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15 Abstract

In low-income countries, a growing proportion of the disease burden is attributable to non-

communicable diseases (NCDs). There is little knowledge, however, of their impact on wealth, human

capital, economic growth or household poverty. This article estimates the risk of being poor after an

NCD death in the rural, low-income area of Matlab, Bangladesh. In a matched cohort study, we esti-

20 mated the 2-year relative risk (RR) of being poor in Matlab households with an NCD death in 2010.

Three separate measures of household economic status were used as outcomes: an asset-based

index, self-rated household economic condition and total household landholding. Several estimation

methods were used including contingency tables, log-binomial regression and regression standardiza-

tion and machine learning. Households with an NCD death had a large and significant risk of being

25 poor. The unadjusted RR of being poor after death was 1.19, 1.14 and 1.10 for the asset quintile, self-

rated condition and landholding outcomes. Adjusting for household and individual level independent

variables with log-binomial regression gave RRs of 1.19 [standard error (SE) 0.09], 1.16 (SE 0.07) and

1.14 (SE 0.06), which were found to be exactly the same using regression standardization (SE: 0.09,

0.05, 0.03). Machine learning-based standardization produced slightly smaller RRs though still in the

30 same order of magnitude. The findings show that efforts to address the burden of NCD may also com-

bat household poverty and provide a return beyond improved health. Future work should attempt to

disentangle the mechanisms through which economic impacts from an NCD death occur.

Key words: Non-communicable disease, poverty, Bangladesh

Key Messages

• Despite a growing global awareness of the emerging burden of non-communicable diseases (NCDs) in low and middle-

income countries, there is little evidence of the microeconomic household impact.

• In rural Bangladesh, information from a demographic surveillance site allows the identification of households with NCD

deaths and the use of multiple economic outcomes in a longitudinal cohort analysis.

• We find that the presence of an NCD death leads to an increased 2-year risk that households are poor according to asset

score, self-report as poor or are land-poor.
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Introduction

Non-communicable diseases (NCDs) are a growing portion of the dis-

ease burden in low- and middle-income countries. Troublingly, in add-

ition to a growing burden, these countries also experience more

5 premature mortality from NCD than high-income countries. A 2010

report by the World Health Organization (WHO) found that 29% of

NCD deaths in low- and middle-income countries were in people

younger than 60 years, whereas in high-income countries, this same

statistic was 13% (WHO 2010b). It is generally understood that reduc-

10 ing premature mortality comes from the prevention of NCD-related

risk factors such as smoking, sedentary lifestyles and poor diets, among

others. In addition, recent research has also examined how poor health

from NCD in low and middle-income countries may interact with con-

ditions of poverty (Pandian et al. 2007; Schneider et al. 2009). In a

15 macroeconomic study, Bloom et al. (2011) report the global economic

production loss from NCDs such as cardiovascular disease, chronic re-

spiratory disease, cancer, diabetes and mental health are estimated to

be as high as $47 trillion.

Previous assessments of the effects of poor health on economic

20 outcomes of households and individuals have focused on ‘health

shocks’ or adverse health events of either death or disease (Wagstaff

and Lindelow 2010; Alam and Mahal 2014). Gertler and Gruber

(2002) found that households in Indonesia may not be able to fully

recover economically after health shocks. In studies of health shocks

25 where the shock is mortality, some of the most devastating impacts

have been to households experiencing deaths of prime working-age

adult members and the resulting loss of human capital (Beegle et al.

2008; Mather and Donovan 2008).

The analysis of health shocks has been concerned with removing

30 the a priori relationship between socioeconomic status and health to

isolate economic impact of health. In the USA, seminal work by

Smith (1999) showed that adverse health could lead to a worsening

economic condition. The framework for understanding how adverse

health events effect economic outcomes was proposed by Russell

35 (2004) and establishes that poor health can impact household

wealth through direct and indirect costs. A similar framework pub-

lished 2 years after Russell’s was proposed by McIntyre et al.

(2006). This framework included the concept of direct and indirect

costs but also described specific coping mechanisms that households

40 use in response to these costs (McIntyre et al. 2006). We draw on

this latter framework and hypothesize that the economic impacts

from NCD health shocks may result from direct costs incurred from

health expenditure or indirect costs from the time cost associated

with illness. There may also be long-term economic consequences

45 through channels such as the loss of employment, reduced education

of household members or the drawing down of household assets

(Russell 2004; McIntyre et al. 2006).

Health shocks may result from either NCD or infectious disease;

however, NCD explains a large proportion of the adult disease bur-

50 den, and risk factor reduction may play an important role in pre-

venting premature mortality. Public health and policy options for

mitigating NCD and related risk factors may also be different than

those for infectious diseases and isolating the economic impact is im-

portant for designing better health and social protection systems.

55 Previous analyses of health shocks have identified health shocks

from NCD to be of particular importance in low resource settings,

though there is also a gap in the literature on the economic impacts

of NCD (Gertler and Gruber 2002; Alam and Mahal 2014).

In Bangladesh, NCDs are the leading cause of mortality and the

60 overall proportion of deaths from NCDs has grown over time (Ahsan

Karar et al. 2009; IHME 2013). A WHO survey in Bangladesh found

that nearly every adult, 98.7% of the population over age 25, had at

least one NCD risk factor (WHO 2010a). It has also been found that

several risk factors such as hypertension and NCD mortality cluster

65among the poor in Bangladesh (Razzaque et al. 2011). A recently

published study looking across 24 years in rural Bangladesh also finds

that the burden of mortality overall in rural Bangladesh is becoming

more pro-poor, with communicable disease death rates staying con-

sistently higher in the poor, while NCD death rates have shifted from

70being higher for the wealthier to being higher for the poor (Khan

et al. 2015).

The objective of this study is to evaluate whether households in

rural Bangladesh experiencing health shocks from NCD mortality

have a higher risk of being poor after death. NCD health shocks in

75terms of adult mortality are examined in Matlab, Bangladesh, a

rural area that is unique because of its long-running demographic

surveillance program.

Methods

Data and study design
80The two data sources for this study are the ongoing continuous

health and demographic surveillance system conducted by the

International Center for Diarrheal Disease Research in Bangladesh

(icddr,b) and a specific survey designed to estimate the household

economic impact of NCD mortality. The first source is a yearly cen-

85sus of vital statistics that also includes a periodic socioeconomic sta-

tus census, approximately every 10 years that collects information

on the ownership of household assets. The economic impact survey

was collected in Matlab in the year 2012, up to 2 years post NCD

death, and included separate modules on the demographic charac-

90teristics and the economic impact from the NCD death.

A matched cohort design was used where the exposure of interest

was an adult death from an NCD (Sjolander et al. 2012). Matched

cohort designs are relatively rare, but it was used here because of the

ability to identify comparison households using the census surveil-

95lance data. The matching procedure established a comparison group

of households that balanced confounding variables related to the

household’s economic status prior to the exposure to an NCD death

and the longitudinal cohort design accounts for reverse causation

(Mahal et al. 2010).

100The study population consisted of all adult NCD deaths in those

aged over 15 years in the calendar year 2010. A total of 909 adult

NCD deaths were identified and 856 of the households were sur-

veyed in 2012, representing a 6% attrition rate. This is the same as

the annual percentage of individual outmigration in Matlab in 2010

105(Icddr,b 2012). Our attrition seems plausible and low given that

household dissolution may be higher after a death (Hosegood et al.

2004).

From the households with an NCD death, the deceased was

matched to another individual in a comparison household with no

110deaths in the year 2010. The direct matching procedure found

households with comparable individuals based on the age, sex and

village of the deceased individual. Comparison individuals were

matched exactly on sex, in 5-year age bands and in the same or near-

est village. The logic of the matching procedure was that compari-

115son should occur between households with a similar individual, as a

contributor to the household economic production and consump-

tion. While the geographic region of Matlab is relatively homogen-

ous, matching on this variable also provides a control household

that has similar economic condition and production opportunities.

120Two matching households were identified for each household with

2 Health Policy and Planning, 2015, Vol. 00, No. 0



an NCD death. A diagram of the study design is provided in

Supplementary Appendix S1.

Outcome variables

Three measures of economic status were used: an asset-based wealth

5 index, self-reported economic condition and the total amount of

land that a household owns (Ravallion and Lokshin 2000; Filmer

and Pritchett 2001; Bhuiya et al. 2005; Wagstaff and Lindelow

2010). Each of the three measures were assessed in the 2012 survey;

however, only self-reported economic status was asked prior to the

10 death. This was because the most recent socioeconomic status cen-

sus in 2005 was too far in the past to reliably assess asset quintile or

land-owning prior to the death.

The three outcomes provide different but complementary pic-

tures of the socioeconomic condition of the household. The asset-

15 based index, based on durable household items provides an estimate

for the distribution of wealth based on ownership of durable items

but lacks information about price. Self-reported economic condition

accounts for a subjective component of wealth but may capture only

relative economic information. Finally, the measure of total land-

20 holding, commonly used in rural Bangladesh, may be limited be-

cause of the shifting importance of agriculture in the economy.

Detailed information regarding the definitions, calculations and ad-

vantages and disadvantages for each of the three economic outcomes

is provided in Supplementary Appendix S2.

25 Primary independent variable—NCDmortality

The 909 adult deaths from NCDs were identified by International

Classification of Disease version 10 (ICD-10) codes that are assigned

by the surveillance team in Matlab through a dual physician review

verbal autopsy. Deaths from injuries including unintentional injury

30 such as accident and drowning, and intentional injury such as suicide

and homicide were excluded (Icddr,b 2012). The causes of NCD death

included cancer, COPD, diabetes, cardiovascular disease (including

hypertensive disorders, ischemic heart disease and stroke), blood dis-

orders, metabolic disease, mental disorders, neurological disease as

35 well as other respiratory and digestive diseases. The total numbers of

deaths for each cause is provided in Supplementary Appendix S3.

Stroke contributes the most deaths, which is consistent with studies of

NCD burden in South Asia (Wasay et al. 2014).

Statistical analysisAQ4
40 Contingency tables and log-binomial regression

Aggregate and stratified contingency tables were initially used to

examine the relative risk (RR) of being poor 2 years after death

given an NCD health shock (Greenland and Morgenstern 1990;

Cummings et al. 2003). Multivariate analyses used a log-binomial

45 regression model, mathematically similar to Poisson regression, to

provide estimates of RR conditional on the independent variables.

This approach is similar to the discrete poverty approach using a

multinomial regression model used previously for understanding

movements into and out of poverty in two time periods (Glewwe

50 et al. 2002; Justino et al. 2008). The model is specified as follows:

log YiðtÞ ¼ aðtÞ þ b1NCDi þ bkXi (1)

Where Yi is an indicator of whether household i is poor or not

according to one of the three measures for economic status, thus ac-

counting for households that both remain in a state of poverty and

55 households that move into a state of poverty after an NCD death. b1
is the coefficient on the indicator for whether a household had an

NCD adult death in 2010. Taking the exponent b1 gives the RR of

being poor for households with an NCD death. bk represents a vec-

tor of coefficients corresponding to a vector of independent vari-

60ables Xi. The model is run separately for each of the three economic

outcomes of interest and standard errors are clustered at household

level. A model with an interaction term for prime-age status of the

deceased was also used to the impact of premature NCD mortality.

Marginal effect estimation with regression standardization and

65machine learning

An estimator of marginal effect was calculated with regression

standardization, an extension of epidemiologic standardization

methods (Rothman et al. 2012; Sjolander and Greenland 2013).

This estimator uses the marginal distribution of the baseline covari-

70ates and matching variables in the exposed subjects to estimate the

familiar marginal exposure effect on the exposed parameter. This

parameter is commonly referred to as the average treatment effect

on the treated (ATT) in the health economics and statistics litera-

ture. The standardized estimator is calculated through a process of

75averaging over observed covariate distributions in the exposed sub-

jects after obtaining counterfactual outcomes. The regression stand-

ardized version of the estimator uses the parametric regression

model to calculate the expected counterfactual scenarios and obtain

a marginal effect by averaging over all of the covariates (Snowden

80et al. 2011; Sjolander and Greenland 2013).

One of the limitations of the regression standardization ap-

proach, as well as the log-binomial regressions, regards fitting the

model. If the model is constructed incorrectly, then bias could result.

To explore this further, a machine learning algorithm was used for

85specifying the regression function and calculating a subsequent

standardized estimator. The machine learning algorithm imple-

mented here is a ‘super learner’, which is a type of machine-learning

algorithm called an ‘ensembling’ algorithm (van der Laan et al.

2007; van der Laan and Rose 2011). The super learner algorithm is

90implemented in R programming language using the SuperLearner

package and bootstrapping is used to obtain standard errors and

confidence intervals (CIs, Polley and van der Laan 2013).

More details on the regression standardization and machine

learning approach are provided in Supplementary Appendix S4.

95Ethical approval

This research has been approved by the Institutional Review Board

of the authors’ institutions.

Results

Relation between the three economic outcomes and

100descriptive information

The percentage of the population classified as poor in 2012 differed

depending on which measure was used (Table 1). For the asset index,

22% of the study population was classified as poor at follow up and

for self-reported economic condition and landholding this figure was

10542% and 63%. The largest correlation is between the asset index and

self-rated economic condition, with a Spearman rank coefficient of

0�39. The asset index and total landholding have the lowest correl-

ation, with a coefficient of 0�26 and the correlation between self-rated

economic condition and landholding has a coefficient of 0�32.

110Descriptive statistics for the independent variables are in Table 2.

The distribution of variables used for matching: age, sex and village

show that there is balance among the groups. Household position is

the only independent variable that shows a significant difference be-

tween groups; fewer of the NCD group are either household heads or

Health Policy and Planning, 2015, Vol. 00, No. 0 3



spouses of the household head. The percentage of households who

retrospectively report as poor according to the outcome of self-

reported wealth prior to the death is 44% for the NCD households

and 43% for the comparison households. In sum, the overall descrip-

5 tive information shows that the groups are neither statistically nor

substantially different prior to the NCD death and position in the

household is controlled for in subsequent models to account for po-

tential bias.

Results from contingency tables and log-binomial

10regression

The RRs of being poor and 95% CIs are listed in Table 3. For the

pooled group, a significant RR of 1.19 is found using the asset quin-

tile. This RR is 1.14 for self-rated condition and 1.10 for landhold-

ing and both are significant. The stratified contingency table also

15showed that different variables of the deceased individual lead to a

significant risk of being poor depending on the outcome that was

Table 2. Characteristics of the study population prior to death for NCD group and comparison group

Variable Pooled NCD death Comparison Test for diff.

(NCD vs comparison)

Mean (SD)/proportion Mean (SD)/proportion Mean (SD)/proportion (P value or X2)

Matching variables (deceased individual and matched comparison)

Age 67.46 (12.46) 67.71 (12.72) 67.33 (12.33) 0.48

Prime age (% 15–59) 0.21 (0.01) 0.21 (0.01) 0.21 (0.01) 0.94

Female 0.45 (0.01) 0.45 (0.02) 0.45 (0.01) NA

Number of villages 145 136 145 NA

Individual characteristics (deceased individual and matched comparison)

Education

None 0.61 (0.01) 0.62 (0.02) 0.60 (0.01) 0.20

1-5 years 0.25 (0.01) 0.23 (0.01) 0.26 (0.01)

6þ years 0.15 (0.01) 0.16 (0.01) 0.14 (0.01)

Marital status

Single/unmarried 0.02 (0.00) 0.02 (0.00) 0.01 (0.00) 0.11

Married 0.62 (0.01) 0.64 (0.02) 0.61 (0.01)

Divorced 0.01 (0.00) 0.01 (0.00) 0.00 (0.00)

Widowed 0.36 (0.01) 0.34 (0.02) 0.38 (0.01)

Head or Spouse of Head 0.71 (0.01) 0.67 (0.02) 0.73 (0.01) 0.00

Poor 0.43 (0.50) 0.44 (0.50) 0.43 (0.49) 0.43

Household characteristics

Muslim 0.86 (0.01) 0.85 (0.01) 0.869 (0.01) 0.34

Household size 6.21 (2.92) 6.18 (2.70) 6.23 (3.02) 0.68

N 2585 856 1729

Notes: NA (not applicable) applies to the test for difference for sex because of exact matching. For villages, the test of differences was not applicable. Student’s

t-test P values are calculated for continuous measures of age and household size. X2 P values are calculated for categorical and binary variables. All values are esti-

mated in the baseline year prior to death, calendar year 2009. The 856 NCD households represent all of the identified 909 households that had deaths in 2010.

This means there was an attrition rate of 6% for the study. Poor is assessed by self-reported economic condition prior to death for NCD households and in 2009

for comparison households (asked retrospectively in the 2012 NCD and Economics survey). Methods note: The differences between descriptive characteristics for

the NCD group and the comparison group at baseline are first assessed. There is ambiguity in the literature about whether accounting for matched variables in a

matched cohort analysis is needed. We use a t-test statistic for continuous variables and assuming independence between the groups. A paired t-test may also be

used in matched cohort study and we find similar result when using a paired or unpaired test but only report the unpaired results (Cummings et al. 2003,

Sjolander and Greenland 2013). A chi-squared test for independence is used for categorical variables (Faraway 2006).

Table 1. Comparison and correlation of three economic outcomes at follow-upAQ14

Economic outcome, 2012 Description Percentage poor (SE) Correlation

Asset Index Self-rated

condition

Landholding

1. Asset index Wealth index based on a list of 26 durable

household items and classified into 5 quintiles.

0.22 (0.01) Threshold:

3rd quintile

NA 0.39 0.26

2. Self-rated condition Perceived ranking of household economic

condition by household representative

on a scale of 1 ¼ poorest to 5 ¼ richest.

0.42 (0.01) Threshold:

3rd ladder step

0.39 NA 0.32

3. Landholding Total amount of land area for homestead and

agriculture that a household reports owning.

0.63 (0.01) Threshold:

50 dm total land

0.26 0.32 NA

Notes: Percentage poor is for the pooled sample group with NCD death and comparison group. Thresholds for being poor include being in the 1st two quintiles

for the asset index, being on the first two ladder rungs for self-rated condition and owning <50 decimals of land. Correlation for each measure is measured with

Spearman’s rank coefficient. NA is not applicable because of perfect correlation. The asset index and associated wealth quintile are calculated using polyconic

principal component analysis (PPCA) with eigenvalue weights from the Matlab socioeconomic census in 2005. Self-rated condition asks respondents to rank the

household’s economic condition on a 5-step ladder. Landholding is measured in decimals, which is equivalent to 1/100 of an acre or 40.46 square meters.

4 Health Policy and Planning, 2015, Vol. 00, No. 0



used. For the asset quintile, this was prime age status and marital

status (RRs: 1.96 and 1.26). For self-rated condition, deaths to male

members, prime age members, uneducated members, married mem-

bers and household heads lead to significant increased risks of being

5 poor. With landholding, the death of a male member, old age mem-

ber, member with primary education, married member or household

head shows a significant increased risk of being poor. In the latter

two outcomes, the RR of being poor given a prime age death for

self-reported economic condition and the RR of being poor given

10 the death of someone with primary education for landholding had

some of the highest values (RR: 1.49 and 1.30).

Table 4 lists the results from the log-binomial regression. The

RRs shown are the coefficients from the regression equation taken

as exponents. After adjusting for all independent variables, the RRs

15are significant at the 5% level for self-reported wealth and landhold-

ing and at the 10% level for asset quintile. The RR of being poor

after an NCD death with the asset quintile is 1.19 (SE 0.09), with

self-rated economic condition this is 1�16 (SE 0.07) and with land-

holding this becomes 1.14 (SE 0.06). The death of a prime age mem-

20ber shown by an interaction term in a separate column is also shown

to significantly increase the risk of being poor when the asset quin-

tile and self-rated condition are the outcomes of interest (RR: 1.70,

Table 3. RR estimates for the NCD vs the comparison group for three economic outcomes

Asset quintile Self-rated economic condition Landholding

RR Lower Upper RR Lower Upper RR Lower Upper

Full sample 1.19 1.02 1.39 1.14 1.03 1.26 1.10 1.03 1.17

Sex

Male 1.22 0.98 1.52 1.18 1.04 1.34 1.18 1.08 1.29

Female 1.16 0.91 1.48 1.09 0.94 1.27 1.01 0.93 1.10

Age

Prime age 1.96 1.39 2.76 1.49 1.24 1.79 1.07 0.94 1.22

Old age 1.04 0.83 1.30 1.05 0.93 1.19 1.11 1.03 1.19

Education

None 1.13 0.96 1.34 1.16 1.04 1.29 1.04 0.97 1.11

1–5 years 1.28 0.85 1.94 0.99 0.00 INF 1.30 1.12 1.51

6þ years 1.55 0.66 3.64 1.36 0.91 2.03 1.12 0.89 1.40

Marital status

Single/widow/divorce 1.08 0.81 1.45 1.01 0.71 1.43 1.09 0.99 1.20

Married 1.26 1.03 1.54 1.22 1.08 1.38 1.12 1.03 1.22

Position

Head/spouse 1.18 0.97 1.43 1.16 1.03 1.3 1.14 1.06 1.23

Non-head/spouse 1.18 0.86 1.63 1.05 0.86 1.28 1.03 0.90 1.18

Notes: In the table, ‘Asset quintile’ refers to being in the bottom two quintiles as measured by asset-based principal component analysis. ‘Self-rated economic

condition’ refers to being in the poor or very poor group and ‘Landholding’ refers to owning <50 decimals of land. A decimal of land refers to 1/100th of an acre

or 40.46m2. ‘Prime Age’ here refers to those deaths to individuals aged 15–59 years and ‘Old Age’ refers to deaths to those aged 60 years and older.

Table 4. Log-binomial regression for the effect of an adult NCD death on measures of household economic condition

Asset quintile Asset quintile -

PA interaction

Self-rated

condition

Self-rated condition -

PA interaction

Landholding Landholding -

PA interaction

Intercept 0.85 1.60 1.94* 1.89 1.34 1.55

NCD death 1.19* 1.07 1.16** 1.09 1.14** 1.15**

Prime age 0.74** 0.74** 0.86* 0.86 0.84** 0.84**

Female 0.99** 0.98*** 0.99*** 0.99** 0.99*** 0.99***

Age 0.55*** 0.55*** 0.83** 0.83** 0.76*** 0.76***

Education

1–5 years (ref. none) 0.26*** 0.27*** 0.43*** 0.44*** 0.65*** 0.65***

6þ years (ref. none) 1.69 2.06 1.30 1.34 2.09*** 2.14***

Marital status

Married (ref. unmarried) 2.94 3.40 1.23 1.18 1.17 1.23

Divorced (ref. unmarried) 1.86 2.25 1.41 1.44 2.41*** 2.47***

Widowed (ref. unmarried) 1.01 1.00 0.93 0.93 0.94 0.94

HH head/spouse 0.87 0.87 0.88 0.88 0.78*** 0.78***

Muslim 0.92*** 0.92*** 0.95*** 0.95*** 0.97*** 0.97***

Household size 1.31 1.38 0.80 0.81 0.42 0.42

NCD x prime age 1.70*** 1.33* 0.94

log likelihood �1216.67 �1212.17 �1863.08 �1861.32 �2203.54 �2203.18

Deviance 1355.33 1346.34 1582.16 1578.63 1255.09 1254.35

Num. obs. 2491 2491 2491 2491 2490 2490

Notes: All standard errors are clustered at the household level. PA stands for prime-age, which is age 15–59 years. Significance: ***P ign.01, **P1, .05, *P5, .1.

Health Policy and Planning, 2015, Vol. 00, No. 0 5



SE 0.22 and 1.33, SE 0.15). For landholding, the effect of an NCD

death to a prime age member does not significantly modify the risk

of being poor (RR: 0.94, SE 0.13).

Results from the regression standardization and

5 machine learning for marginal effects

The results of the regression standardization estimator using para-

metric regression are listed in Table 5. The results represent the mar-

ginal effects for the risk of being poor in 2012 given an adult NCD

death in 2010. For the asset-based quintile, self-rated status and

10 landholding the RR was positive and significant with values of 1.19

(SE 0.09), 1.16 (SE 0.05) and 1.14 (0.03), respectively, and 95% CIs

above 1. This means that having a death leads to 19%, 16% or

14% greater risk of being poor in 2012. The results with the super-

learner machine learning approach show similar results to the re-

15 gression standardization approach but overall have slightly smaller

RRs. Interestingly, the RR using the asset-based quintile, 1.15 (SE

0.09), is no longer statistically significant at a 5% level since the CI

crosses 1 (95% CI: 0.98–1.32). The results for self-rated condition

(RR¼1.13, SE 0.05) and land-holding (RR¼1.11, SE 0.03), how-

20 ever, do find significantly elevated risks of being poor.

For relative understanding, our findings of increased RR of being

poor after having adult NCD death is higher than the increased risk of

being poor of 8%, 5% and 3% (for asset quintile, self-reported wealth

and landholding) found for non-Muslim households, which are gener-

25 ally acknowledged as being more disadvantaged in rural regions of

Bangladesh. While there are no comparable studies in Bangladesh to

compare our findings, researchers in Vietnam have assessed the risk of

moving into a poor state for those that are non-poor before an injury

and found a RR of 1.21 (Thanh et al. 2006). Several studies have also

30 used a self-reported measure of economic well-being to assess the im-

pact of a health shock. In Tanzania, researchers found that 20% of

households reported having a year of ‘very bad’ living conditions spe-

cifically due to the death of a household member (Beegle et al. 2008).

Discussion

35 This work adds to an understanding of the impact of an NCD death

in terms of remaining or becoming poor and finds that there is an

increased incident risk of being poor following NCD death. This is

found to be robust for different economic outcomes and estimation

methods. The results provide evidence that there may be a pathway

40from NCD health shock to economic outcome that could result

from either direct and indirect cost of illness or the longer term im-

pact of coping strategies.

Previous work in Matlab has only examined the cross-sectional

relationship between mortality and poverty (Razzaque et al. 2009).

45Our study highlights that there are significant economic impacts

from NCDs, which represent the majority of adult mortality in

Matlab. The RR of staying or becoming poor is largest when meas-

ured with asset quintile, followed by self-rated condition and then

landholding. A prime age death is also found to have a large impact

50on the risk of poverty when it is measured by asset quintile.

Measuring poverty according to landholding, the significant protect-

ive effect found for a death of a household head or associated spouse

may be due to the redistribution of land after a head dies. Overall,

given the low correlation between the three economic outcomes, it is

55interesting that we find NCD mortality increases the risk of poverty

in each of them.

Another strength of this study is the use of census surveillance

data to identify all households with an NCD death. Using mortality

mitigates the potential upward bias found in studies that use self-

60reported health (Grimm 2010; Islam and Maitra 2012). The inclusion

of mortality, though, also means the exclusion of relevant information

about morbidity, such as the length of illness and the severity prior to

the death. There may also be unobserved health shocks from morbid-

ity, where a sick person recovers, in the comparison group. This de-

65serves further exploration in a setting where morbidity is observed,

and shocks from morbidity and subsequent mortality can be sepa-

rated. Another limitation is the aggregation of the causes of death into

a broad category for NCD. This may mask important heterogeneities

due to differences in illness prior to death. Factors such as the length

70and intensity of illness and the impact that these have on household

economic condition should be an area of future research and will be

important for developing NCD policies that target specific illness.

While this study was not designed to look at individual causes of

death, we have provided log-binomial regression results for seven

75broad NCD causes in Supplementary Appendix S5.

Table 5. Regression standardization marginal effect of an adult NCD death on measures of household economic condition using parametric

regression and machine learning

RR SE Lower Upper

Parametric regression standardization

Asset quintile 1.19 0.09 1.01 1.37

Self-rated condition 1.16 0.05 1.05 1.27

Landholding 1.14 0.03 1.08 1.20

Machine-learning (super learner) estimation

Asset quintile 1.15 0.09 0.98 1.32

Self-rated condition 1.13 0.05 1.03 1.23

Landholding 1.11 0.03 1.05 1.17

Notes: All results are calculated with the RR equation: /̂RR ¼

1
N

PN

i¼1

Ê YjA¼1;Wð Þ½ �

1
N

PN

i¼1

Ê YjA¼0;Wð Þ½ �
, using parametric regression standardization and

machine learning. The machine learning uses an ensembling super-learner algorithm described in the references. The super learner algorithm is implemented in R

programming language using the SuperLearner package (Polley and van der Laan 2013). A collection of three algorithms were used in this analysis: logistic regres-

sion implemented with the generalized linear models (glm) package, the arithmetic mean where the marginal probability of being poor in each cross-validation

fold is assigned to each household and a final package (glmnet) for penalized regression using the least absolute shrinkage and selection operator (LASSO).
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Finally, the generalizability of these findings to other settings

may be limited given the long-running health and surveillance pro-

gram in Matlab. The NCD burden may be higher than other rural,

low-income areas and this could bias the economic impact of NCD

5 mortality upward. On the other hand, if residents of Matlab have

healthier behaviours and greater health knowledge, the impact of an

NCD death on households could be diminished. Finally, causal in-

ferences from our study may still be limited because of unobservable

factors such as health behaviours and inter-household preferences

10 that differ between the two groups in our study population, leading

to misspecification of the model.

This work looks at the economic impacts of deaths and whether

there are negative consequences for households. There are several

policy instruments that may be warranted and policies to provide

15 improved financial risk protection should follow from further evi-

dence on the importance of direct costs, indirect costs and coping

strategies that the households incur. One approach would be to help

households adjust economically after the mortality through better

access to financial protection tools and risk-pooled insurance.

20 Micro-lending in Bangladesh is ubiquitous and a recent study has es-

tablished stronger evidence for its poverty alleviation impact over

the long-term (Khandker and Samad 2014). Formal health insurance

mechanisms are rare in rural Bangladesh and establishing these types

of programs in an area with a large informal sector such as rural

25 Bangladesh poses many challenges (Acharya et al. 2013; Bannerjee

et al. 2014). More broadly, measures should be taken to address the

burden of NCDs through more health services for prevention. Such

services could be provided by the government or a non-profit organ-

ization in much the same way that basic maternal and child health

30 services have been provided in Matlab.

This study proves that there is an economic argument to be made

for addressing the burden of NCDs in rural, low-income settings

and the methods developed here provide a model for estimating the

economic impacts from health shocks in other settings as well. The

35 increased risk of being poor in the follow-up period for households

with an NCD death ranged from 14% to 19%. For two of these out-

comes, asset quintile and self-rated economic condition, an NCD

death to a prime age household member moderates the economic

impact and increases the risk of a household being poor. Without

40 further action, households will have higher risks of moving into or

staying in poverty because of the expenses and loss of human capital

imposed by NCD health shocks.

Supplementary data

Supplementary data are available at HEAPOL online.
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