforts to close the depression treatment gap would also need significant boosts in funding 
allocations Global health financing has historically been prioritized for malaria, HIV/AIDs, and 
tuberculosis – which are some of the leading causes of disability and mortality in many LMICs. 
However, financing for mental health is still far from adequate. In 2019, development assistance 
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for health (DAH) for non-communicable diseases (which includes mental disorders) for SDG 3 
targets was $0.7 billion for 135 low and middle income countries – which is less than 2% of the 
total estimated DAH in 2019 of $40.6 billion [33]. Therefore, it is important to align funding 
priorities with epidemiological shifts in LMICs that are likely to be accompanied by an increase 
in non-communicable disease burden including mental disorders. A global return on investment 
analysis by Chisholm and colleagues showed that scaling up effective treatment for depression 
and anxiety disorders leads to 43 million extra years of healthy life and a net present economic 
value of $310 billion between 2016 to 2030 [3]. In addition to differences in treatment gaps 
between countries, it is also important to consider subnational variation in the magnitude of 
these gaps. For instance, it is plausible that urban areas may have higher treatment rates 
(although our analysis did not find any significant differences by urbanicity possibly due to lack 
of sufficient data informing urban vs rural estimates). Unobserved factors such as regional 
differences in health system performance, personal and public healthcare spending, regional 
socioeconomic inequality, history of regional instability, and ongoing epidemiological shifts in 
disease burden may well play a role in within-country treatment gaps for MDD. While this paper 
did not explicitly analyze subnational estimates, it is important to recognize that there may be 
regional differences in MDD treatment. Subsequently within-country funding priorities should 
take these differences into account. Future work in analyzing subnational variation in treatment 
rates may also contribute to our understanding of how MDD burden at the subnational level can 
be influenced by access to care. 
 
The Comprehensive Mental Health Action Plan 2013–2020 adopted by the World Health 
Assembly was recently revised and extended through 2030 to include an updated set of 
indicators. Of particular significance is a newly added indicator to quantify the proportion of 
people with depression who are using services during the past 12 months [7, 8, 26]. The 
presence of an indicator to track treatment use among those with depression specifically may 
serve as an important impetus for regular data monitoring and tracking for treatment coverage. 
In the United Nations Sustainable Development Goals, mental health was for the first time 
explicitly recognized within the concept of Universal Health Coverage [34]. It is clear that 
providing effective services for people with depression, integrated into general health services, 
care for HIV or maternal and child health, is a vital element of basic healthcare provisions [35, 
36]. As we now have evidence for effective and feasible interventions suitable for low-, middle- 
and high-income countries, we call upon national and international organizations to make firm 
and time-bound commitments to make adequate resources available for scaling up the provision 
of mental health services so that ‘no one is left behind’. This is particularly pertinent during the 
current COVID-19 pandemic, which has been accompanied by a substantial increase in the 
prevalence of depression and a simultaneous decrease in access to services in many countries 
[38]. 
 
The analyses conducted were limited by lack of high quality data on service use. Most studies 
originated from high-income countries largely located in North America and Western Europe. 
However, LMICs (mostly in Sub-Saharan Africa and South Asia) that comprise approximately 
70% of the world’s population and 80.9% of MDD non-fatal disability globally, accounted for only 
22% of studies on MDD in this dataset. Despite the significant disparities in available data, the 
available evidence indicates that the treatment gap for MDD is consistently wide across most 
locations. There was considerable variation in treatment rates across countries, suggesting that 
resources available for MDD not only continue to be scarce but unequally distributed across the 
globe, and far from commensurate to the prevalence of depressive disorders [37].  
 
Some additional limitations are important to note. First, only 22%  of the studies originated from 
low or lower-middle income countries with very few datapoints by treatment type. Therefore, we 
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were unable to generate estimates by type of treatment beyond the location groupings used. 
This is also reflected in the large uncertainty bounds accompanying estimates for low and lower-
middle income countries and therefore these should be interpreted with caution. Second, given 
the nature of our systematic review, we had to rely on definitions for service use set by each 
individual data source. Definitions for what comprise minimally adequate treatment in particular 
varied widely by data source and highlighted the lack of consistency in the literature (and even 
within the World Mental Health Survey collaboration) in how this concept should be defined. 
Thornicroft and collaborators restricted their definition of MAT to those “receiving either 
pharmacotherapy (at least 1 month of a medication, and 4 visits to any type of medical doctor) 
or psychotherapy (at least 8 visits with any professional including religious or spiritual advisor, 
social worker or counsellor)”. However, the extent to which these thresholds of care should be 
considered a practice guideline recommendation is unclear as depression exists on a severity 
continuum with more intensive treatment needed for depression of higher severity. Third, there 
were insufficient data by location and year to appropriately analyze changes in MDD treatment 
rates over time for all locations (see appendix). Nonetheless, this study provides the most 
comprehensive review of MDD treatment rates to date. We improve upon earlier work by 
applying updated modeling methods that better capture heterogeneity in the data and account 
for bias that may be contributed by study-level characteristics. Findings from this study may 
contribute to future work in modeling potentially avoidable burden of MDD in varying scenarios 
of treatment coverage.  
 

3.5 Conclusion: 

Treatment coverage for MDD continues to be low globally. . It is important to prioritize better and 
frequent collection of treatment coverage data over time and the availability of appropriate care 
for MDD and examine barriers and facilitators of treatment.   
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3.6 Significance of Outputs from Chapter 3: 

In Chapter 3, we report findings from an updated systematic review on treatment rates using 
data from 2000 through 2019 and 83 countries. We include carefully selected studies that used 
diagnostic criteria to assess MDD and included samples that were representative of their given 
locations. We consider and analytically quantify sample and methodological covariates that may 
contribute to variation in reported treatment rates and model these in MR-BRT to produce 
predicted treatment rates by location and six treatment types. Although there were insufficient 
data to allow for a more detailed exploration of minimally adequate treatment (MAT), we briefly 
explore variation by stringent and non-stringent care thresholds of what is considered adequate 
care which provide some indication of feasibility of desired MAT particularly in low and middle-
income countries. Overall, this work provides the most comprehensive evidence on treatment 
coverage estimates that highlight the need to prioritize MDD treatment in many parts of the 
world.  
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In the previous chapter, we mentioned that outputs on treatment efficacy along with outputs on 
treatment coverage from the current chapter may find useful applications in re-estimating the 
severity distribution for MDD within the GBD study. We also discussed the limitations of current 
methods that may be addressed using more informative data on treatment efficacy and 
treatment coverage provided in Chapters 2 and 3. We now offer a broad, conceptual framework 
of how treatment efficacy and treatment coverage may be used to re-estimate the severity 
distribution of MDD. Current GBD methods map Short Form-12 scores to disability weights and 
derive severity distributions. This process is documented in more detail in Burstein et al. and 
Salomon et al [39, 40]. However, most data sources are from high-income settings and are not 
fully representative of severity in low and middle-income settings. Therefore, more informative 
pooled treatment efficacy estimates informed by a comprehensive set of 607 studies on 
interventions for MDD may be used to adjust  the severity distribution such that they better 
reflect the impact of treatment efficacy. These pooled treatment efficacy estimates may be 
further enhanced by being adjusted for treatment coverage (inputs from comprehensive 
systematic review in Chapter 3) that will incorporate information on access to treatment. 
Therefore, pooled treatment efficacy estimates adjusted for treatment coverage may be used to 
adjust the severity distribution  such that they better reflect the impact of both treatment efficacy 
and treatment coverage. Extensions of this work may include grading this new distribution of 
severity by health access quality index (HAQI) by location and year. Additional extensions may 
include quantifying the proportion of depression burden that has (i) been averted by treatment, 
(ii) remains untreated, and importantly – (iii) is potentially avoidable under assumptions of 
routine and best healthcare functioning scenarios.  

The paragraph above offers some potential insights into the relevance of work in Chapters 2 
and 3 to re-estimating the severity distribution for MDD. Beyond the GBD framework, these 
findings may serve as useful contributions to the broader fields of mental health epidemiology 
by empirically addressing methodological improvements to comparative epidemiological 
assessments, and the evidence on treatment efficacy and coverage for MDD. These domains 
are closely connected and complementary in their efforts to improve global mental health 
estimates. Chapter 4 offers a summary of key findings that result from this work and their 
relevance to future areas of research in these areas. 
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3.8 Tables and Figures: 

Treatment Type Definition 
Any service use Studies that reported treatment rates without differentiating 

between health and non-health sectors 
Health service use Services offered within the health sector 

General health service use Services provided by primary care doctors, other general medical 
doctors, nurses, or other health professionals not within the mental 
health sector 

Mental health service use Services provided by psychiatrists, psychologists, other mental 
health professionals in any setting, social workers or counsellors in 
a mental health specialty setting or use of a mental health hotline 

Non-health service use Services outside of the health sector. This includes service 
provided by spiritual or religious advisers, chiropractors, traditional 
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healers, participation in internet support groups, and self-help 
groups 

Minimally adequate treatment 
(MAT) 

Treatment which was potentially minimally adequate according to 
evidence-based guidelines. Due to the variation in the definition of 
MAT between studies, we chose to group definitions as being 
“stringent” or “non-stringent”. Stringent MAT was defined as 
receiving 8 or more visits to any service sector for psychotherapy 
or 4 or more visits to any service sector and at least 30 days of 
pharmacotherapy or its nearest equivalent. Non-stringent MAT was 
defined as requiring fewer visits and days of medication use than 
the stringent definition of MAT. These groups best reflected the 
variation observed in the reported definitions of MAT 

Table 1. Treatment types and corresponding definitions. 
 

Parameter Definition 
Disorder As reported by the study: Major Depressive Disorder or 

Dysthymia or Depressive Disorders or Mood disorders. (The 
main analyses focus on MDD only) 

Country As reported by study 
World Bank Income 

Group 
High-income (ref) /Upper-middle/Lower-middle/Low-income  

Year Mid-point of duration between start and end years of study 
period 

Age Mid-point of age range of sample reported by study 
Percent Female Percentage of study sample that comprised female 

participants 
Treatment Type Any service/health service/general health service/mental 

health service/non-health service 
MDD Assessment tool CIDI/other diagnostic instruments (ref) or symptom-scale 

assessed WHS estimates 
Recall Period of 

Treatment 
12 months (ref) or less 

Response Rate Proportion of sample contacted that provided data for the 
study 

Sample size Total number of study participants 
Urbanicity Information on urban, rural, or mixed setting of study location 

MAT  As defined by study; Categorized as lenient, moderate, or 
stringent definition 

Disorder severity As reported by study (mild, moderate, or severe) 

Table 2. List of Parameters and Definitions 

 

Treatment Type Low and lower 
middle 

Upper-
middle 

High Income 
Countries 

Total 

Any general health service 1 2 32 35 

Any health service 27 14 45 86 

Any mental health service 6 13 79 98 

Any non-health service 1 3 22 26 

Any service use 2 13 27 42 

MAT 1 9 28 38 

Table 3. Number of datapoints for MDD by Treatment Type and Income group 
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Figure 1. Number of studies on MDD treatment coverage by country 
 
 
 
 
 
 
 
 
 
 
 

Covariate Parameter Estimate [95% UI] 

Intercept a 0.567 [0.543, 0.591] *** 

Treatment Type 

Any service use 0.3 [0.286, 0.315] *** 

General health service use 0.049 [0.036, 0.062] * 

Minimally adequate treatment (MAT) -0.112 [-0.126, -0.098] * 

Health service use 0.196 [0.179, 0.213] *** 

Non-health service use -0.153 [-0.167, -0.139] *** 

Sample characteristics 

Age 0.001 [0.0006, 0.002] * 

Percent female 0.032 [0.016, 0.048] * 
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World Bank Income Group 

Upper-middle-income -0.201 [-0.281, -0.121] *** 

Low and lower-middle income -0.287 [-0.379, -0.195] *** 

Methodological Covariates 

Response rate 0.17 [0.028, 0.313] * 

Type of assessment tool -0.082 [-0.159, -0.005] * 

     Significance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1  
        a Intercept represents mental health service use. 
 
Table 4. Regression Coefficients and 95% uncertainty intervals for MDD treatment rates modeled 

as a    function of select covariates: treatment type (ref = mental health service use), income group 
(ref= high-income), age (ref = mid-point of sample ~ 50 years), sex (ref = both), response rate (ref = 

100%), and type of assessment tool (ref = CIDI/equivalent diagnostic tool). 
 

 
Table 5: Predicted treatment rates by Income Group 

 
 

 
 

 
 

 
 

Treatment Type High-Income Upper-middle Income Lower middle and Low 
Income 

Any service use 0.59 [0.34, 0.82] 0.39 [0.16, 0.65] 0.31 [ 0.09, 0.57] 

Health service use 0.49 [0.24, 0.73] 0.29 [0.09, 0.56] 0.21 [0.04, 0.46] 

General health service use 0.35 [0.13, 0.59] 0.17 [0.02, 0.4] 0.11 [0.0002, 0.31] 

Mental health service use 0.3 [0.09, 0.54] 0.13 [0.01, 0.36] 0.08 [<0.001, 0.28] 

Non-health service use 0.16 [0.02, 0.38] 0.04 [<0.001, 0.22] 0.01 [<0.001, 0.15] 

Minimally Adequate Treatment 0.2 [0.04, 0.42] 0.07 [<0.001, 0.25] 0.03 [<0.001, 0.18] 

Treatment 
Type 

Southeast 
Asia, East 

Asia & 
Oceania 

Central 
Europe, 
Eastern 

Europe & 
Central 

Asia 

High 
Income 

Latin 
America & 
Caribbean 

North Africa 
& Middle 

East 

South Asia Sub-Saharan 
Africa 

Any service 
use 

0.29 [0.05, 
0.61] 

0.54 [0.25, 
0.82] 

0.58 [0.29, 
0.85] 

0.45 [0.16, 
0.74] 

0.28 [0.06, 
0.57] 

0.28 [0.05, 0.6] 0.28 [0.06, 
0.57] 

Health 
service use 

0.2 [0.01, 
0.49] 

0.44 [0.16, 
0.74] 

0.47 [0.2, 
0.76] 

0.34 [0.09, 
0.64] 

0.19 [0.02, 
0.46] 

0.2 [0.01, 0.48] 0.19 [0.02, 
0.46] 

General 
health 

service use 

0.12 [<0.01, 
0.38] 

0.33 [0.09, 
0.63] 

0.36 [0.11, 
0.66] 

0.24 [0.03, 
0.52] 

0.12 [<0.01, 
0.34] 

0.12 [<0.01, 
0.37] 

0.12 [<0.01, 
0.34] 

Mental 
health 

service use 

0.08 [<0.01, 
0.31] 

0.27 [0.05, 
0.55] 

0.3 [0.07, 
0.59] 

0.19 [0.01, 
0.44] 

0.08 [<0.01, 
0.28] 

0.08 [<0.01, 
0.3] 

0.08 [<0.01, 
0.28] 
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Table 6. Predicted treatment rates by GBD Super-region 

 

 

 
 

Figure 2. Predicted Treatment Gap for any health service use by age, sex, and GBD 
super-region 

 

Non-health 
service use 

0.03 [<0.01, 
0.17] 

0.14 
[<0.01, 
0.38] 

0.16 [0.01, 
0.41] 

0.08 
[<0.01, 
0.28] 

0.02 [<0.01, 
0.14] 

0.03 [<0.01, 
0.16] 

0.02 [<0.01, 
0.14] 

Minimally 
Adequate 
Treatment 

0.04 [<0.01, 
0.2] 

0.18 [0.01, 
0.44] 

0.2 [0.02, 
0.47] 

0.11 
[<0.01, 
0.33] 

0.04 [<0.01, 
0.18] 

0.04 [<0.01, 
0.2] 

0.04 [<0.01, 
0.18] 
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Figure 3. Predicted Treatment Gap for any mental health service use by age, sex, and 
GBD super-region. 

 
 
 
3.9 Appendix:  
 
Systematic Review Search Strings: 

PubMed: 

Treatment rates systematic review: 

 ((((“Mental Health Services” AND “Mental Disorders” AND (Epidemiology OR “Health 

Care Surveys”) )OR (((((("Mental Health Services/ utilization" OR “unmet needs” OR 

Untreated OR (Treatment AND rate*) OR (Treatment AND gap)) AND (epidemiolog* OR 

population*) ) AND ( ("Mental health" OR "Mental disorder*" OR " Mental illness*" OR 

"Psychiatric disorder*" OR "Psychiatric illness*") OR ("Depress*" OR "Dysthymi*" OR 

"Mood disorder*" OR "Affective disorder*") OR Bipolar OR Schizophrenia OR 

(("Substance" OR "Addictive" OR "Addiction" OR "Drug dependence" OR "Cannabi*" OR 

"Hallucinogen*" OR "Opioid*" OR "Heroin*" OR "Amphetamine*" OR "Cocaine*" OR 

"Marijuana*") AND ("Use" OR "Dependence" OR "disorder")) OR ( "Anxiety" OR 

"Obsessive compulsive" OR "Agoraphobia" OR "Social phobia" OR "Phobia" OR "Post-

traumatic stress" OR "Posttraumatic stress" OR "PTSD" OR "Panic disorder"))))) AND 

"humans"[Filter]) NOT "clinical trial"[Filter]) NOT ((cancer[sb] OR AIDS[sb])))  
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Embase: 

 (major AND depression:ab,ti OR depression:ab,ti OR depres*:ab,ti OR dysthymia:ab,ti 

OR mental:ab,ti OR behavioral:ab,ti) AND ((mental AND health AND service:ab,ti OR 

health) AND service:ab,ti OR care:ab,ti OR service) AND utilization:ab,ti 

Prevalence systematic review: 

 (((((((((((((((((depress*[Title/Abstract]) OR dysthymi*[Title/Abstract]) OR 
bipolar[Title/Abstract]) OR manic[Title/Abstract]) OR mania[Title/Abstract]) OR "mood 
disorders"[Title/Abstract]) OR "mood disorder"[Title/Abstract]) OR mood disorders[MeSH 
Terms]) OR depressive disorders[MeSH Terms]) OR depressive disorders, major[MeSH 
Terms]) OR bipolar disorders[MeSH Terms]) OR dysthymic disorders[MeSH Terms] 
AND ((((((((((((((((prevalen*[Title/Abstract]) OR mortality[Title/Abstract]) OR 
death*[Title/Abstract]) OR inciden*[Title/Abstract]) OR recurren*[Title/Abstract]) OR 
remission[Title/Abstract]) OR duration[Title/Abstract]) OR remit*[Title/Abstract]) OR 
epidemiolog*[Title/Abstract]) OR prevalence[MeSH Terms]) OR mortality[MeSH Terms]) 
OR incidence[MeSH Terms]) OR recurrence[MeSH Terms])  

 

PRISMA flowchart: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Records identified through database 

searching  

(n = 25,664) 

Additional records identified through other 

sources  

(n = 170) 

Records screened after duplicates removed  

(n = 24,649) 

Records Screened (Title and Abstract)  

(n = 24,649) 

Records excluded  

(n = 23,304) 

Full-text articles assessed for 

eligibility  

(n = 1,345) 

Full-text articles included in 

quantitative synthesis  

(n = 146) 

Full-text articles excluded  

(n = 1,199) 

Reasons for exclusion 

 Sample not representative of general 

population: 317 

 Year of data collection <2000: 106 

 Definition of mental disorder use not 

suitable: 100 

 Lifetime rates of service use reported 

without point prevalence: 52 

 No data in sample with depressive 

disorders: 570 

 Data already captured in another 

included study: 12 

 No access to data: 1 

 Not a peer-reviewed paper: 41 
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      Data sources on MDD prevalence from the Global Burden of Disease Study: 

Disorder-specific prevalence rates. GBD 2019 estimated the prevalence of MDD and 
dysthymia by age, sex, year, and location as part of their analysis of non-fatal burden. The 
GBD search strategy has been reported elsewhere and is summarized here [1]. Briefly, 
prevalence estimates were derived from an analysis of epidemiological population survey 
data obtained from comprehensive systematic reviews of the literature reporting on the 
prevalence, incidence, remission, duration, and excess mortality associated with MDD and 
dysthymia. The literature search involved examining the peer-reviewed literature (via 
PubMed, PsychInfo, and Embase) between 1980 and 2019, and obtaining other relevant 
data sources from the grey literature or through expert consultation up to 2019. To meet 
criteria for inclusion, studies reporting prevalence must have: defined a case of MDD or 
dysthymia using diagnostic classifications proposed in the DSM or ICD; involved/recruited a 
sample representative of the community, region, or country under study (i.e., samples of 
minority groups, or those derived from hospital records were not accepted); and reported 
prevalence within the past year or less. Lifetime prevalence estimates were not accepted as 
they are more prone to recall bias [41]. 

 

     WHS Data sources: 

WHS surveys were implemented by WHO to monitor adult health outcomes and health 
systems between 2002 and 2004 in countries chosen to represent all world regions. 
Samples were representative of the general population and probabilistically selected. For 
each country, unit record data were aggregated to estimate the proportion of cases likely 
meeting diagnostic criteria for MDD and the proportion of these probable MDD cases 
accessing any health service in the last two weeks. The survey item relating to service use 
identified individuals taking medication or receiving other professional treatment for their 
symptoms of depression in the last two weeks. Treatment was defined as attending 
psychological therapy or counselling session with a trained health professional during the 
last two weeks. The survey items relating to depression in the WHS captured the majority 
but not all symptoms required for a full-diagnosis of MDD according to the DSM or ICD. As 
such, the estimated treatment rates likely pertained to a combination of individuals with MDD 
and sub-threshold MDD. 

We conducted a sensitivity analysis to examine the difference between other treatment rates 
available in our dataset where MDD was defined according to full DSM/ICD criteria and 
those derived from the WHS. There were three countries (Australia, Spain, France) for 
which we had comparable WHS and diagnostic based treatment rates for ‘any health 
service’. The pooled ratio of other diagnostic-based treatment rates: WHS treatment rates 
was 1.4 (95% confidence interval: 1.3-1.6). This suggested that surveys capturing a full 
diagnosis of MDD produced treatment rates that were on average 1.4 times higher than 
WHS surveys. We maximized data inclusion by including the WHS treatment rates in our 
estimation of treatment gaps. To improve comparability of WHS treatment rates with other 
treatment rates in the dataset, WHS estimates were adjusted upwards towards the level 
they would have been had they been based on a full-diagnosis of MDD using our estimated 
ratio. The diagnostic algorithm used to identify probable cases of MDD within the WHS, the 
analysis to estimate the pooled ratio of other diagnostic-based treatment rates: WHS 
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treatment rates, and a comparison of the adjusted and unadjusted WHS estimates are 
shown below.  

 

The DSM diagnostic criteria for MDD stipulates that five (or more) of the following symptoms 
need to be present during the same 2-week period and represent a change from previous 
functioning: at least one of the symptoms is either (1) depressed mood or (2) loss of interest 
or pleasure. 

o Depressed mood most of the day, nearly every day, as indicated by either subjective 
report (e.g., feels sad, empty, hopeless) or observation made by others (e.g., 
appears tearful).  

o Markedly diminished interest or pleasure in all, or almost all, activities most of the 
day, nearly every day (as indicated by either subjective account or observation).3. 
Significant weight loss when not dieting or weight gain (e.g., a change of more than 
5% of body weight in a month), or decrease or increase in appetite nearly every day. 

o Insomnia or hypersomnia nearly every day. 
o Psychomotor agitation or retardation nearly every day (observable by others, not 

merely subjective feelings of restlessness or being slowed down). 
o Fatigue or loss of energy nearly every day. 
o Feelings of worthlessness or excessive or inappropriate guilt (which may be 

delusional) nearly every day (not merely self-reproach or guilt about being sick). 
o Diminished ability to think or concentrate, or indecisiveness, nearly every day (either 

by subjective account or as observed by others). 
o Recurrent thoughts of death (not just fear of dying), recurrent suicidal ideation without 

a specific plan, or a suicide attempt or a specific plan for committing suicide. 

The symptoms above need to have caused clinically significant distress or impairment in 
social, occupational, or other important areas of functioning. Additionally, the episode is not 
attributable to the physiological effects of a substance or to another medical condition. Table 
1 summarizes the diagnostic algorithm used to identify probable cases of major depressive 
disorder within each World Health Survey (WHS). 

Table 1: DSM-IV-TR criteria for major depressive disorder with corresponding World 
Health Survey item 

DSM-IV-TR criteria for major 
depressive disorder (single episode)  

WHS 
Item 

WHS item description 

First determine if all of the following apply; 

Not a mixed episode (e.g. bipolar 
disorder) 

N/A N/A 

Symptoms cause clinically significant 
distress or impairment in social, 
occupational or other important areas 
of concern 

N/A N/A 

Not due to direct effect of a substance N/A N/A 
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Not accounted for by bereavement 
unless continuous for over 2 months 
or severe functional impairment, 
morbid preoccupation with 
worthlessness, psychotic symptoms or 
psychomotor retardation 

N/A 

 

N/A 
 

If all of the above is true, must have one or both of these symptoms; 

Present for the same 2 week period Q6031 “Was this period [of sadness/loss of 
interest/low energy] for more than 2 
weeks?” 

Depressed mood most of the day and 
nearly every day, self-reported or 
observed by others 

Q6028 “Have you had a period lasting several 
days when you felt sad, empty or 
depressed?” 

Or 

Markedly diminished interest or 
pleasure in all, or almost all, activities 
on most days, self-reported or 
reported by others 

Q6029 “Have you had a period lasting several 
days when you lost interest in most 
things you usually enjoy such as 
hobbies, personal relationships or 
work?” 

Must have either one or both of the above symptoms plus 3 or 4 of these to make a total of 5 
or more symptoms; 

Significant weight loss (not due to 
dieting) or gain (e.g. 5% change in 
one month); or decrease or increase in 
appetite nearly every day 

Q6033  “During this period, did you lose your 
appetite?” 

Insomnia or hypersomnia nearly every 
day 

Q2080  “Overall in the last 30 days, how much 
of a problem did you have with 
sleeping, such as falling asleep, waking 
up frequently during the night or waking 
up too early in the morning?” 

Psychomotor agitation or retardation 
nearly every day, observable by others 

Q6034  “During this period, did you notice any 
slowing down in your thinking?”  

Fatigue or loss of energy nearly every 
day 

Q6030 “Have you had a period lasting several 
days when you have been feeling your 
energy decreased or that you are tired 
all the time?” 

Feelings of worthlessness or 
excessive or inappropriate guilt nearly 
every day; May be delusional;  Not 

N/A N/A 
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merely self-reproach or guilt about 
being sick 

Diminished ability to think or 
concentrate, or indecisiveness, nearly 
every day (self-reported or observed 
by others) 

Q2050 

 

“Overall in the last 30 days, how much 
difficulty did you have with 
concentrating or remembering things?” 

Recurrent thoughts of death, recurrent 
suicidal ideation without a specific 
plan, or a suicide attempt or a specific 
plan for committing suicide 

 
 

Note: DSM-IV-TR: Diagnostic and Statistical Manual of Mental Disorders Fourth Edition, Test 
Revision; WHS: World Health Survey 

 

A participant was counted as a probable case if major depressive disorder if Q6031 = 1 AND 
((Min (Q6028, Q6029) = 1) AND Min (Q6033, Q2080 Q6034, Q6030, Q2050) =>4) OR (Min 
(Q6028, Q6029) = 2) AND Min (Q6033, Q2080, Q6034, Q6030, Q2050) =>3)) 

 For Q6028, Q6029, Q6030, Q6031, Q6033, and Q6034, a value of 5 (“No”) was recoded 
as 0.  

 For Q6025 and Q6028, a value =>3 was recoded as 1, and a value < 3 was recoded as 
0.  
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The WHS item related to any health service utilization asked the following question; 

“Have you taken medication or received other professional treatment for your depression symptoms? 
The purpose of this question is to find out if the respondent is currently under treatment for depression. 
An answer of “yes” is appropriate only if the respondent was taking any medications for depression 
during the last two weeks, or received some kind of treatment such as attending a psychological 
therapy or counselling session (often referred to as “therapy” or “psychotherapy”) with a trained health 
professional during the last two weeks” 

 
There were three countries (Australia, Spain, France) for which we had comparable WHS and diagnostic 
based treatment rates for ‘any health service’. These are summarised in Table 2. The pooled ratio of other 
diagnostic-based treatment rate: WHS treatment rates was 1.4 (95% confidence interval: 1.3-1.6).  
 
Table 2: Comparable World Health Survey and diagnostic based treatment rates for ‘any health service’ 
in the dataset 
 

WHS data-source  Corresponding diagnostic data-source 

Country Sex Year Age 
range 

Treatment 
rate 

Source Year Age 
range 

Treatment 
rate 

Source 

Australia F 2003-
2003 

18-100 34.8% (1) 2007-
2007 

16-85 62.2% (2) 

Australia M 2003-
2003 

18-100 36.6% (1) 2007-
2007 

16-85 42.9% (2) 

Spain F 2002-
2003 

18-96 48.8% (3) 2001-
2002 

18-100 60.8% (4) 

Spain M 2002-
2003 

18-96 35.8% (3) 2001-
2002 

18-100 54.2% (4) 

France P 2003-
2003 

18-93 40.8% (5) 2005-
2005 

20-100 60.4% (6) 

Note: WHS: World Health Survey; P: Person; F: Female; M: Male 

The estimated pooled ratio suggested that surveys capturing a full diagnosis of MDD produced treatment rates 
that were approximately 1.4 times higher than WHS surveys. We maximized data inclusion by including the WHS 
treatment rates in our estimation of treatment gaps and adjusting them upwards towards the level they would 
have been had they been based on a full-diagnosis of MDD using our estimated pooled ratio. The adjusted and 
un-adjusted WHS estimates are summarized in Table 3. 

Table 3: Adjusted and un-adjusted WHS treatment rates and gaps for major depressive disorder 

 Un-adjusted estimates Adjusted estimates 

Country Year Age range Treatment rate  
% (standard 
error)  

Treatment gap % 
(95% confidence 
interval)  

Treatment rate  
% (standard 
error)  

Treatment gap  
% (95% 
confidence 
interval)  

Australia 2003-2003 18-100 35.4 (3.6) 64.6 (57.2-71.7) 50.2 (5.8) 49.8 (38.4-60.9) 

Austria 2003-2003 20-93 38.1 (10.6) 61.9 (40.4-82.1) 54 (15.3) 46 (18.5-75.7) 

Bangladesh 2003-2003 18-100 2.6 (0.6) 97.4 (96.1-98.4) 3.7 (0.9) 96.3 (94.3-97.9) 

Belgium 2003-2003 17-100 37.1 (5.8) 62.9 (50.8-74.2) 52.7 (8.7) 47.3 (31.1-65) 

Bosnia and Herzegovina 2003-2003 18-85 35 (5.6) 65 (53.5-75.3) 49.6 (8.4) 50.4 (34.2-66.8) 

Brazil 2003-2003 18-96 25.9 (1.7) 74.1 (70.6-77.4) 36.8 (3.1) 63.2 (57.2-69.3) 

Burkina Faso 2002-2003 18-100 8.4 (1.7) 91.6 (87.9-94.8) 11.9 (2.5) 88.1 (82.9-92.5) 

Chad 2003-2003 18-100 6 (1.2) 94 (91.4-96.1) 8.6 (1.8) 91.4 (87.8-94.5) 

China 2002-2002 18-96 1 (1.2) 99 (95.7-100) 1.5 (1.7) 98.5 (94.1-100) 

Comoros 2003-2003 16-86 8.3 (2.7) 91.7 (86.1-96.2) 11.8 (3.9) 88.2 (79.9-94.7) 

Cote d'Ivoire 2003-2003 18-96 8.7 (2.6) 91.3 (85.6-95.9) 12.3 (3.8) 87.7 (79.1-94.2) 
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Croatia 2003-2003 18-94 44.8 (6.3) 55.2 (42.7-67.6) 63.5 (9.6) 36.5 (18.3-56.9) 

Czech Republic 2002-2003 18-95 10.6 (4.5) 89.4 (78.6-96.5) 15.1 (6.4) 84.9 (70.3-95.1) 

Denmark 2003-2003 17-93 53.1 (8.8) 46.9 (30.3-64) 75.3 (13.2) 24.7 (5.1-53.8) 

Dominican Republic 2003-2003 18-100 4 (1.1) 96 (93.5-97.9) 5.7 (1.6) 94.3 (90.8-96.9) 

Ecuador 2003-2003 15-100 16.3 (2.5) 83.7 (78.4-88.4) 23.1 (3.8) 76.9 (69.2-83.9) 

Estonia 2003-2003 17-93 14.6 (4.4) 85.4 (76.3-93) 20.6 (6.3) 79.4 (66.2-90.2) 

France 2003-2003 18-93 40.8 (5.1) 59.2 (49.5-69) 57.8 (7.9) 42.2 (27.2-58.6) 

Georgia 2003-2003 18-100 13.4 (2.5) 86.6 (81.3-91.3) 19 (3.6) 81 (73.6-87.8) 

Germany 2004-2004 18-95 54.5 (8.7) 45.5 (28.7-62.9) 77.3 (13) 22.7 (3.7-52.4) 

Ghana 2003-2003 18-100 2.8 (1) 97.2 (95-98.8) 4 (1.4) 96 (93-98.3) 

Greece 2003-2003 18-96 11 (3.7) 89 (81-95.1) 15.5 (5.3) 84.5 (73.3-92.9) 

India 2003-2003 18-100 4.7 (0.7) 95.3 (93.8-96.6) 6.6 (1.1) 93.4 (91.1-95.4) 

Ireland 2003-2003 18-93 42.4 (8.7) 57.6 (41-74.3) 60.2 (12.8) 39.8 (15.9-65.6) 

Italy 2003-2003 18-97 39.6 (6.7) 60.4 (46.8-72.8) 56.2 (10) 43.8 (24.9-64.4) 

Kazakhstan 2002-2003 18-90 5.5 (1.9) 94.5 (90.3-97.7) 7.8 (2.7) 92.2 (86.2-96.5) 

Kenya 2004-2004 18-100 4.3 (1.2) 95.7 (93.2-97.7) 6.1 (1.7) 93.9 (90.3-96.7) 

Laos 2003-2003 18-100 23.6 (5.4) 76.4 (65.1-86.1) 33.4 (7.9) 66.6 (51-81.1) 

Latvia 2003-2003 18-90 32.4 (6.6) 67.6 (54.1-79.3) 45.9 (9.7) 54.1 (35.6-73.3) 

Luxembourg 2003-2003 18-91 34.7 (7.7) 65.3 (49.2-79.2) 49.3 (11.3) 50.7 (30-71.6) 

Malawi 2003-2003 18-100 0  100  0  100  

Malaysia 2003-2003 18-100 8.9 (2.8) 91.1 (85.2-95.6) 12.6 (4) 87.4 (79-94.2) 

Mali 2003-2003 15-100 4.8 (1.9) 95.2 (91.2-98.1) 6.7 (2.6) 93.3 (87.3-97.3) 

Mauritania 2003-2003 18-100 24.9 (3.6) 75.1 (67.6-82.1) 35.4 (5.5) 64.6 (53.6-74.7) 

Mauritius 2003-2003 18-94 22.5 (2.3) 77.5 (72.4-81.9) 31.9 (3.7) 68.1 (60.8-75.2) 

Morocco 2003-2003 18-100 5.6 (0.8) 94.4 (92.7-95.9) 7.9 (1.2) 92.1 (89.5-94.2) 

Myanmar 2003-2003 18-100 7.3 (3.9) 92.7 (83.1-98.4) 10.4 (5.5) 89.6 (76.2-97.9) 

Namibia 2003-2003 18-100 19.8 (3.1) 80.2 (73.9-86.2) 28.1 (4.6) 71.9 (62.4-80.2) 

Netherlands 2004-2004 18-85 26.1 (4.7) 73.9 (64.4-82.4) 37.1 (6.9) 62.9 (49.5-75.8) 

Norway 2003-2003 18-94 21.5 (6.4) 78.5 (64.3-89.4) 30.5 (9.2) 69.5 (50.6-85.7) 

Pakistan 2003-2004 18-100 9.9 (1.3) 90.1 (87.2-92.5) 14 (2) 86 (81.9-89.9) 

Paraguay 2002-2003 18-96 12 (2) 88 (83.8-91.6) 17 (2.9) 83 (76.7-88.3) 

Philippines 2003-2003 18-100 8.7 (1.6) 91.3 (87.9-94.1) 12.4 (2.4) 87.6 (82.6-91.9) 

Portugal 2003-2003 18-95 53.6 (3.9) 46.4 (39-54.5) 76 (6.9) 24 (11.7-39.6) 

Republic of Congo 2003-2003 16-86 28.2 (2.6) 71.8 (66.5-76.7) 39.9 (4.3) 60.1 (51.6-68.3) 

Russia 2003-2003 18-95 10.4 (1.9) 89.6 (85.6-93.1) 14.7 (2.8) 85.3 (79.3-90.1) 

Senegal 2003-2003 18-100 7 (2.6) 93 (87.2-97.1) 9.9 (3.7) 90.1 (81.8-96.2) 

Slovakia 2003-2003 18-100 5.9 (3) 94.1 (86.9-98.4) 8.4 (4.3) 91.6 (82.4-97.7) 

Slovenia 2003-2003 18-92 18.8 (6.9) 81.2 (66.7-92.9) 26.6 (9.9) 73.4 (52-90.3) 

South Africa 2002-2003 18-100 15.1 (4.1) 84.9 (76.1-91.6) 21.4 (5.9) 78.6 (66.1-88.4) 

Spain 2002-2003 18-96 45.8 (2.3) 54.2 (49.7-58.5) 65 (4.8) 35 (26-44.6) 

Sri Lanka 2003-2003 18-100 6.9 (2.2) 93.1 (88.1-96.7) 9.8 (3.2) 90.2 (83.2-95.5) 

Swaziland 2003-2003 18-100 32.5 (3.4) 67.5 (60.9-74.2) 46 (5.5) 54 (43.5-64.6) 

Sweden 2003-2003 18-92 23.1 (4.9) 76.9 (66.9-85.7) 32.8 (7.2) 67.2 (53.3-80.8) 

Tunisia 2003-2003 18-100 10.6 (1.5) 89.4 (86.1-92.3) 15.1 (2.3) 84.9 (80.2-89.3) 
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Ukraine 2002-2003 18-96 9.5 (2.2) 90.5 (85.4-94.3) 13.5 (3.3) 86.5 (79.7-92) 

United Arab Emirates 2003-2003 18-91 3.1 (2.2) 96.9 (91.1-99.7) 4.4 (3.1) 95.6 (88.1-99.5) 

United Kingdom 2004-2004 18-100 41.2 (5.3) 58.8 (48.5-69.2) 58.4 (8.2) 41.6 (26.3-58.2) 

Uruguay 2002-2003 18-100 25.3 (4.2) 74.7 (65.6-82.2) 35.9 (6.3) 64.1 (52.3-75.9) 

Vietnam 2002-2003 18-96 12.6 (8.3) 87.4 (66.9-98.3) 17.9 (11.8) 82.1 (54.1-97.9) 

Zambia 2003-2003 18-100 5.1 (1.5) 94.9 (91.3-97.5) 7.3 (2.2) 92.7 (87.9-96.3) 

Zimbabwe 2003-2003 18-100 5.4 (2.2) 94.6 (89.9-98.2) 7.6 (3.1) 92.4 (85.1-97.4) 

 

 
Study characteristics: 

Treatment rates for dysthymia, depressive disorders combined, and mood disorders are reported separately. 
The level of service use investigated varied considerably between studies. Only a few countries (largely high-
income countries) had treatment rates available for what we considered to be the most informative group i.e. 
aggregated treatment rates for any health service as well as either mental health service or minimally adequate 
treatment. The majority of countries had aggregated treatment rates available for any health service only, with 
large parts of the world with no data available. Treatment rates for non-health based services were generally 
reported in combination with rates of any service use, except for Singapore where one study focused non-
health based services for MDD. 

 

MDD Treatment Rates: 
Any service use: There were 42 data-points pertaining to overall treatment rates of any service, from which we 
estimated treatment gaps for MDD, irrespective of whether the service was in the health or non-health sector. 
Treatment rates for the utilization of any service ranged from 79.6% [73.5, 85.7] in Australia to 15.7% [9.1, 
22.3] in Mexico.  
 
Any health service use: Treatment rates for any health service use were lowest in Malawi, China, Bangladesh, 
Ghana, and the UAE, and the highest in Denmark, Portugal, Australia, Germany, and Latvia. Treatment rates 
for any health service utilization ranged from 87.7% [83.5, 91.8] in Latvia to 0% (indicating no treatment) in 
Malawi. Figure 4 presents treatment gaps for MDD estimated for any heath service utilization and location. 
Although there were many parts of the world with missing data, we found a statistically significant effect by 
income group in our analyses. Treatment rates were significantly lower in middle and low income countries 
compared to high income countries.  
 
Any general health service use: There were 35 data-points available on treatment rates of general health 
services, (i.e., services provided by general practitioners or other medical doctor). Treatment rates for any 
general health service use ranged from 80.7% [75.7, 85.7] in Latvia to 8.6% [2.9, 14.3] in Finland.  
 
Any mental health service use: Treatment rates for any mental health service utilization ranged from 85.1% 
[47.4, 100] in Australia to 0% (Indicating no treatment) in Laos PDR for MDD. Pooled estimates reported in the 
paper by World Bank income level showed significant differences in treatment gaps between income groups.  
 
Any non-health service use: Treatment rates for non-health services tended to be low. These ranged from 
55.1% [46.2, 64.1] in Australia to 2.5 % [0.08, 4.3] in Canada for MDD.  
 
Minimally adequate treatment: There were 38 data-points available on rates of minimally adequate treatment. 
The majority of estimates also came from high-income countries (28 data points from high-income countries; 
10 data points from middle-income countries; 0 data points from low income countries). The criteria used to 



68 
 

define minimally adequate treatment varied considerably between studies and therefore these data were also 
analyzed separately. The key sources of variation included: (1) Whether or not a visit duration was specified; 
and (2) How ‘psychotherapy’ or ‘psychological treatment’ was operationalized, either according to the type of 
provider seen or therapy received. Based on the available definitions reported by studies that reported on 
MAT, we pooled rates for MAT definitions that were either considered stringent or non-stringent.  
 

Table of Coefficients by GBD super-region 

 
Covariate Parameter Estimate [95% UI] 

Intercept a 0.56 [0.54, 0.59] * 

Treatment Type 

Any service use 0.3 [0.28, 0.31] * 

General health service use 0.07 [0.06, 0.08] * 

Minimally Adequate Treatment (MAT) -0.12 [-0.13, -0.1] * 

Any health service use 0.19 [0.17, 0.21] * 

Any non-health service use -0.17 [-0.18, -0.16] * 

Sample characteristics 

Age 0.001 [0.0003, 0.0016] * 

Percent Female 0.06 [0.04, 0.07] * 

GBD Super Region 

Central Europe, Eastern Europe & Central Asia -0.04 [-0.12, 0.04] 

Latin America and Caribbean -0.14 [-0.24, -0.04] * 

North Africa, Middle East, and Sub-Saharan Africa -0.31 [-0.39, -0.22] * 

South Asia -0.31 [-0.41, -0.2] * 

Methodological Covariates 

Response rate 0.22 [0.08, 0.36] * 

Type of diagnostic tool -0.07 [-0.14, 0.001] 

a Intercept represents mental health service use in High Income locations 
*Statistically significant (p < 0.05) 

Table 5. Regression Coefficients and 95% uncertainty intervals for MDD treatment rates    
modeled as a function of select covariates (treatment type, age, sex, location, response 
rate, and type of diagnostic tool) 

 

Supplementary Results: 

Treatment rates disaggregated by MDD severity vary for those with mild, moderate, or severe MDD and were 
therefore analyzed separately as part of the supplementary analyses. Minimally adequate treatment rates were 
also expected to vary by scope of MAT definitions. Therefore, analyses with MAT definitions were also 
conducted as part of our supplementary analyses (see below).  
 
Dysthymia, depressive disorders, and mood disorders were expected to have different prevalence and 
treatment profiles and were therefore reported separately in our supplementary analyses (see appendix). For 
MDD data, initial model iterations were tested with year as a covariate to assess changes in treatment rates 
over time. However, there were very few countries (particularly in the low income group) with data spanning 
enough time points. Therefore, we chose to examine a few select countries (USA, Canada, Netherlands, and 
Australia) with relatively more data points by year to examine trends in treatment rates over time. For years 
with missing data, a spline interpolation with low degree polynomials was used to impute treatment coverage in 
order to better assess trends over a complete time series.  
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Treatment by Disorder severity: There were 55 datapoints for MDD from high-income countries.   There were 
23 estimates available for severe disorders, and 16 estimates for disorders moderate and mild severity 
respectively. Treatment rates were higher for all treatment types for severe MDD compared to moderate and 
mild MDD (See Fig 1). 

Treatment by Year: We examined treatment rates by year for the United States, Canada, Netherlands, and 
Australia between 2002 and 2016. Based on data from the United States, estimated treatment rates increased 
between 35.5% in 2002 to 63.1% in 2007. Estimated treatment rates by year for the remaining countries are in 
Fig 2.    

Treatment rates by MAT definition type: There were 38 datapoints for minimally adequate treatment for MDD. 
There were 12 datapoints with stringent definitions of MAT and 26 datapoints with non-stringent definitions of 
MAT. We examined variation in MAT rates by income group and definition stringency. The small number of 
data points precluded further analysis by other covariates. Overall, MAT rates were higher in high income 
locations compared to middle and low-income locations and MAT rates for stringent care thresholds were 
lower compared to those for non-stringent thresholds. In high income locations, the pooled MAT rate was 
31.6% [9.1%, 54.5%] for stringent thresholds and 35.1% [12.8%, 57.1%] for non-stringent thresholds. In middle 
and low income locations, the pooled MAT rate was 11.95% [<1%, 35.2%] for stringent thresholds and 15.4% 
[<1%, 38.1%] for non-stringent thresholds.  

Treatment rates for Dysthymia, Depressive Disorders, and Mood Disorders: 

Dysthymia Treatment Rates: There were 11 studies (31 observations) reporting treatment rates for dysthymia. 
Data were from 9 high income and upper-middle income countries. Pooled treatment rates for dysthymia were 
higher for high-income countries 38.9% [29, 49.2] compared to upper-middle income countries 25.8% [3.7, 56]. 

Depressive Disorders Treatment Rates: There were 11 studies (43 observations) reporting treatment rates for 
depressive disorders as an aggregated group. Data from high-income countries originated from Western 
Europe and the United States. Upper-middle income countries included China, Mexico, Russia, and South 
Africa. Lower-middle income countries included Ghana and India. Differences in treatment rates by income 
group were similar to those for MDD and dysthymia. Pooled treatment rates for depressive disorders were 
significantly higher for high-income locations at 18.6% [15.5, 21.9] compared to upper-middle income at 13.7% 
[3.7, 28.6] and lower-middle income locations at 15.9% [4.1, 12.3] 

Mood Disorders Treatment Rates: There were 35 studies (125 observations) reporting treatment rates for 
mood disorders. High income countries in this dataset included Australia, Belgium, Czech Republic, Israel, 
Japan, New Zealand, Spain, and the United States. Upper-middle income countries in this dataset included 
China, Argentina, Brazil, Colombia, Guatemala, Lebanon, Mexico, Peru, and South Africa. There were twenty 
four studies that used data from the World Mental Health surveys. Sensitivity analyses did not reveal any 
significant differences between treatment rates from WMHS compared to other studies (p-value = 0.81). The 
pooled treatment rate for mood disorders were 32.1% [27.1, 37.3] for high income countries and 13.8% [5.6, 
25] for upper-middle income countries. 
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Figure 1. Treatment rates by MDD severity and treatment type 

 
 
 
 
Figure 2:  MDD Treatment rates by year; USA, Canada, Netherlands, Australia; 2002-2016 

 
Note: Blue = interpolated; Black = Observed. 
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4.  Discussion 

The process of estimating the burden of mental disorders is challenging due to several reasons including 
sparsity of data from many parts of the world, methodological constraints, and accurate information on the 
efficacy of existing interventions and treatment coverage for common mental disorders such as major 
depressive disorder. To this end, this thesis aimed to examine three main areas of the mental disorder burden 
estimation process, namely comparative epidemiological assessments, efficacy of existing interventions, and 
examining variation in treatment coverage. 

The most comprehensive study of mental disorders as risk factors for suicide was conducted by Ferrari and 
colleagues in 2014. The work in Chapter one improves upon the Ferrari 2014 study by updating the evidence 
base and analytically incorporating relevant sample and methodological characteristics that may contribute to 
variation in suicide risk. The main improvements included adopting a hierarchical approach to incorporate 
between-study random effects, inclusion of relevant covariates, and the use of more rigid study selection 
procedures. These updated findings highlight the importance of study characteristics and how they may 
contribute to variation in reported relative risks. Death by suicide and associated risk factors can be inherently 
challenging to empirically study in many settings, which may then lead to bias in reported results. This review 
may provide insight on analyzing and interpreting synthesized evidence by incorporating these sources of bias. 
The main limitation was the lack of sufficient studies that met our rigorous selection criteria therefore 
precluding our ability to provide estimates on a wider range of MDs and incorporating additional covariates in 
our final model.  

Chapter two includes an application of the MR-BRT framework to data on treatment efficacy for major 
depressive disorders (MDD). A network meta-analytic approach was used to estimate pooled standardized 
mean differences by intervention class. An analysis of variation in treatment efficacy by type of outcome 
measure used to assess symptoms of depression was also conducted. Our reported efficacy estimates show 
that CBT is a highly effective intervention and that the pill placebo is a powerful control condition with its own 
significant treatment effect. We were limited in our ability to incorporate information on trial and sample 
characteristics that may inform variation in treatment efficacy estimates due to lack of these data for this work.  

In addition to treatment efficacy, treatment coverage is another important input needed to improve the severity 
estimation process for MDD. Chapter three presents an updated systematic review of treatment coverage for 
MDD using evidence from eighty-three countries from 2000 to 2019. Data were sourced from a literature 
review as well as from the World Health Surveys (WHS) and World Mental Health surveys (WMHS). A 
Bayesian meta-regression framework (MR-BRT) is used to examine heterogeneity in the existing published 
data and estimates treatment coverage by types of service including health services, mental health services, 
and minimally adequate treatment. Sample and methodological characteristics that may influence treatment 
coverage estimates were explored analytically. Treatment rates by service type and location and 
corresponding treatment gaps by age group, sex, and location were estimated. Our findings showed wide 
disparities in treatment coverage by type of treatment and resource-setting. Sample and study method 
attributes were also found to be important predictors of treatment rates. We were limited by the number of 
available studies by location with most evidence originating from high-income countries.  

4.1 Future Research Areas: 

The work presented in this thesis have several important implications in measurement of population mental 
health. Findings from chapter one may improve population-attributable-fraction (PAF) estimation by 
incorporating relative risks that are adjusted for methodological covariates. Subsequently, these relative risk 
estimates may also find applications in calculating estimates of mental disorder attributable suicide DALYs 
(disability-adjusted life years). This will allow us to examine any shifts in fatal burden due to mental disorders 
(assigned to them as a direct cause) and overall burden of mental disorders. Differences between earlier and 
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newly calculated PAFs and attributable suicide DALYs may provide further information on the impact of 
sources of measurement error. The earlier Ferrari review applied the same risk estimates across all countries, 
age groups, and sex which could potentially mask any differences in the distribution of attributable suicide 
DALYs. The adjusted RRs across sex and age with additional analyses by income-level in Chapter one may 
provide additional layers of refinement for risk estimates and subsequently attributable suicide YLLs.  

Treatment efficacy analyses conducted as part of Aim II may find useful applications in re-estimating the 
severity distribution for MDD and quantifying the proportion of MDD burden that may be potentially avoidable 
under routine and best-functioning healthcare scenarios. Current methods in mental disorder burden 
estimation incorporate data on the severity of disorders. Severity of disorders in turn is affected by the 
effectiveness of interventions. Therefore, the outputs from chapter two may find applications in re-estimating 
the severity of depression. 

Future analyses of MDD treatment coverage (Aim III) may incorporate more detailed and geographically 
representative data on adequacy of care. Most current knowledge of minimally adequate treatment is informed 
by data from high-income locations. Better data on MAT from LMICs could consider what MAT treatment rates 
may look like in LMICs and how that subsequently affects depression burden for those locations. As detailed 
earlier, efforts to improve mental disorder burden estimates need to account for treatment efficacy and 
geographic variation in treatment use. These are important to consider as they may influence the range of 
functional health loss due to mental disorders that is experienced across populations. In other words, 
depression burden may be amenable to quality and use of healthcare services. Therefore, an important 
application of the work in Chapter three may be to quantify the amount of depression burden that can be 
averted or prevented by treatment.   

This work relies on studies that collect primary data from research participants. Primary data collection efforts 
are very often accompanied by several constraints such as sampling procedures, participant response rate and 
loss to follow-up, measurement approaches, choice of study design, and others. These constraints are 
indicative of study quality and potential bias that may exist in study-reported data. These subsequently 
contribute to variation in study-reported metrics that are then detected in meta-analytic assessments of the 
accumulated evidence. The work presented here explains why specific study elements were quantified and 
accounted for in the analyses along with the rationale for these approaches. For instance, we explain why a 
prospective study design is considered “gold-standard” and therefore used as a reference category in our 
analyses in Chapter 1. We explain why we only include studies that use clinical diagnostic instruments to 
assess MDs and the limitations of estimates reported by studies that use symptom scales in both Chapters 1 
and 3. Methodological details such as these may serve as useful guidelines for researchers collecting primary 
data on MDs and their treatment while developing study protocols to ensure the highest possible study quality 
as well as documenting constraints and limitations encountered during the research study period while writing 
up results for publication. This may in turn increase the clarity and usability of research outputs for both 
systematic review researchers as well as clinical decision-makers.  

This thesis addresses several important and emerging areas of work in population-level measurement of 
mental disorders. Ongoing reviews and syntheses of evidence such as those presented in the chapters above 
are needed in order to arrive at precise estimates of the global burden of mental disorders that may be of use 
to healthcare providers, researchers, and policy makers to target specific areas of need and improvement in 
mental health.   
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