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1. Introduction

Households in developing countries are vulnerable to considerable shocks or adverse
events that may have long-term consequences. Important research in development
economics demonstrates that both idiosyncratic and co-variate shocks have adverse
(and often long-term) consequences.1 For example, illness and disability of a house-
hold member (Asfaw and Braun, 2004; Beegle et al., 2008; Cochrane, 1991; Der-
con and Krishnan, 2000; Gertler and Gruber, 2002; Lindelow and Wagstaff, 2006;
Wagstaff, 2007), drought (Dercon, 2004; Dercon et al., 2005; Abebe and Alem, 2021),
food price inflation (Ivanic and Martin, 2008; Tiwari and Zaman, 2010; Alem and
Söderbom, 2012) armed conflict and violence (Adong et al., 2021; Alloush and Bloem,
2022; Bertoni et al., 2019) have been documented to significantly affect household
welfare through reduced education, labor market participation and income. Early
life covariate shocks also have long-term negative impacts on labor market status
(Alderman et al., 2006; Manccini and Yang, 2009), education (Carrillo, 2020), and
mental health (Adhvaryu et al., 2019; Singhal, 2019; Carrillo, 2020). In this paper,
we investigate the impact of idiosyncratic shocks on mental health, an important
outcome variable that has not received sufficient attention in previous studies.

We use five rounds of the South African National Income Dynamics Survey
(NIDS) to investigate the impact of idiosyncratic shocks on the mental health of
adults, as measured by a variant of the Center for Epidemiological Studies - Depres-
sion Scale (CES-D). The CES-D scale is a 20-item self-reported measure of depressive
symptoms proposed by Radloff (1977) and widely used by researchers and mental
health professionals. Using alternative panel data regressions, we show that experi-
encing the death of a household member or the loss of assets - two widely occurring
idiosyncratic shocks that households in the sample experienced- has a significant
negative effect on mental health. Experiencing the death of a household member in-
creases the CES-D score of the respondent by about four percent. Decomposing the
impact of the death of a household member by cause of death shows that experienc-
ing the death of a household member through accident or violence has almost a three
times larger effect on mental health. Decomposing the impact by the relationship
to the respondent shows that experiencing the death of a close household member
(daughter/son, parent, or spouse) has twice as large an effect as experiencing the
death of another household member. Alternative panel ordered probit regression
results also suggest that experiencing loss of property leads to a significant negative
effect on the likelihood of reporting feeling depressed.

This paper contributes to the development literature on the welfare impact of
1Idiosyncratic shocks (e.g., death, illness, loss of job, destruction of assets etc.) are adverse

events that affect one or a few households, where as, covariate shocks (e.g., drought, inflation,
flooding, etc.) are adverse events that affect many households in the same geographical area. In
set-ups were there is insurance and credit market failure, idiosyncratic shocks are often assumed to
be partially insured through informal risk-sharing and consumption smoothing mechanisms, where
as covariate shocks are not (Bardhan and Udry, 1999).



3

shocks on households in developing countries. Given the absence of formal insurance
and credit markets, households are either uninsured or insured partially through
informal risk-sharing mechanisms (Bardhan and Udry, 1999; Dercon, 2008). Thus,
both co-variate and idiosyncratic shocks have ex ante (Alem et al., 2010; Dercon
and Christiaensen, 2011; Alem and Colmer, 2021) and ex post (Asfaw and Braun,
2004; Beegle et al., 2008; Cochrane, 1991; Dercon and Krishnan, 2000; Gertler and
Gruber, 2002; Lindelow and Wagstaff, 2006; Wagstaff, 2007; Dercon, 2004; Dercon
et al., 2005; Abebe and Alem, 2021; Ivanic and Martin, 2008; Tiwari and Zaman,
2010; Alem and Söderbom, 2012; Adong et al., 2021; Bertoni et al., 2019) impacts
on household welfare. Findings in earlier research therefore propose that additional
welfare gains can be achieved by implementing consumption smoothing strategies. If
idiosyncratic shocks have an impact on mental health status, the welfare impact of
risk mitigation and shocks-coping strategies would be substantially larger than what
previous studies document. Important existing studies on the impact of shocks on
mental health in developing countries (Adhvaryu et al., 2019; Singhal, 2019; Alloush
and Bloem, 2022) focus on co-variate shocks - price shocks, war, and neighborhood
violence respectively. Investigating the impact of idiosyncratic shocks is important,
because the mechanisms by which they affect households and the institutional set-
ups to deal with them are different than in the case of covariate shocks. Our results
indeed suggest that idiosyncratic shocks significantly affect the mental health of
adults. This implies that the impact of shocks extends beyond economic outcomes,
and thus, the welfare impact of both formal and informal mitigation and coping
mechanisms is likely larger than that documented in previous studies.

This paper also contributes to the rapidly evolving literature of mental health
in economics. Mental health disorders, such as depression, anxiety, schizophrenia
and bipolar disorder (listed in order of importance) are major causes of the overall
disease burden globally, accounting for 21.2% of years lived with a disability (MHF),
costing the global economy USD 1.15 trillion each year (Chisholm et al., 2016).
Depression, the disorder which we focus in this paper, is the leading cause of disability
worldwide affecting 264 million people. Among those who suffer from it in low-and
middle-income countries, close to 80% receive no treatment (WHO, 2020). While a
relatively sizable number of studies have been conducted on the factors that affect
mental health status of individuals in high-income countries,2 very little research
has been conducted in middle and low-income countries, especially in Africa.3 We

2To mention a few; both idiosyncratic and covariate shocks, such as, unemployment (Green,
2011; Marcus, 2013), weight gain (Willage, 2018), high temperature (Mullins and White, 2019),
economic downturn and the associated decline in wealth (McInerney et al., 2013; Nicole Black,
2021), and terrorist attacks (Kim et al., 2016) have all been documented to negatively affect mental
health status in industrialized countries.

3Adhvaryu et al. (2019) investigates the impact of early life financial shocks on adult mental
health in Ghana; Singhal (2019) studies the long-term mental health effects of the US bombing of
Vietnam; and Alloush and Bloem (2022) study the relationship between neighbourhood violence
and psychological well-being in South Africa.
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investigate the impact of shocks on mental health disorders in South Africa using
a large-scale and rich panel data and attempt to improve our understanding of the
issue in the context of developing countries. South Africa provides a very interesting
opportunity to study the impact of shocks on mental health, because it is one of the
most diverse and unequal societies with a large fraction of population vulnerable to
shocks (Satatistics, 2019).

In order to design and implement appropriate interventions, it is important to
understand the mechanisms that drive the impact of idiosyncratic shocks, such as the
death of a family member, on the mental health of the remaining household members.
The death of a household member might affect the remaining members through the
psychological shock, economic hardship due to the death of a bread-winner, or both.
We draw on the rich information in the NIDS data and show that the effect of the
death of a family member is explained by both factors. We use a robust dynamic
system GMM estimator (Arellano and Bover, 1995; Blundell and Bond, 1998) and
show that a respondent who experiences the death of a household member also
experiences a 6% decline in per capita income on average. This suggests that one of
the mechanisms through which an idiosyncratic shock affects mental health is loss
of income. The findings that experiencing the death of a close household member
has twice as large an effect as experiencing the death of another household member,
and experiencing the death of a household member through accident or violence has
almost a three times larger effect on mental health have important implications. The
results suggest that provision of safety nets to help financially affected households
and expanded counseling and therapeutic services to help people better cope with the
sudden death of a close family member would have significant effects in mitigating
the impact of idiosyncratic shocks on mental health and overall welfare of households
in developing countries.

The rest of the paper is organized as follows: Section II presents the data and de-
scriptive statistics. Section III presents the identification strategy, the corresponding
regression results, and robustness checks. This section also discusses the key mecha-
nisms that explain the estimated impact of shocks on mental health, and Section V
concludes the paper.

2. Data and Descriptive Statistics

2.1. Description of Data

The analysis in this paper is based on five rounds (waves) of the National Income
Dynamics Study (NIDS), a nationwide survey collected in the years 2008, 2010/11,
2012, 2014/15, and 2017. The survey is initiated by the Department of Planning,
Monitoring and Evaluation of the South African government and conducted by the
Southern African Labour and Development Research Unit (SALDRU) based at the
School of Economics, the University of Cape Town. It follows approximately 28,000
individuals who were residents in 7,305 households in South Africa during the first
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round, i.e., in 2008. The survey’s aim is to reveal the dynamic structure of house-
holds and changes in the living conditions and well-being of citizens. The household
members in wave 1 and children born to female members in the subsequent waves
participated as Continuing Sample Members (CSMs). In addition, co-residents with
the CSM at the time of the interviews, called Temporary Sample Members (TSMs),
were also included in the surveys (Brophy et al., 2018). Based on individual level
and household questionnaires, the data documents information on changes in poverty
and wellbeing; household composition and structure; fertility and mortality; migra-
tion, labor market participation and economic activity; human capital formation,
health and education, etc. The NIDS data is one of the most comprehensive and
richest data sets on the African continent that documents detailed socioeconomic
data of the same individuals over a long period of time. The attrition rate in the
sample is estimated to be about 18%, with high-income earners dropping out of the
survey (Hundenborn et al., 2019). We control for household income per capita in
our regressions and show in Section 3.2 that our results are robust to non-random
attrition.

In this study, we use data on all adult respondents in the CSMs observed in at
least two rounds and with full information. This is because panel data estimators,
most importantly the fixed effects estimator, requires at least two rounds of data for
each individual in order to identify the parameters of interest. In order to estimate
the Blundell and Bond Dynamic System GMM estimator to tease out the mechanisms
that explain the pathways of shocks to mental health, we use observations with at
least three rounds of data. A total of 68,102 and 41,622 observations from the five
waves satisfy the criteria to estimate fixed effects and the system GMM estimator
respectively.

The key outcome variable of interest is the state of mental health of respondents.
The NIDS data collects rich information on the emotional wellbeing of adults older
than 15 at the time of the survey using the adult versions of the questionnaires.
Respondents are asked ten emotional health related questions, eight of which are
about negative feelings (e.g., “I was bothered by things that usually don’t bother me”,
or “I felt depressed”) and 2 were about positive feelings (e.g., “I felt hopeful about
the future” or “I was happy”). The respondent chooses a response from the options
“rarely or none of the time = 1”, “some or little of the time = 2”, “occasionally
or a moderate amount of time = 3”, and “all the time = 4”. The questions are
exactly the same as the measures of depressive symptoms proposed by the Center
for Epidemiological Studies Depression Scale (CES-D 10) except in the coding of
responses. The choices by the respondent in the CES-D scale ranges from 0 (rarely
or none of the time) to 3 (most or all of the time), and total scores ranges from 0
to 30. The NIDS emotional health indicators are, therefore, recorded so as to match
the literature.

The CES-D, originally developed by Radloff (1977), is one of the most commonly
used measures of mental health disorder. Different studies reveal that for the 10-item



2.2 Descriptive Statistics 6

CES-D, the cut-off score for a major depressive disorder or high risk of depression
ranges from 8 (Torres, 2012) to 15 (Björgvinsson et al., 2013). An earlier study,
Andresen et al. (1994), suggested a cut-off score of 10 to indicate depressive symp-
toms. In a validation study of the 10-item CES-D scale, Baron et al. (2017) analyze
depressive symptoms in South Africa by different race groups and propose that 12
is the appropriate cut-off point to classify a respondent in the general population as
“depressed”. We use 8, 10, and 12 as the cut-off points to classify respondents as
showing a depressive symptom for descriptive purpose, but use the CES-D score as
the dependent variable to measure the impact of shocks on mental health.

The key explanatory variables of interest are the two types of idiosyncratic shocks
reported by households in response to related questions in the household version of
the NIDS questionnaire: death of a household member and loss/destruction of assets.
Respondents are asked about the different negative events they experienced in the last
24 months, including death of a family member, illness, death/disease of livestock,
crop failure, theft, fire or destruction of household property etc. Two of the most
widely reported shocks, which we use in our analysis, are death of a family member
and destruction or loss of property. These variables are coded as dichotomous, taking
a value of 1 if the household experienced the shock, and 0, otherwise. In addition, the
data documents information on the cause of death, the relationship of the deceased
to the respondent, and the cause of destruction of property, which we will use to
tease out the mechanisms that explain the impact of shocks on mental health of
households in the context of South Africa.

2.2. Descriptive Statistics

Table 1 presents descriptive statistics of key household socioeconomic characteristics
and the state of mental health among adult respondents in South Africa. Panel A
shows that the average age of the respondents is about 38 years, around 59% of whom
are female, and 32% are married, 57% are single and 11% are widowed or separated.
The average respondent has 9.43 years of schooling, and half the respondents live in
urban areas. South Africa is uniquely diverse in the African continent in terms of the
racial composition of its residents. South Africans of African origin constitute the
majority (81.3%) of the respondents in the NIDS data, followed by people of mixed
race or colored (14.4%), whites (3.2%), and Asians (1.2%). The most prevalent
idiosyncratic shock households experience is death of a household member, with
11% experiencing it. This is followed by loss of property, which is reported by 6% of
respondents.

In Panel B of Table 1, we report mental health-related descriptive statistics. The
average CES-D score of respondents in South Africa is about 7 on a scale of 30. We
compute dummy variables indicating major depressive symptoms using alternative
cut-off points. Using eight as the cut-off point, about 39% of the respondents exhibit
a major depressive symptom; while using 10 as the cut-off point, the proportion
declines to about 26%. Using 12 as the cut-off, proposed for the case of South Africa
by Baron et al. (2017), we note that 16% of the respondents show a major sign of
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Table 1: Descriptive statistics of variables - pooled sample

Mean
Panel A: Socioeconomic Characteristics
Age 37.96

(17.76)
Female 0.591

(0.492)
Married 0.320

(0.467)
Widowed or separated 0.114

(0.317)
Single 0.565

(0.496)
Household income/capita (log) 6.812

(1.114)
Unemployed 0.146

(0.353)
Employed 0.372

(0.483)
Inactive 0.478

(0.500)
Years of schooling 9.427

(4.230)
African 0.813

(0.390)
Coloured 0.144

(0.351)
Asian/Indian 0.0117

(0.107)
White 0.0315

(0.175)
Urban 0.505

(0.500)
Experienced death of a household member 0.109

(0.312)
Experienced loss of property 0.0624

(0.242)
Panel B: State of Mental Health

CES-D score 7.024
(4.396)

Depressive symptom, CES-D cut-off score 8 0.392
(0.488)

Depressive symptom, CES-D cut-off score 10 0.257
(0.437)

Depressive symptom, CES-D cut-off score 12 0.156
(0.363)

Depressed rarely/none of the time 0.563
(0.496)

Depressed some of the time 0.298
(0.457)

Depressed occasionally 0.107
(0.309)

Depressed all the time 0.0318
(0.176)

Observations 68,102

Notes: This table presents descriptive statistics of key variables of adult respondents for
the pooled sample. Standard deviations are reported in parentheses under means.
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depressive disorder. When it comes to the responses to the direct question about
feeling depressed, we note that those who reported feeling depressed rarely or none
of the time (on less than 1 day a week) represent 56%; those feeling depressed some
of the time (1-2 days a week) constitute 30%; those feeling depressed a moderate
amount of the time (3-4 days) are 11%, and those feeling depressed all the time (5-7
days) are 3%. We show the distribution of CES-D scores and feeling depressed in
Figure 1.

Figure 2 tests for the presence of a statistically significant difference in men-
tal health disorder between those who experienced shocks (treatment group) and
those who did not (the control group). Panel (a) of the figure shows that there is
statistically significant variation in emotional well-being disorder, measured using
CES-D, between the treatment and control groups, where the treatment is the death
of a household member. However, there is no statistically significant difference in the
state of mental health between the treatment and control groups on experiencing loss
of property. This provides suggestive evidence for the large impact of the death of a
household member on the mental health status of the remaining household members
as measured by the CES-D score. Panel (b) shows that there is a statistically signif-
icant difference in reported feelings of depression between the two groups, regardless
of the type of shocks.

3. Results

3.1. Main Results

Our main aim is to explore the effects of shocks on mental health using the South
African NIDS data set. Thus, our main outcome variable of interest is the mental
health of an individual. We specify a linear panel data regression equation as follows:

Mit = αShocksit + βXit + γWave+ ηCluster + ci + uit (1)

where subscript i denotes individual, and t year. Mit is the mental health status
of individual i at time t as measured by the CES-D score and reported feeling of
depression. Shocksit corresponds to the vector of variables indicating whether the
respondent experienced the two types of shocks (death of a household member and
loss/destruction of property) by individual i at time t. X represents a vector of
individual and household covariates that are expected to be correlated with mental
health, such as, age, gender, marital status, labor market status, education of the
respondent, and per capita household income. ci corresponds to the individual fixed
effect (unobserved heterogeneity). Wave and Cluster represent the wave and the
cluster level at which the standard errors of the model are allowed to be correlated,
which in this case is District Council Municipality. α, β, γ, and η are parameters to
be estimated. The key vector of parameters of interest is α, which shows the causal
impact of shocks on the mental health of an individual, identified from a fixed effects
regression, which works through a within transformation of equation 1 controlling
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for the effect of the unobserved heterogeneity term, ci.4
Table 2 presents fixed effects regression results on the impact of shocks on the

mental health of adults in South Africa, estimated using five rounds of the NIDS
data. Columns 1 and 3 report results on the impact of shocks on mental health as
measured by CES-D score and reported feelings of depression without controlling for
covariates, time and cluster fixed effects. Columns 2 and 4 report similar regression
results controlling for the full set of covariates, district council municipality and time
fixed effects. In all regressions, standard errors are allowed to be correlated at the
district council municipal level.

The fixed effect regression results reported in Table 2 confirm the suggestive
evidence we presented in Figure 2. Shocks have a significant negative effect on
mental health. Column 2, which controls for the full set of covariates, individual,
time, and cluster fixed effects, shows that experiencing the death of a household
member increases the depression score of the respondent as measured by the CES-
D score by about 0.22. Given that the average CES-D score in the sample is 7.02
(Table 1), the impact represents 3.13%. The adverse impact of death of a household
member on mental health is also revealed in columns 3 and 4 which present fixed
effects regressions of the four-scale reported depression on shocks. Loss of property
does not seem to have a statistically significant effect on mental health in the fixed
effects regressions.

The NIDS data document information on the cause of death of deceased household
members, i.e., whether death occurred due to accident/violence or natural causes,
and the relationship of the deceased to the respondent. In order to explore some
of the pathways by which the death of a household member affects mental health,
we control for these variables in the fixed effects regressions and compare the results
with those reported in Table 2.

In Table 3, we control for a dummy variable for death due to an accident or
violence in the fixed effects regressions for mental health and report the results.
The results suggest that death due to an accident or violence has a much stronger
impact on mental health. Column 2, where we control for all covariates, time and
cluster fixed effects shows that experiencing the death of a household member due
to an accident or violence increases the CES-D score of the average respondent by
about 0.58. This represents an 8.3% increase in the CES-D score and almost 164%
more impact on mental health than experiencing the death of a household member
regardless of the cause, reported in column (2) of Table 2. The impact of experiencing
the death of a household member due to an accident or violence on feeling depressed
measured by the four-level scale, also increased by 173% (from 0.041 in column 2 of
Table 2 to 0.112 in column 2 of Table 3).

In Table 4, we report the fixed effects regression results for mental health con-
trolling for whether the deceased was a very close family member (son, daughter,

4The random effects estimator, which applies a generalized least squares estimation under the
assumption of orthogonality was also estimated. However, it was rejected by the Hausman test.
Consequently, we do not report the regression results.
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Table 2: The impact of shocks on mental health: Fixed effects regressions

(1) (2) (3) (4)
CES-D score CES-D score Depressed Depressed

Experienced death of a household member 0.326∗∗∗ 0.217∗∗∗ 0.044∗∗∗ 0.041∗∗∗

(0.076) (0.076) (0.014) (0.013)

Experienced loss of property -0.042 0.042 0.040∗ 0.032
(0.161) (0.150) (0.021) (0.023)

Controls No Yes No Yes
DC Municipality FE No Yes No Yes
Time FE No Yes No Yes
Observations 68102 68102 68102 68102

Notes: This table reports fixed effects regressions on the relationship between shocks and
mental health estimated using five rounds of the NIDS data. Column 1 reports the impact
of shocks on CES-D score without controlling for covariates, cluster fixed effects and round
fixed effects. Column 2 reports the same regression controlling for covariates, cluster fixed
effects and round fixed effects. Column 3 reports the impact of shocks on reported state of
depression without controlling for covariates, cluster fixed effects and round fixed effects.
Column 4 reports the same regression controlling for covariates, cluster fixed effects and
round fixed effects. Standard errors reported in parentheses are clustered at the district
council municipality level. ***, ** and * denote significance at the 1, 5 and 10% levels,
respectively.

spouse, and parent). Experiencing the death of a very close family member clearly
has a larger effect on mental health than experiencing the death of a household mem-
ber in general. The impact of death on the CES-D score reported in column 2 is 35%
larger compared to the impact reported in column 2 of Table 2. We observe a similar
large increase in reported feelings of depression: a 24% increase in the coefficient
(0.041 in column 4 of Table 2 to 0.051 in column 4 of Table 4).

3.2. Robustness Checks

In this section, we investigate the robustness of our results to two key changes in
relation to the empirical strategy and the sample accounting for non-random attri-
tion. First, we redefine the outcome variable. Reported depression is assumed to
be cardinal in the preceding fixed effects regression analysis. However, the variable
is ordinal in nature; in response to the statement “I felt depressed”, the respondent
chooses responses from the options “rarely or none of the time = 1”, “some or little
of the time = 2”, “occasionally or a moderate amount of time = 3”, and “all the
time = 4”. Estimating the regression using linear models such as the fixed effects
estimator assumes, for example, that an individual responding “all the time = 4” is
twice as depressed as an individual who responds “some or little of the time = 2”. In
the framework of subjective response analysis, however, the dependent variable is as-
sumed to be an unobserved latent outcome conventionally proxied by a self-reported
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Table 3: The impact of shocks on mental health: Fixed effects regressions

(1) (2) (3) (4)
CES-D score CES-D score Depressed Depressed

Death due to accident/violence 0.630∗∗ 0.576∗∗ 0.119∗∗∗ 0.112∗∗

(0.249) (0.256) (0.042) (0.044)

Death of livestock/crop failure 0.111 0.136 0.035 0.023
(0.236) (0.240) (0.040) (0.043)

Controls No Yes No Yes
DC Municipality FE No Yes No Yes
Time FE No Yes No Yes
Observations 68102 68102 68102 68102

Notes: This table reports fixed effects regressions on the relationship between shocks and
mental health estimated using five rounds of the NIDS data. Column 1 reports the impact
of shocks by cause on CES-D score without controlling for covariates, cluster fixed effects
and round fixed effects. Column 2 reports the same regression controlling for covariates,
cluster fixed effects and round fixed effects. Column 3 reports the impact of shocks by cause
on reported state of depression without controlling for covariates, cluster fixed effects and
round fixed effects. Column 4 reports the same regression controlling for covariates, cluster
fixed effects and round fixed effects. Standard errors reported in parentheses are clustered
at the district council municipality level. ***, ** and * denote significance at the 1, 5 and
10% levels, respectively.

mental health status response, D∗, on an ordinal scale with various alternative cate-
gories. The estimation procedure therefore needs to account for the ordered nature
of the dependent variable.

We specify a model of a latent linear response, where observed ordinal responses
Dit are generated from the latent continuous responses, such that

D∗
it = αShocksit + βXit + γWave+ ηCluster + ci + uit (2)

and

Dit =



1 if D∗
it ≤ κ1;

2 if κ1 < D∗
it ≤ κ2

.

.

.

K if κK−1 < D∗
it.

(3)

The error term uit ∼ (0, 1), and is independent of the unobserved individual
heterogeneity ci. The remaining terms and parameters are as defined in equation 1.

The conditional distribution for response Dit, given the panel-level random effects
ci can be specified as
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Table 4: The impact of shocks on mental health: Fixed effects regressions

(1) (2) (3) (4)
CES-D score CES-D score Depressed Depressed

Death of very close family member 0.541∗∗∗ 0.292∗∗ 0.085∗∗∗ 0.051∗∗

(0.135) (0.119) (0.024) (0.021)

Experienced loss of property -0.043 0.046 0.039∗ 0.033
(0.160) (0.150) (0.021) (0.023)

Controls No Yes No Yes
DC Municipality FE No Yes No Yes
Time FE No Yes No Yes
Observations 68102 68102 68102 68102

Notes: This table reports fixed effects regressions on the relationship between shocks
and mental health estimated using five rounds of the NIDS data. Column 1 reports the
impact of shocks by relationship to the respondent on CES-D score without controlling
for covariates, cluster fixed effects and round fixed effects. Column 2 reports the same
regression controlling for covariates, cluster fixed effects and round fixed effects. Column
3 reports the impact of shocks by the relationship to the respondent on reported state of
depression without controlling for covariates, cluster fixed effects and round fixed effects.
Column 4 reports the same regression controlling for covariates, cluster fixed effects and
round fixed effects. Standard errors reported in parentheses are clustered at the district
council municipality level. ***, ** and * denote significance at the 1, 5 and 10% levels,
respectively.
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f(Dit,κ, xitβ − ci) =
K∏
κ=1

p
Iκ(Dit)
itκ (4)

= exp
K∑
κ=1
{Iκ(Dit)log(pitκ)}

where

Iκ(Dit) =

1 if Dit = κ

0 otherwise
(5)

Given equations 3 - 5, one can specify the conditional distribution of di and the
panel likelihood function li and can use the Gauss-Hermite quadrature to approxi-
mate the solution and estimate the parameters from a maximum likelihood estimator.
One can then compute the corresponding marginal effects, which, when multiplied by
100, show the percentage point change in the probability of belonging to a particular
depression category for a marginal change in the explanatory variables of interest.

Table 5 presents random effects ordered probit regression results and the corre-
sponding marginal effects on the impact of shocks on depression. The results confirm
the findings from the fixed effects regressions reported above - idiosyncratic shocks
have significant negative effects on the mental health of individuals. Loss of property,
which was weakly significant in the fixed effects regression, is strongly statistically
significant in the random effects ordered probit regressions. More specifically, from
the marginal effects reported in columns (2) - (5), we note that experiencing death
of a household member decreases the probability of rarely feeling depressed by 2.3
percentage points while it increases the probability of feeling depressed some of the
time by 1 percentage point. Given that the mean value of feeling depressed some of
the time is 0.29 (Table 1), 1 percentage points translates to about a 3.5% increase.
Similarly, experiencing loss of property reduces the probability of rarely feeling de-
pressed by 3 percentage points and it increases the probability of sometimes feeling
depressed by 1.3 percentage points (equivalent to a 5% increase).

Second, in order to check for a possible bias resulting from non-random sampling,
we estimate our key results reported in Table 2 using a sub-sample of respondents
surveyed three times and five times respectively. We chose the sub-sample of respon-
dents surveyed three times as the comparison sub-sample because a minimum of three
rounds is required for the dynamic regression we estimate in the next section. The
results reported in Tables 6 and 7 show that the estimated parameter coefficients for
the two explanatory variables of interest (experiencing death of a household member,
and loss of property) on the CES-D score are very similar for the two sub-samples,
although the sub-sample of respondents surveyed five times is twice as large as the
sub-sample of respondents surveyed three times. However, there is a relatively large
difference on the coefficient for experiencing loss of property between the two sub-
samples, especially in columns (3) and (4), which reports fixed effects regression on
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Table 5: Shocks on mental health: Random effects ordered probit regression results

[Parameter Estimates] [Marginal Effects]
(1) (2) (3) (4) (5)

[Estimates] [Rarely] [Some] [Moderate] [All the Time]

Death of a household member 0.062∗∗∗ -0.023∗∗∗ 0.010∗∗∗ 0.009∗∗ 0.004∗∗∗

(0.015) (0.005) (0.002) (0.002) (0.001)

Loss of property 0.078∗∗∗ -0.030∗∗∗ 0.013∗∗∗ 0.011∗∗∗ 0.005∗∗∗

(0.019) (0.007) (0.003) (0.003) (0.001)

Controls Yes - - - -
DC Municipality FE Yes - - - -
Time FE Yes - - - -
Log Pseudolikelihood -68980.07 - - - -
Observations 68102 68102 68102 68102 68102

Notes: This table reports random effects ordered probit regression results and the corre-
sponding marginal effects on the relationship between shocks and mental health estimated
using five rounds of the NIDS data. Column 1 reports the parameter estimates on the
impact of shocks on feeling depressed from a random effects ordered probit estimator.
Columns 2 - 5 show the corresponding marginal effects on the four categories of feeling de-
pressed (“rarely or none of the time”, “some or little of the time”, “occasionally/moderate
amount of time”, and “all the time” respectively). Robust standard errors are reported in
parentheses. ***, ** and * denote significance at the 1, 5 and 10% levels, respectively.

feeling depressed. These coefficients were not statistically significant in Table 6 at
the conventional level. Taken together, attrition is unlikely to significantly bias the
main results on the impact of shocks on mental health disorder as measured by the
CES-D score.

3.3. Mechanisms

In this section, we check whether one of the key mechanisms that explains the impact
of shocks on mental health status of the remaining household members is the loss
of income associated with the death of a household member. We therefore specify
a dynamic regression of earning and estimate the impact of idiosyncratic shocks on
household per capita income as follows:

Iit = θIit−1 + αShocksit + βXit + γWave+ ηCluster + ci + uit (6)

where Iit is the dependent variable, i.e., the log of income per capita for individual
i at time t; Iit−1 is the lagged value of per capita income; and θ is the parameter
identifying the impact of lagged income on current income. The remaining terms
and parameters are as defined in equation 1.

The parameters of equation 6 cannot be identified consistently using static lin-
ear panel data estimators, such as fixed and random effects, which assume strict
exogeneity of all right-hand variables because Iit−1 is correlated with both uit and
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Table 6: The impact of shocks on mental health: Fixed effects regressions

(1) (2) (3) (4)
CES-D score CES-D score Depressed Depressed

Experienced death of a household member 0.439∗∗ 0.376∗ 0.044 0.045
(0.206) (0.207) (0.034) (0.034)

Experienced loss of property -0.079 -0.137 0.082∗ 0.063
(0.261) (0.243) (0.045) (0.046)

Controls No Yes No Yes
DC Municipality FE No Yes No Yes
Time FE No Yes No Yes
Observations 12690 12690 12690 12690

Notes: This table reports fixed effects regressions on the relationship between shocks and
mental health estimated using five rounds of the NIDS data. Column 1 reports the impact
of shocks on CES-D score without controlling for covariates, cluster fixed effects and round
fixed effects. Column 2 reports the same regression controlling for covariates, cluster fixed
effects and round fixed effects. Column 3 reports the impact of shocks on reported state of
depression without controlling for covariates, cluster fixed effects and round fixed effects.
Column 4 reports the same regression controlling for covariates, cluster fixed effects and
round fixed effects. Standard errors reported in parentheses are clustered at the district
council municipality level. ***, ** and * denote significance at the 1, 5, and 10% levels,
respectively.

Table 7: The impact of shocks on mental health: Fixed effects regressions

(1) (2) (3) (4)
CES-D score CES-D score Depressed Depressed

Experienced death of a household member 0.545∗∗∗ 0.377∗∗∗ 0.080∗∗∗ 0.070∗∗∗

(0.091) (0.097) (0.018) (0.018)

Experienced loss of property -0.092 0.064 0.013 0.014
(0.195) (0.189) (0.028) (0.030)

Controls No Yes No Yes
DC Municipality FE No Yes No Yes
Time FE No Yes No Yes
Observations 26020 26020 26020 26020

Notes: This table reports fixed effects regressions on the relationship between shocks and
mental health estimated using five rounds of the NIDS data. Column 1 reports the impact
of shocks on CES-D score without controlling for covariates, cluster fixed effects and round
fixed effects. Column 2 reports the same regression controlling for covariates, cluster fixed
effects and round fixed effects. Column 3 reports the impact of shocks on reported state of
depression without controlling for covariates, cluster fixed effects and round fixed effects.
Column 4 reports the same regression controlling for covariates, cluster fixed effects and
round fixed effects. Standard errors reported in parentheses are clustered at the district
council municipality level. ***, ** and * denote significance at the 1, 5, and 10% levels,
respectively.
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ci. After differencing equation 6, one can estimate the regression consistently using
instruments for the lagged dependent variable from its second and third lags (either
in the form of differences or lagged levels) in a two-stage framework (Anderson and
Hsiao, 1981). When T > 3, more lags of the endogenous variable (s) will be avail-
able as instruments and thus a more efficient IV estimator of (6) can be obtained
using the Generalized Method of Moments, provided the differenced error terms are
serially uncorrelated (Arellano and Bond, 1991). The resulting estimator is what is
commonly known as the Arellano and Bond or Difference GMM estimator. Later
on, a more robust estimator - the System GMM estimator - was proposed by Arel-
lano and Bover (1995) and Blundell and Bond (1998). This estimator also uses lags
as instruments, but identifies the parameters using a two-equation model (the level
equation and a differenced equation) in a GMM framework. The Sargan overiden-
tification test can be performed to test the validity of the instruments. We use the
system GMM estimator to consistently estimate the dynamic model of earnings for
adults in South Africa.

We report results from linear dynamic estimators of the earnings equation speci-
fied in 6, controlling for shocks using alternative specifications in Table 8. Column 1
reports results from the static fixed effects estimator. Column 2 reports a dynamic
earnings regression (controlling for the lagged per capita income) from the static
fixed effects estimator. Column 3 reports a dynamic regression from the Blundell
and Bond System GMM estimator. The null hypothesis of validity of the over-
identifying restrictions performed using the Sargan test, is not rejected in the system
GMM estimator, supporting the validity of the instruments. AR(1) and AR(2) are
the Arellano-Bond test results for first-order and second-order autocorrelations re-
spectively. The null hypothesis that there is no second-order serial correlation is not
rejected, suggesting consistency of the estimator.5

Results from the static fixed effects regression in Column (2) show that previous
income negatively affects current income. This effect is statistically significant at
the one percent level. The estimator shows such a counter-intuitive result because
it does not address endogeneity of the lagged dependent variable, other than taking
care of time-invariant household fixed effects. Consequently, it severely biases the
coefficient of the lagged dependent variable downward. The fixed effects regression,
however, shows a negative effect of death of a household member on per capita
household income. Living in a household that lost a member due to death leads to
a 5% decrease in per capita income.

The system GMM regression results presented in Column (3) of Table 6 are
dramatically different from the fixed effects results presented in Column (2). Lagged
per capita income is positive and significant at the one percent level, supporting the
dynamic specification of earnings. The results also show that experiencing the death
of a household member has a significant negative impact on per capita income. Living

5We also estimated the Arellano and Bond difference GMM estimator. However, the results did
not pass both the Sargan over-identification test and the test for second-order autocorrelation of
the error terms. Consequently, we do not report and discuss the results.
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Table 8: Shocks and per capita income: Dynamic System GMM Results

(1) (2) (3)
PC Income (log) PC Income (log) PC Income (log)

Lagged Household income/capita (log) - -0.175∗∗∗ 0.139∗∗∗

- (0.008) (0.012)

Experienced death of a household member -0.062∗∗∗ -0.052∗∗∗ -0.060∗∗∗

(0.015) (0.018) (0.015)

Death of livestock/crop failure 0.055∗ 0.022 -0.029
(0.032) (0.035) (0.025)

AR(1) - - 0.000
AR(2) - - 0.464
Sargan - - 0.166

Controls Yes Yes Yes
DC Municipality FE Yes Yes Yes
Time FE Yes Yes Yes
Observations 68102 49473 41622

Notes: This table reports regressions on the impact of shocks on the log of per capita
income estimated using five rounds of the NIDS data. Column 1 reports static regression
on the impact of shocks on per capita income from the static fixed effects estimator. Column
2 reports a dynamic regression on the impact of shocks on the log of per capita income from
the static fixed effects estimator. Column 3 reports a dynamic regression on the impact of
shocks on the log of per capita income from the Blundell and Bond System GMM estimator.
Standard errors reported in parentheses are clustered at the district council municipality
level. ***, ** and * denote significance at the 1, 5, and 10% levels, respectively.
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in a household that lost a member due to death leads to 6% decrease in per capita
income and the effect is statistically significant at the one percent level. Both these
results highlight the significant estimation gains from the system GMM estimator,
which identifies the parameters using a two-equation model (the level equation and
the differenced equation) in an instrumental variable set-up. The results also show
that experiencing destruction of assets leads to a 2.9 percent decrease in per capita
income. However, the effect is not statistically significant at conventional levels in
any of the regressions, except in the static linear fixed effect reported in column 1
(significant at the 10%). Taken together, the results suggest that one of the key
mechanisms that explains the impact of shocks on mental health is through the loss
of income following the death of a household member.

4. Conclusions and Discussions

The prevalence of mental health disorders is on the rise worldwide and understand-
ing the impact of adverse events on mental health is crucial to design appropriate
interventions. This is particularly important for the vast majority of households in
developing countries, who often are vulnerable to shocks, but do not have formal
insurance and access to treatment to cope with them. This paper uses five rounds
of rich panel data - the South African National Income Dynamics Survey (NIDS) -
to study the impact of shocks on mental health as measured by the Center for Epi-
demiological Studies Depression Scale (CES-D) and by reported feeling of depression.
We estimate alternative fixed effects regressions to identify the impact of shocks on
mental health. We also test robustness of the results using a random effects ordered
probit estimator and shed light on the pathways by which idiosyncratic shocks affect
mental health using the Blundell and Bond Dynamic System GMM estimator. If
idiosyncratic shocks have an impact on wellbeing beyond consumption and income
in a formally uninsured set-up, the welfare impact of safety net, insurance and health
interventions is likely much larger than has been documented by previous studies.
Using robust panel data estimators, we show that idiosyncratic shocks affect mental
health negatively, which is the key contribution of our paper.

We find significant impact of the two types of shocks we consider in this paper
- death of a household member and destruction or loss of property - on mental
health of adult respondents in South Africa. Fixed effects regressions suggest that
experiencing the death of a household member increases the depression score of the
respondent as measured by the CES-D score by about 0.22, which is equivalent to
3.13%. Experiencing death due to accident or violence, however, more than doubles
the impact on mental health, with a point estimate of 0.58 (8.3%). Marginal effects
from random effects ordered probit regressions also suggest that experiencing loss of
property reduces the probability of rarely feeling depressed by 3 percentage points
and it increases the probability of sometimes feeling depressed by 1.3 percentage
points (equivalent to a 5% increase). One of the key mechanisms by which death of
a household member affects the mental health of the remaining household members
is through reduction of household income. Results from the Dynamic System GMM
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regression suggests that experiencing the death of a household member reduces per
capita income by 6%.

Important previous literature documents that shocks have significant impact on
the welfare of households, including income, consumption, education, and technology
adoption. Our study clearly shows that shocks have impacts on household welfare far
and beyond these measures. This clearly implies that additional large welfare gains
can be made from informal risk-sharing mechanisms, safety nets, and mental health
interventions. The proportion of households with access to psychiatric or therapeutic
care is extremely small, as implied by the amount of resources allocated to mental
health care, which is less than 1% of the healthcare budget in Africa. Consequently,
only less than 2% the population that suffers from mental illness receive treatment
(Sankoh et al., 2018). In South Africa, the most advanced country in Sub-Saharan
Africa, 75% of the population does not have access to psychiatric or therapeutic care
(Gberie, 2017). A large part of the effect of shocks on mental health can be reduced
through psychiatric and therapeutic interventions.

We also find that one of the main pathways by which idiosyncratic shocks affect
mental health is through economic hardship because of a reduction in income. To this
end, providing safety nets to vulnerable citizens affected by shocks is crucial. South
Africa’s safety net programs are more advanced compared to many SSA countries.
Nevertheless, there seems to be much room for improved welfare through expanding
social support and safety nets and reducing the impact of shocks on mental health.

There is a large scope for future research on the impact of shocks on the mental
health of households in developing countries using improved identification strategies.
There has been a large surge of household panel data sets collected by statistics offices
of many SSA countries in the past decade, supported by the World Bank. Although
comprehensive and useful for analyzing different socioeconomic issues, these surveys
unfortunately do not collect any mental health related information. Mental health
disorders are on a sharp rise in the continent. For example, African countries account
for half of the top 30 countries with the highest rate of suicide (WHO, 2020). Such
a trend, unless addressed swiftly by allocating more resources to mental health care,
will have significant negative effects on the already fragile economies of many African
countries. More research on the state of mental health, the causes and consequences
of mental health disorders, and treatment options in the continent is urgently needed.
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Figure 1: Mental Health Status of Adults in South Africa

(a) CES-D Index

(b) Depression
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Figure 2: Mental Health Status by Shocks

(a) CES-D Index

(b) Depression
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