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Abstract 

This study offers an uncommon perspective on households´ poverty dynamics over a long 

period of sustained strong economic growth. We combine the large and high-quality 

consumption surveys used to produce official poverty statistics with information from a 

nationally representative household panel for rural areas to study poverty dynamics in 

Bangladesh between 2000 and 2016 using synthetic panel methods. We document the 

steady and substantial decline of persistent poverty, which has been particularly pronounced 

in rural areas. Transient poverty declined at a slower pace and affected twice as many 

households than persistent poverty (30% vs. 14%) between 2010 and 2016. There are stark 

differences in poverty dynamics across divisions, large and persistent disparities across 

education levels, and a strong but diminishing association with employment type in urban 

areas. High levels of mobility, relatively greater in urban Bangladesh, and the growing 

importance of transient poverty stress the need to consider measures to helphouseholds 

experiencing poverty to cope with income fluctuations and initiatives to address the needs 

of vulnerable households as core components of poverty reduction efforts.  
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Introduction 

 

The recent Covid-19 pandemic has affected the livelihoods of millions of households 

across the world to the point of offsetting years of progress in global poverty reduction 

(Mahler et al., 2022). Thereby, the pandemic has brought concerns related to 

vulnerability and the resilience of gains in poverty reduction to the forefront of the 

academic, public and policy discussion. However, the exposure of the global 

population living in poverty and population vulnerable to poverty to large income 

fluctuations is a challenge far from limited to rare global public health crises; instead, it 

is widely accepted that they suffer from not only low but also unstable incomes and are 

exposed to many different shocks (Dercon and Krishnan, 2000); and that this volatility 

constitutes an additional burden on their well-being that needs to be specifically and 

effectively addressed by strategies and policies that aim to fight poverty. Aware of the 

key implications for policy, researchers have conceptualized transient poverty as a  

distinct phenomenon from chronic poverty, attempted to empirically quantify their 

scale and characterized households in each of these situations (Baulch and Hoddinott, 

2000; Jalan and Ravallion, 2000; Hulme and Shepherd, 2003).   

However, such dynamic considerations have remained one of the blind spots of the 

lively debate around the links between GDP growth and poverty reduction.  Since 

nationally representative household panel data have generally not been available over 

long time spans for low-and-middle income countries, the various approaches 

employed to address this fundamental question have mainly relied on different forms 

of comparing two or more snapshots of the income distribution (see e.g. Ravallion and 

Chen, 2003). Therefore, there is very limited evidence on questions around households’ 

income trajectories that are obviously critical components of a comprehensive 

assessment of the eventual benefits of growth for people living in poverty: Does 

economic growth enable households to move out from deprivation permanently? Do 

households chronically experiencing poverty also benefit from it? How does it modify 

the profiles of households in transient and persistent poverty? 

This study aims to contribute to the evidence base underlying this discussion by 

conducting a detailed analysis of household-level dynamics of poverty and vulnerability 

in Bangladesh, a country often singled out as a successful development story. Starting 

from very low levels of economic and human development at independence in 1971, 

this South Asian country has enjoyed large and sustained economic growth, recently 

reaching lower-middle income status, and sensational advances in other human 

development dimensions such as health or education (Asadullah et al., 2014). Poverty 

reduction has been particularly impressive since the start of the century, as the poverty 

rate according to the upper national poverty line has been halved from 48.9% to 24.5% 

between 2000 and 2016/17 (World Bank, 2019a). Nevertheless, given its large 
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population, Bangladesh still accounts for a non-negligible share of the global poor, and 

poverty reduction in urban areas has been muted during the early 2010s. 

To overcome existing data limitations, we apply synthetic panel methods (Dang, 

Lanjouw, Luoto and McKenzie, 2014; Dang and Lanjouw, 2017; Dang and Lanjouw, 

2023) to the four available waves of the Household Income and Expenditure Survey 

(HIES) including data on consumption, corresponding to 2000, 2005, 2010 and 2016/7. 

This allows us to estimate poverty and vulnerability dynamics separately for rural and 

urban Bangladesh over this long period based on cross-sectional survey pairs, as well 

as to study the correlates of persistent and transient poverty, and vulnerability.  

This study contributes most directly to the literature on poverty dynamics in 

Bangladesh. Based on a survey designed to be nationally representative but covering a 

small set of villages, Sen (2003) analyses income poverty dynamics in rural areas 

during the late twentieth century, an analysis subsequently extended by Nargis and 

Hossain (2006) and Balagtas et al. (2014) to 2004 and 2008, respectively. Davis and 

Baulch (2011) compare the findings from qualitative and quantitative approaches. 

Most recently, Ahmed and Tauseef (2022) use consumption expenditure data from the 

nationally representative household panel for rural Bangladesh collected by the 

International Food Policy Research Institute (IFPRI) in the Bangladesh Income and 

Health Study (BIHS) to provide panel data estimates of recent poverty dynamics in rural 

Bangladesh between 2011/12 and 2019. 

We contribute to this literature in various ways. First, we compute estimates and 

profiles of persistent and transient poverty for urban Bangladesh, hence covering the 

country as a whole and providing estimates at the national level, which were not 

available until the moment due to the absence of nationally representative panel data 

for urban areas. Second, our estimates are based on the large-sample, high-quality 

survey instrument, consumption aggregate and poverty lines used to produce official 

poverty statistics (BBS, 2019) and hence directly comparable to them. Finally, analysing 

several cross-sectional survey rounds allows us to track the evolution of poverty 

dynamics at regular intervals for a long period of time for which no series of 

comparable estimates were available.   

This study comes together as part of a series of papers that apply synthetic panel 

methods to investigate recent poverty dynamics in different countries across the low-

and-middle income world. A succinct introduction to synthetic panel methods and five 

other such case studies on India, Myanmar, Ethiopia, Tanzania and Mozambique have 

recently been published as part of a special issue on poverty dynamics (see Lanjouw 

and Tarp, 2021). This paper can also be placed within a broader emerging literature 

that employs synthetic panel methods to provide insights into the evolution of mobility, 

and in particular poverty transitions, in low-and-middle income countries over long 

periods of time not covered by nationally representative panel data (Dang and Lanjouw, 
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2018; Moreno, 2020; Rongen et al., 2022). It contributes to this literature by providing 

evidence on the Bangladeshi experience, which has been singled out as one of the 

most encouraging recent poverty reduction episodes.  

Furthermore, a distinct methodological element of this paper within the synthetic panel 

literature is the combination of household panel data covering part of the population 

and time period under scrutiny with a longer series of cross-sectional survey rounds, 

with the aim of providing insights on poverty dynamics that are both reliable and 

informative. We use nationally representative panel data for rural Bangladesh collected 

by the International Food Policy Research Institute (IFPRI) in the Bangladesh Income 

and Health Study (BIHS) to guide our choice of a key parameter for the synthetic panel 

analysis that is necessary to provide point estimates of poverty dynamics instead of 

rather wide bounds, but whose quantification has been pointed out as the most 

contentious element of synthetic panel estimates fully based on cross-sectional data 

(Hérault and Jenkins, 2019; Garcés-Urzainqui, 2023)            

We find that over 10% less of the Bangladeshi population suffers from persistent 

poverty by the end of the study period than around the start of the century. This 

progress is mainly driven by rural areas, where the share of secure population has as 

well notably expanded.  Meanwhile, in urban areas, the reduction in both persistent as 

well as transient poverty has been more muted, especially since 2010, and mainly 

translated into increasing vulnerability. Overall, our analysis casts Bangladesh as a high 

mobility environment, with transient poverty affecting a much larger share of the 

population than persistent poverty, and households experiencing poverty in 2010 being 

at least as likely to transition out of poverty as to stay in it by 2016. 

In spite of the observed improvements, the impact of GDP growth in terms of poverty 

reduction is rather tenuous in international comparison (Ram, 2011). Over the study 

period, 1 percentage point of real GDP growth translated into a decline in persistent 

(transient) poverty by around 0.7% (0.35%) of its initial level. The responsiveness of 

poverty to growth in average consumption is notably higher, and particularly so in 

urban areas.    

There are marked regional patterns in the distribution of persistent poverty, with urban 

Dhaka and the eastern divisions presenting the lowest incidence, while Rangpur and 

urban Barisal suffer from the most adverse situation. Education emerges as a 

particularly relevant factor leading to more favourable poverty dynamics over the whole 

study period. In urban areas, access to wage employment is another determinant 

factor shielding households from persistent poverty, although the gap with households 

in self-employment or casual employment has been narrowing.   

Due to data availability reasons, the analysis in this paper is restricted to a pre-

pandemic period. Of course, this introduces certain limitations with respect to the 

immediate applicability of these results to policy making at this moment, which will be 
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discussed further in the conclusions. However, the analysis of poverty dynamics and 

vulnerability during the ´good times’ of economic growth and poverty reduction is not 

only of interest in itself, but will also prove increasingly useful as economies advance in 

their recovery from the pandemic disruptions. Moreover, the results presented here 

might prove very helpful as a benchmark for future research on poverty dynamics in 

Bangladesh that takes into account the Covid-19 shock, in order to assess to what 

extent the pandemic has altered pre-existing patterns of vulnerability, transient and 

persistent poverty. 
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Poverty in Bangladesh: Levels and trends 

Progress in poverty reduction in Bangladesh over the last 20 years has been 

impressive, and the poverty rate according to the national upper poverty line has 

steadily and substantially declined from 48.9% in 2000 to 24.5% in 2016/17 (World 

Bank, 2019a).  This corresponds to a similar decline of poverty rates from roughly half 

to approximately a quarter of the population in rural areas, and to a relatively even 

stronger reduction from an initial level of 35.7% to 15% in urban areas, which is 

particularly impressive in the face of rapidly increasing urban population.  Extreme 

poverty has also seen a major decline at the national level from 34.3% in 2000 to 13% 

in 2016, although at a gradually slowing pace.  

Rural poverty has sustained its path of robust decline over the most recent period for 

which HIES data are currently available, falling from 35.2% in 2010 to 26.7% in 2016/7. 

However, progress in urban poverty reduction has been much more moderate, as the 

poverty rate declined from 21.3% in 2010 to 19.3% in 2016/7, and even stalled for the 

case of extreme poverty. This raises the question whether this lack of progress is due 

to households experiencing poverty not being able to improve their situation anymore, 

or instead it is rather the consequence of roughly equally large movements in and out 

of poverty offsetting each other. It also suggests that comparing poverty dynamics in 

rural and urban areas might be useful to understand the reasons underlying those 

different developments.    
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Data and Methodology 

Data 

The study will focus on analysing the four most recent rounds of the HIES, the 

household survey used to produce official poverty statistics in Bangladesh, 

corresponding to 2000, 2005, 2010 and 2016/7. HIES collects detailed data on 

consumption since 2000 and has a very large sample size, gradually growing from 

7,440 households in 2000 to 46,080 households in 2016.  The last round of HIES is 

representative for the 64 districts, as well as for the urban and rural parts of divisions, 

allowing for a highly disaggregated spatial analysis for the most recent period. We use 

the official cost-of-basic-needs poverty lines employed by the Bangladesh Bureau of 

Statistics (BBS). Nominal poverty lines vary by strata to account for price differences, 

and the national upper (lower) poverty line after conducting spatial adjustments lies at 

BDT 2,275 (BDT 1,877) per person and month, in 2016 prices.  

For rural Bangladesh, we will also rely on data from the Bangladesh Integrated 

Household Survey (BIHS), a representative panel survey for rural Bangladesh collected 

by the International Food Policy Research Institute (IFPRI). This dataset has a smaller 

sample size of, initially, 5,503 households, but its three waves (2011/2, 2015/6 and 

2018/9) will be useful to obtain estimates for the inter-temporal correlation of 

consumption, since the direct estimation of this essential parameter governing poverty 

dynamics from cross-sectional data has emerged as one of the most delicate steps in 

synthetic panel methods (Hérault and Jenkins, 2019; Garcés-Urzainqui, 2023). 

Methodology        

The analysis is based on the application of synthetic panel methods that provide 

bounds (Dang, Lanjouw, Luoto and McKenzie, 2014) as well as point estimates of 

poverty dynamics (Dang and Lanjouw, 2023) on the basis of only two comparable 

cross-sectional surveys. The core element of this method is the estimation of 

prediction models for (log) consumption per capita that are exclusively based on time-

invariant household characteristics. These models allow then to predict consumption 

in the round where the household is not observed. Combined with the reasonable 

assumption of non-negative values for the inter-temporal correlation ρ of the income 

residual, this prediction exercise yields upper and lower bounds for transitions in and 

out of poverty. When a point estimate of ρ is available, synthetic panel methods can be 

used to produce point estimates of poverty dynamics. In particular, we use the 

estimation method outlined in Dang and Lanjouw (2023) under the assumption of 

bivariate lognormality for the residuals from the income model. Further details on the 

implementation of synthetic panel methods and a discussion of the underlying 

assumptions are provided in Garcés-Urzainqui, Lanjouw and Rongen (2021).  
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To extend the analysis to vulnerability, we follow the procedure suggested in Dang and 

Lanjouw (2017) to estimate an empirically defined vulnerability line. This procedure 

estimates a vulnerability line such that the probability of falling into poverty in the 

second survey round conditional on being classified as vulnerable in the first round, as 

estimated with synthetic panel methods, is equal to a vulnerability index P2 selected 

ex-ante by researchers.  

Implementation of Synthetic Panel Methods in Bangladesh  

The implementation of synthetic panel methods to produce poverty dynamics 

estimates for Bangladesh poses several challenges. First, the comparability of 

surveyed populations in both rounds is one of the key assumptions underlying 

synthetic panel methods. Unfortunately for our purposes, HIES sampling design 

underwent substantial changes between 2010 and 2016/7 (Ahmed et al., 2017). 

Sample size was increased considerably in order to achieve various improvements in 

terms of representativeness at lower geographic levels or shorter time intervals. 

Consequently, the sampling frame changed, and strata were redefined, which resulted 

in better coverage of certain areas, in particular urban slums.    

The definition of urban areas did not change, and strata across both surveys have been 

matched in order to allow for estimates by area of residence that are comparable over 

time (see Chapter 1.4 in World Bank (2019b) for details). However, summary statistics 

presented in Table A.1 reveal certain differences across survey rounds for 

characteristics that should be time-invariant.  This discrepancy introduces certain 

caveats on our results that will be further discussed below, but it should be kept in 

mind that such comparability issues affect any analysis on poverty trends, including 

those based on the analysis of cross-sectional data with conventional techniques. 

Given the policy relevance of issues concerning poverty dynamics, we consider this 

exercise worth pursuing, while advocating for the necessary caution when interpreting 

the results.  

The best way to deal with the differences between HIES 2010 and HIES 2016/7 

depends on the purpose of the estimation. When focusing only on dynamics and 

profiles over this most recent period, the most sensible choice seems to be taking 

advantage of the much larger sample size in HIES 2016/7 (46,080 households, as 

compared to 12,240 in HIES 2010) and the improvements in terms of 

representativeness (especially in urban areas) that allow it to capture the “true” 

underlying population better than the previous survey round. Thus, for this purpose, we 

use household characteristics in this second period as a basis for prediction, so that 

the HIES 2010 sample is just used for the purpose of estimating consumption models 

based on time-invariant characteristics and some overall population statistics such as 

the variance of consumption model residuals.  It seems likely that such aggregate 

quantities and parameters are not excessively affected by the changes implemented in 
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sampling design.  On the other hand, when contrasting estimates across various survey 

pairs in a longer time series, it seems preferable to minimize comparability concerns by 

relying on predictions based on characteristics from the initial period in each of the 

year-pairs we consider. This implies using characteristics from HIES 2010, which 

shares a common sampling frame with the two previous survey rounds, as a basis for 

prediction for the latest period, since in that case the changes in sampling design 

introduced in HIES 2016/7 only affect poverty dynamics estimates indirectly, 

analogously to the discussion for HIES 2010 above.  

We present poverty dynamics estimates based on different models and parameters for 

urban and rural areas in Bangladesh. It seems plausible that the associations of 

different time-invariant characteristics to consumption and their changes over time 

vary markedly across rural and urban areas. In addition, poverty dynamics estimates 

for urban areas are one of the main contributions of this paper to fill the evidence gap 

in poverty dynamics, and a specifically urban model seems the best choice for that 

purpose. It should be noted that one important limitation of this work, further 

discussed in Appendix B, arises from the from the inadequacy of our methodology and 

data to assess the implications of rural to urban migration on poverty dynamics.  

We estimate a linear regression model with the logarithm of real per capita 

consumption as the dependent variable. Real consumption expenditure is adjusted for 

spatial and temporal price differences with deflators based on upper poverty lines and 

expressed in 2016 prices. The time-invariant characteristics in the model include age, 

religion, gender and education of the household head, as well as an interaction term 

between gender and broad education level of the household head. We also include 

division as part of the time-invariant model characteristics.  Estimation results can be 

found in Tables A.2 and A.3.  The predictive power of these consumption models, as 

captured by the R2 statistic, is in line with the values usually found in the literature 

(Dang and Lanjouw 2013; Dang et al., 2014), although the predictive power of rural 

models lies at the lower end of the range and seems to be declining over time. 

Finally, we restrict the age of household heads between 25 and 65 years in the initial 

period of each year-pair (24 and 64 for 2010-16) and adjust the sample accordingly for 

the final period. Given that income models are largely based on household head 

characteristics, such adjustments are common practice in the synthetic panel literature 

to enhance population stability by avoiding issues related to household formation and 

dissolution. For instance, by age 24 virtually all household heads have completed their 

education or already achieved the highest level considered here. On the other hand, as 

can be seen in Figure A.1., further restricting this age range would exclude age groups 

that account for a significant share of the population and reduce the comparability of 

the poverty dynamics for the sample under study to those observed for the overall 
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population. In any case, unconditional poverty estimates for the age range of 24 to 54 

years old in HIES 2010, a usual choice in the literature, are very similar (see Table A.4).  

Incorporating panel data    

One of the most delicate steps in the provision of synthetic panel point estimates of 

poverty dynamics is the estimation of a value for the inter-temporal correlation of 

income residuals ρ. As described in Dang and Lanjouw (2023), this parameter can be 

derived from the inter-temporal correlation of income ρY. While Dang and Lanjouw 

(2023) suggest to proxy ρY from the correlation of cohort means, the synthetic panel 

literature (Hérault and Jenkins, 2019; Garcés-Urzainqui, 2023) has proven that such 

cohort-based estimates vary strongly across cohort definitions and tend to 

overestimate the actual value of ρ, with no clear criteria as to which cohort definition 

may lead to the most accurate estimates. Table 1 shows that such substantial 

variation across cohort definitions is indeed present for cohort-based estimates of ρY 

and ρ based on data from HIES 2010 and 2016/7. In particular, the values for cohort 

definitions grouping heads from more than one year of birth for rural areas of cohorts 

seem implausibly large for a six-year period. 

 

 

Table 1. Estimates of inter-temporal correlation for income and income residuals  

Estimate type Rural Urban 

ρY ρ ρY ρ 

BIHS, waves 1-2 0.539 0.472 0.458 0.214 

BIHS, waves 1-3 0.466 0.384 0.396 0.117 

BIHS, combined  0.483 0.403 0.410 0.139 

HIES, 1-Year cohorts 0.672 0.632 0.570 0.391 

HIES, 2-Year cohorts 0.871 0.873 0.629 0.483 

HIES, 3-Year cohorts 0.895 0.902 0.603 0.443 
     

 

Therefore, we resort to BIHS, an almost overlapping panel household survey that is 

nationally representative for rural areas, in order to obtain estimates for ρY. 

Note: ρY and ρ denote the inter-temporal correlation of income and income residuals, respectively.  
HIES estimates correspond to correlation of cohort means in HIES 2010 and HIES 2016/7. Sample 
restricted to households with heads aged between 24 and 64 years old in 2010.  1 -Year cohorts 
exclude cohorts with less than 100 (50) households in rural (urban) areas. BIHS rural estimates for 
ρY obtained from household-level panel data from BIHS 2011/2, BIHS 2015 and BIHS 2018/9. BIHS 
urban estimates for ρY obtained by multiplying the corresponding rural value by the ratio of 1-Year 
cohorts urban to rural ρY. BIHS combined estimates result from interpolating short-term and long-
term BIHS estimates to adjust for differences between both HIES rounds.      
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Importantly, the consumption aggregate for both survey instruments is relatively 

similar, as survey practices are broadly comparable, questionnaires include a broadly 

similar range of items, and we compute a consumption aggregate from BIHS following 

the definitions and procedures described in World Bank (2019b) for HIES as closely as 

possible.  Although they are not exactly identical,  the distributions of the respective 

consumption variables in BIHS 2015 and HIES 2016/7, visualized in Figure A.2, seem 

comparable enough to rely on BIHS household-level estimates of ρY as the best 

available option for rural areas.  

To adjust for the period of time elapsed between the two HIES rounds under 

consideration, we  interpolate exponentially the values of ρY for the short period of 

time between BIHS waves 1 and 2, and for the long period of time between BIHS 

rounds 1 and 3. In order to estimate ρY in urban areas, we combine the value estimated 

with help of rural household data with information on the relation between rural and 

urban inter-temporal correlation obtained from HIES cohort-means estimates. As can 

be seen in Table 1, the inter-temporal correlation of consumption seems to be 

consistently larger in rural areas than in urban areas for various possible cohort 

definitions. Hence, our baseline estimate of urban ρY will be the product of the rural ρY 

obtained from BIHS and the ratio between the rural and urban values according to the 

cohort definition yielding the most plausible (i.e. lowest) values for ρY.     

The analysis of poverty dynamics in the longer term is mainly complicated by the fact 

that, as opposed to the most recent period between 2010 and 2016, no contemporary 

ancillary information on ρY is available for the first decade of the century. Thus, rather 

than focusing on a particular set of estimates, several possible scenarios under 

different sets of assumptions for this parameter will be considered. While these 

scenarios do obviously not cover the universe of all possible trajectories of ρY, they are 

informative about a variety of plausible options within a reasonable range of values 

(see Figure A.3), so that major trends that hold across all of them can be reasonably 

trusted.   

In the baseline scenario, we proceed analogously as done above for urban areas in 

2010-2016. We take as a reference the value of ρY derived for rural Bangladesh in 

2010-2016 with help of the BIHS household panel survey. For a given period and area, 

we multiply this value by the ratio of the cohort-mean estimate of inter-temporal 

correlation of consumption for the period and area under consideration over that for 

rural Bangladesh in 2010-16. In the baseline scenario, this adjustment is made on the 

basis of cohort definition yielding the most plausible (i.e. lowest) values for ρY.  This 

procedure may not lead to exact estimates of ρY, but it can be expected to capture any 

hypothetical major swings in its value, while remaining anchored to a value obtained 

from actual household panel data.   
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As expected, the ratios between the estimates of ρY in various survey pairs are less 

sensitive to cohort definition than the estimates themselves, but there is still some 

variation. Hence, to examine the robustness of results to cohort choice, in a second 

scenario ρY is derived by the same procedure, but this time taking the median value of 

the adjustment ratios obtained for a set of cohort definition criteria exclusively based 

on year of birth (by groups from 1 to 5 years).   

Two further scenarios are considered. Each of them relies on only one of the two 

sources of data we have combined above. Scenario 3 disregards any information 

related to HIES cohort-means and just assumes that the inter-temporal correlation of 

income measured from BIHS data is constant across time and space. Thus, any 

changes in the inter-temporal correlation of unobserved determinants of consumption 

are not reflected in these mobility estimates. Finally, Scenario 4 uses ρY as directly 

estimated by cohort means according to the cohort definition considered for 

computing the adjustment ratios in the main scenario. While estimates based on 

cohort means tend to be noisy and too high (Hérault and Jenkins, 2019), this is a useful 

benchmark for assessing how the trends in poverty dynamics would look like under the 

assumption of a higher (and more rapidly declining) inter-temporal correlation of 

incomes, which could be applicable if BIHS panel data is severely affected by classical 

measurement error. 
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Main Results: Poverty, Extreme Poverty and 
Vulnerability Dynamics 

Recent Poverty Dynamics: 2010-2016   

In this section, we present overall estimates of poverty dynamics and vulnerability for 

rural and urban Bangladesh, as well as for the country as a whole. Table A.5 reports 

parametric upper and lower bounds for transitions in and out of poverty. As it is often 

the case for such bounds, the range of possible outcomes is rather wide. However, we 

observe that even in the most mobile scenario around 10% of households are stuck in 

persistent poverty, while in any case at least around half of the population is free from 

poverty in both periods. The bounds for conditional poverty transitions for initially 

households experiencing poverty are particularly wide, ranging approximately from 30% 

to 75%. 

 

Table 2. Point estimates of poverty dynamics in Bangladesh, 2010-16.  

a) Bangladesh, rural & urban  2016 
 

  Poor Non-Poor 

2010 Poor 13.8 18.8 

[41.6] [58.4] 

Non-Poor 11.2 56.3 

[16.6] [83.4] 
    

b) Rural Bangladesh 2016  
  Poor Non-Poor 

2010 Poor 15.9 19.7 

[44.7] [55.3] 

Non-Poor 10.9 53.5 

[16.9] [83.1] 
    

c) Urban Bangladesh 2016  
  Poor Non-Poor 

2010 Poor 8.5 16.5 

[34.1] [65.9] 

Non-Poor 12.0 63.0 

[16.0] [84.0] 
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Next, in Table 2 we provide point estimates of transitions in and out of poverty between 

2010 and 2016. Each cell denotes the sequence of states (poor or non-poor) indicated 

by its row in 2010 and its column in 2016. Numbers outside brackets represent the 

average unconditional probability (expressed in percentage terms) that a household 

finds itself in this sequence of states, which can be interpreted as the share of the 

population expected to follow it, while numbers in brackets express average transition 

probabilities conditional on the state of the household.  

The overall message conveyed by Table 2 is that mobility in Bangladesh is very high. 

This pattern is particularly pronounced for urban areas, where point estimates are very 

close to the upper mobility bound in Table A.5, and the proportion of households 

moving out of poverty is twice as large as the proportion of households suffering from 

persistent poverty. The robust path of poverty reduction in rural areas is reflected in a 

large share of households (around 20%) moving out of poverty, which almost doubles 

that of households experiencing downward mobility into poverty.   

Regarding poverty transitions conditional on the state of the household in 2010, Table 

2 supports the notion of sizable movements out of poverty, as households 

experiencing poverty are considerably more likely to exit poverty than to stay in it. Both 

poverty exit and poverty entry rates are larger in urban than in rural areas. Even in this 

environment, characterized by generally high mobility, initially non-poor households are 

very likely to stay above the poverty line six years later, as the probability of doing so 

lies almost at 85% both for rural and urban areas.          

These high mobility patterns are partly the result of the rather low values for ρY 

obtained from BIHS panel data. As a robustness check – or for readers that may prefer 

to rely on estimates exclusively derived from HIES data –, in Table A.6 we report 

synthetic panel estimates of poverty dynamics based on the most plausible cohort-

based estimates of ρY. This leads to a more conservative assessment of mobility, 

where unconditional (conditional) movements out of poverty are 2 to 3 (around 9) 

percentage points lower than in our main estimates in Table 2. However, even in this 

scenario, there is evidence of substantial mobility, and initially households experiencing 

poverty are roughly as likely to leave poverty as to stay in it. The main qualitative 

findings are thus nuanced but not radically altered by the choice of an alternative value 

for ρY.     

Note: Each cell represents the sequence of states indicated by the row in 2010 and the column in 
2016. Numbers outside brackets express unconditional probabilities (in percentage points) or 
population shares, while numbers in square brackets reflect transition probabilities conditional on 
the initial state of the household. Household head age is restricted to be between 24 and 64 in 
2010, and accordingly in 2016. These are synthetic panel estimates based on household 
characteristics in HIES 2016/7, using population weights. The national (rural) estimation sample 
has 10,663 (6,729) observations in HIES 2010 and 37,907 (26,124) in HIES 2016/7.  
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It should as well be noted that the marginal poverty rate of 25% predicted by our model 

for urban areas in 2010 clearly exceeds the actual urban poverty rate directly observed 

in HIES 2010, which lies at 21.5% for our estimation sample. This discrepancy seems 

to arise from the differences in urban population characteristics across both periods, 

documented in Table A.1., which are likely to be the product of the change in sampling 

design. First, differences between observed and predicted poverty rates for 2010 are 

much smaller for rural areas, less affected by improvements in representativeness 

between HIES 2010 and HIES 2016/7. Moreover, as shown in Table A.4, when using 

household characteristics in HIES 2010 as a basis for estimation, predicted poverty 

rates drop markedly, and poverty in 2016 is underestimated.  

Results in Table A.4 seem to minimize the importance of other potential explanations 

of the mismatch between observed and predicted poverty rates in 2010, such as 

migration or the log-normality assumption for residuals.1 Since the revamped sampling 

design in is likely to reflect urban population more accurately, artificially restricting or 

reweighting the 2016/7 urban sample to match certain characteristics in HIES 2010 

does not seem an appealing option.2 Thus, we present estimates based on 2016 

household characteristics as given in the data, noting that transitions out of poverty 

and persistent poverty might be rather somewhat overestimated. On the other hand, a 

different interpretation of the mismatch between predicted and observed poverty rates 

in 2010 is that the lukewarm reduction in urban poverty directly observable from HIES 

data might be partly explained by the changes in sampling design. 3 

Moving on with the analysis of mobility, Table A.7 gives a more detailed perspective on 

poverty dynamics by distinguishing between those households in extreme poverty (i.e. 

below the lower poverty line) and those in poverty but not in extreme poverty (i.e. 

between the lower and the upper poverty lines). We observe comparatively large flows 

out of poverty for both the extreme and the upper-line poor, which are particularly 

notable in urban areas. In rural Bangladesh, however, there is a relatively sizable 

number of households (around 8%) that remain extremely poor over both periods. 

 

1 A prediction model that does not include division dummies leads to very similar poverty rate estimates. 
Implementing the flexible calibration approach in Moreno, Bourguignon and Dang (2021) to abstract 
from the bivariate log-normality assumption that underlies the main results in this paper and match the 
residual distribution more accurately leads to an even higher predicted poverty rate in 2010. Thus, the 
observed discrepancy does not seem to arise either from assumptions on residual distribution.          

2 There is no straightforward procedure to adjust the HIES 2016/7 sample to ensure its comparability to 
HIES 2010 beyond a number of targeted or matched characteristics. Thus, such an adjustment would 
not only lead us to focus on a population that constitutes a less faithful reflection of contemporary 
Bangladesh, but also add a layer of uncertainty regarding the influence of the adjustment on the 
estimates. 

3 See Box 1 in World Bank (2019) for a discussion of the impact of measurement issues on urban poverty 
trends, which concludes that changes in the sampling frame cannot fully account for the slowdown in 
urban poverty reduction.  
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These numbers are indicative of high mobility in terms of consumption expenditure. 

We concur with Ahmed and Tauseef (2022) in finding that the incidence of transient 

extreme poverty is much larger than that of persistent extreme poverty in rural 

Bangladesh.4 Nevertheless, and even though our estimates are shaped by the low 

values of inter-temporal correlation derived from BIHS,5 the persistent poverty rates 

that we find are somewhat larger than those reported in Ahmed and Tauseef (2022), 

who find that 2.5% of the rural population suffer from chronic poverty over the three 

BIHS waves, and that between 3.8% and 5.6% of the households in the sample stay in 

extreme poverty for two consecutive waves.             

Poverty dynamics over the 2000s 

When looking at longer-term dynamics (Figure 1a)), all scenarios for different 

trajectories of the inter-temporal correlation of consumption (see Section 3.4. for 

details) point to a sizable decline of persistent poverty, which was particularly 

pronounced during the decade of the 2000s. At the start of the century, and according 

to most scenarios considered, persistent poverty affected around a quarter of the 

population. However, the country’s great economic performance has lifted over 10% of 

the Bangladeshi from persistent poverty between 2000 and 2016. The share of the 

population affected by transient poverty in each year-pair also diminishes throughout 

the study period but does so in a much less marked way. While, according to most 

scenarios, barely 40% of the Bangladeshi population would stay above the poverty line 

for two consecutive survey rounds by 2000, almost 60% succeeded to do so by 2010-

16.  

 

 

 

 

 

 

 

 

 

 

4 Ahmed and Tauseef (2022) employ the international poverty line of $1.90 per person and day. This is 
closer to the extreme poverty line than to the upper poverty line used in this paper.   

5 When using the larger inter-temporal correlation coefficient obtained from 1-Year cohort means to 
construct synthetic panel estimates, the share of households in extreme poverty over both periods is 
10.6%  in rural areas, 3.5% in urban areas and 8.55% for Bangladesh overall.   
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FIGURE 1. POVERTY DYNAMICS: 2000-2016 

a) Unconditional Poverty Dynamics 
 

 
b)  Conditional Poverty Dynamics: 2000 – 2016 
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The most salient trend in terms of conditional poverty transitions (Figure 1b)) is that a 

poor household in 2010 was more likely to leave poverty in the following survey round 

than to remain below the poverty line, while the opposite held in 2000. All scenarios 

also point to a perceptible decrease between roughly 5 to 10% in the probability for a 

non-poor household to fall into poverty.  

The levels of urban persistent poverty are consistently much lower than those for rural 

areas, but the gap has visibly narrowed.6 Rural-urban differences in the population 

share moving up and, especially, down the poverty line are much narrower throughout 

the whole period, even though conditional probabilities to leave poverty or to remain 

out of it are consistently larger in urban areas. The evident slowdown in urban poverty 

reduction over the most recent period spreads across persistent and transient poverty 

and affects both unconditional and conditional transition probabilities.         

The key trends outlined by the main scenario are robust to assuming a fixed inter-

temporal correlation of consumption ρY (Scenario 3), which for the case of 

unconditional transitions leads to a somewhat larger decline in persistent poverty and 

somewhat more muted changes in all other categories (see Figure A.4). When 

estimating poverty dynamics using the higher values for ρY directly obtained from 

cohort-means (Scenario 4), levels for the immobile categories (poor, poor) and (non-

poor, non-poor) are consistently and considerably higher than in all other scenarios. 

Trends are very similar though, albeit with a more marked deceleration in the pace of 

persistent poverty reduction.    

Poverty dynamics estimates based on final period characteristics do not seem to alter 

the main conclusions for rural Bangladesh or the country as a whole, but introduce 

certain caveats regarding developments in urban areas. In particular, they show little 

evidence of reduction in transient poverty, and suggest that the share of urban 

Bangladeshis staying above the poverty line for two consecutive survey rounds may be 

growing less vigorously than the baseline scenario would indicate. Excluding 

households living in slums (which is thought to be one of the main improvements 

introduced in HIES 2016/7) for the period between 2010 and 2016 contributes to 

reconcile trends between both sets of estimates, pointing to survey comparability 

issues as a key explanation for the observed discrepancies. While reassuring about the 

validity of the general trends described above when the underlying population is 

 

6 This description refers to the main scenario. See Figure A.4 for the remaining scenarios in rural and 
urban areas. Trends are similar.  

Note: Synthetic panel estimates, based on initial period characteristics, of transitions in and out of 
poverty as defined by the official upper poverty line. Different black lines reflect different 
assumptions on the inter-temporal correlation of income, see Section 3.4. for details. Author’s 
calculations on HIES 2000 – 2016 data.    
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comparable, this suggests that they may not be sufficiently taking into account a 

particularly vulnerable part of the urban population and underscores the importance of 

regularly updated sampling frames for the monitoring of urban poverty.   

Figure 2a) shows that persistent extreme poverty falls as well over the study period. 

However, it declines less in absolute terms than persistent poverty according to the 

upper poverty line. The opposite holds for transitions in and out of extreme poverty, 

which start the century at a quite similar level to movements up and down the upper 

poverty line but are substantially smaller by the end of the study period. Conditional 

probabilities to remain in extreme poverty (Figure 2b)) are around 10% lower than their 

upper poverty line counterparts. 

Perhaps the sharpest contrast of these findings with the existing literature is the 

remarkable decline in rural persistent poverty during the late 2000s, as opposed to the 

stagnation documented in Balagtas et al. (2014).7 As they argue, their results are likely 

strongly influenced by the spike of commodity prices around 2008. This is a useful 

reminder that, even if dynamic, an analysis based on two distant snapshots of living 

standards is likely to underestimate the scope of transient poverty and the welfare 

losses that different shocks inflict on the vulnerable in the meantime (Merfeld and 

Morduch, 2023).   

 

7 Even though results are not strictly comparable (survey design, measure of living standards, use of 
population weights etc.), our estimates for persistent poverty in rural Bangladesh between 2000 and 
2005 are remarkably close to those reported by Balagtas et al. (2014) for 2000 - 2004, while our 
estimates of transient poverty are higher by around 5 percentage points.     
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FIGURE 2. EXTREME POVERTY DYNAMICS: 2000 – 2016  

a) Unconditional Extreme Poverty Dynamics 

  

b) Conditional Extreme Poverty Dynamics 

 

  

 

Note: Synthetic panel estimates, based on initial period characteristics, of transitions in and out of 
poverty as defined by the official lower (or extreme) poverty line. Different black lines reflect 
different assumptions on the inter-temporal correlation of income, see Section 3.4. for details. 
Author’s calculations on HIES 2000 – 2016 data.    
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Growth elasticity of transient and persistent poverty reduction 

Next, we turn to the link between economic growth and poverty dynamics. As in Ram 

(2011), we simply quantify how economic growth has translated into poverty reduction 

given its actually existing distributional incidence.8 Growth elasticities express poverty 

reduction as a share of the initial poverty rate, while growth semi-elasticities (Arndt et 

al., 2018) reflect the change of poverty rates as a share of the overall population and 

are hence independent from initial poverty rates.  

Table 3. Growth elasticities and semi-elasticities 
 

Poverty Concept Upper Poverty Line Extreme Poverty  
Elasticity Semi-elasticity Elasticity Semi-elasticity 

a) Poverty Elasticity to GDP Growth: 2000-2016 

 
Poverty Rate  -0,49 -0,24 -0,61 -0,21  

Persistent -0,75 -0,18 -0,93 -0,12  
Transient  -0,34 -0,12 -0,61 -0,19 

b) Trends over time 

2000/05 - 2005/10 Persistent  -1,22 -0,29 -1,48 -0,19 

Transient  -0,40 -0,15 -0,76 -0,24 

2005/10 - 2010/16 Persistent  -0,79 -0,13 -1,12 -0,09 

Transient  -0,42 -0,14 -0,77 -0,20 

c) Poverty Elasticity to average consumption growth, by area 

National Persistent  -2,38 -0,57 -2,96 -0,38 

Transient  -1,09 -0,40 -1,93 -0,61 

Rural  Persistent  -2,10 -0,56 -2,63 -0,37 

Transient  -0,92 -0,34 -1,72 -0,56 

Urban  Persistent  -4,01 -0,54 -5,23 -0,36 

Transient  -2,13 -0,72 -3,36 -0,91   

Results in Panel A of Table 3 show that for 1% growth of real GDP per capita (which 

grew on an average of 4.4.% per year over the study period), the share of poor was 

reduced by around 0.2% of the population, or half a point relative to the poverty rate. 

This is somewhat higher than the particularly low elasticities reported in Ram (2011) 

for South Asia, but still below average in international comparison. The novel feature of 

 

8 This differs from most papers in this literature, recently reviewed in Ravallion (2022), which aim to 
disentangle the effects of growth in mean incomes on poverty reduction from those of changes in 
inequality. 

Source: GDP per capita growth from data in constant local currency unit from the World 
Development Indicators. Poverty rates from own estimation using HIES data. Note: For dynamic 
poverty elasticities, growth rates are computed between average real GDP per capita (or mean 
consumption) in each of the periods. Consumption means computed over the estimation sample.    
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this work is that it allows us to compute separate elasticities for persistent and 

transient poverty. Persistent poverty is substantially more responsive to growth than 

transient poverty (0.75 vs 0.37). The same pattern holds for the elasticity of extreme 

poverty, but not for its semi-elasticity, as the reduction in transient extreme poverty was 

larger in absolute terms over the study period. It is also noteworthy that, as shown by 

Panel B, persistent poverty has become less responsive to economic growth over the 

study period, while the elasticity of transient poverty has remained broadly constant.  

One explanation for these low elasticities is that increases in GDP are known not to 

imply equally large increases of average consumption, as measured by household 

surveys. In fact, the elasticity of poverty reduction to the growth of average 

consumption growth in HIES is around three times larger. 9 Looking at mean 

consumption allows us to distinguish between rural and urban areas, with the latter 

showing larger elasticities and semi-elasticities. Thus, the larger decline in poverty 

rates in rural areas during the study period is essentially a product of faster growth in 

average consumption rather than its distributional incidence.   

Vulnerability 

We turn now to the analysis of vulnerability. We set a vulnerability index P2 = 0.20, 

implying that the risk of downward mobility into poverty for the vulnerable population is 

20%. This leads to a vulnerability line of BDT 4490 monthly per capita consumption, 

which is 97.4% higher than the upper poverty line. This line is thus extremely similar to 

the vulnerability concept employed in World Bank (2019a), where the vulnerability line 

is set at twice the amount of the poverty line. 

 

9 The numbers in Table 3 correspond to the baseline scenario in Figures 1 and 2. These patterns are stable 
across the different sets of assumptions explored in the paper, as shown in Table A.8. 
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FIGURE 3. VULNERABILITY: 2000 TO 2016  

Note: The figure divides the total population in HIES 2000, 2005, 2010 and 2016 according to their 

situation with respect to the official lower (extreme) poverty line, the upper poverty line and a 

vulnerability line calculated with help of HIES 2010 and 2016, taking a vulnerability index of 20%. 

This results in a vulnerability line of BDT 4490 per capita monthly consumption in 2016. 

We can thus divide the population into four groups comparing real per capita 

consumption (expressed in 2016 BDT) to this vulnerability line: extremely poor, poor 

(but not extremely poor), vulnerable and secure. The most apparent pattern when 

looking at the evolution of living standards in Bangladesh through this lens in Figure 3 

is the marked decline of extreme poverty both in urban and rural areas. This reduction 

in extreme poverty, and to a lesser extent in less severe poverty, is translated into a 

growing share of both vulnerable (from 39% in 2000 to 52% in 2016) and secure 

households (from 12% to 23%). In rural areas, the share of secure households more 

than doubled over the study period, with growth being particularly pronounced between 

2010 and 2016. Poverty reduction in urban areas has instead mainly been translated 

into an increasing proportion of vulnerable households, which make up around 50% of 

the population both in rural and urban areas in 2016. Nevertheless, the share of secure 

households remains notably larger in urban Bangladesh.  
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Table 4. Vulnerability dynamics in Bangladesh, 2010-16. 

a) Bangladesh, Rural & Urban 2016 
 

  poor vulnerable secure 

2010 poor 13.8 15.6 3.1 

[41.6] [48.1] [10.3] 

vulnerable 10.0 27.2 12.8 

[20.0] [54.2] [25.8] 

secure 1.2 7.0 9.3 

[6.4] [41.1] [52.5] 
     

b) Rural Bangladesh 2016 
 

  poor vulnerable secure 

2010 poor 15.9 16.9 2.8 

[44.7] [47.5] [7.8] 

vulnerable 10.1 28.7 12.3 

[19.7] [56.2] [24.1] 

secure 0.8 5.7 6.8 

[5.7] [43.0] [51.3] 
     

c) Urban Bangladesh 2016 
 

  poor vulnerable secure 

2010 poor 8.5 12.5 4.0 

[34.0] [49.8] [16.2] 

vulnerable 9.8 23.4 14.2 

[20.7] [49.4] [30.0] 

secure 2.2 10.1 15.3 

[8.1] [36.5] [55.4] 

 

Turning to dynamics between 2010 and 2016, Table 4 reports transitions according to 

a more detailed classification that splits the non-poor population in two categories: 

vulnerable and secure. The share of households experiencing transitions from poverty 

to security or vice versa is very small, and conditional poverty entry probabilities are 2.5 

 

Note:  Each cell represents the sequence of states indicated by the row in 2010 and the column in 
2016. Numbers outside brackets express unconditional probabilities (in percentage points) or 
population shares, while numbers in square brackets reflect transition probabilities conditional on 
the initial state of the household. The vulnerability line is calculated by taking a vulnerability index 
of 20%. This results in a vulnerability line of BDT 4490 per capita monthly consumption in 2016. 
Household head age is restricted to be between 24 and 64 in 2010. These are synthetic panel 
estimates based on household characteristics in HIES 2016/7, computed using population weights. 
The national (rural) estimation sample has 10,663 (6,729) observations in HIES 2010 and 37,907 
(26,124) in HIES 2016/7.  
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to 4 times larger for the initially vulnerable than for the initially secure. Also, households 

experiencing poverty leaving poverty are much more likely to transition to a vulnerable 

status rather than to directly upgrade to a secure consumption level, which 

underscores the fragility of recent gains in poverty reduction. These differences are 

larger for rural areas. While most initially vulnerable households remain vulnerable in 

the next period, in urban areas their likelihood of moving up to income security is 

substantially larger than the risk of downward mobility into poverty they face.    
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Profiles of Persistent Poverty and Vulnerability 
in Bangladesh 

Division 

We take advantage of the large sample size and sub-national representativeness of 

HIES 2016/7 to produce maps (Figure 4) that illustrate the regional distribution of 

recent poverty dynamics for urban and rural parts of the seven divisions already 

existing in 2010. Looking at rural areas in Figure 4a), the eastern divisions of 

Chittagong and, especially, Sylhet stand out with particularly low levels of persistent 

poverty relative to the national rural average (77% and 64%, respectively, see Table A.9. 

for point estimates). In the case of Sylhet, this is partly the consequence of substantial 

recent progress in poverty reduction, as reflected in the above-average conditional 

poverty exit rate in Figure 4c). On the other extreme, Rangpur shows very high levels of 

persistent poverty and poverty exit rates below 75% of the national average. In Khulna 

and Rajshahi, downward mobility into poverty seems to be particularly relevant in 

relative terms, as persistent poverty is below average but poverty in 2016 is not. 

Figure 4. Poverty dynamics by division: 2010-2016
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Note: The two upper figures show synthetic panel estimates of the absolute probability of being below the poverty 
line in both 2010 and 2016. The two lower figures show synthetic panel estimates of the probability of being above 
the poverty line in 2016, conditional on having been below the poverty line in 2010. Probabilities expressed as 
percentage points. 

 
Figure 5. Vulnerable and secure population by division  
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Note: These figures show the share of the vulnerable and secure population in 2016. The 
vulnerability line is calculated by taking a vulnerability index of 20%, which results in a 
vulnerability line of 4490 BDT per capita monthly consumption in 2016. Note that the thresholds are 
different for rural and urban areas, the numbers on the legend denote the upper bound for each 
category.  

 

Figures 4b) and 4d) reveal that differences across divisions are more pronounced in 

urban areas. Chittagong and Sylhet seem to be faring relatively well also in terms of 

persistent urban poverty, and in this case, Dhaka shows comparably low levels, coupled 

with the highest conditional poverty exit rates. The urban areas of Rajshahi and, 

especially, Khulna suffer from a worse poverty dynamics outlook than the country 

overall. Persistent poverty rates in Barisal exceed 18%, more than doubling those of 

urban Bangladesh overall. They are even larger than those in Rangpur, even though 

conditional poverty exit probabilities are somewhat larger in urban Barisal than in 

Rangpur.  

Figure 5 classifies regions by the share of vulnerable and secure population in 2016. 

Vulnerability seems to be fairly spread out across all divisions in rural Bangladesh, 

except in Rangpur, where not many households reach even that level of consumption. 

Rural divisions with high levels of persistent poverty are characterized by low levels of 

income security, and vice versa. Regarding urban areas, Dhaka displays the highest 

levels of income security. On the other hand, Chittagong stands out with relatively low 

levels of income security coupled with a large share of vulnerable population. 
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Overall, our analysis reveals remarkable differences by division, which are consistent 

with the warning in World Bank (2019a) about the East-West poverty divide.         

 Household Characteristics  

The main goal of this sub-section is to illustrate how different household 

characteristics such as employment, education (Figure 6) and demographic 

characteristics (Figure 7) are related to poverty dynamics and vulnerability. With that 

purpose, we provide separate estimates for specific groups (e.g., households mainly 

employed in agriculture) and compare their distribution across different categories 

(persistent poverty, conditional poverty exit probability, vulnerability and income 

security) with the national average for rural or urban areas for the recent period 

between 2010 and 2016. This analysis is complemented with insights on how the 

relative incidence of persistent poverty for different groups of households has evolved 

over time since 2000. For a selected number of characteristics, Figure 8 depicts the 

ratio of the persistence poverty rate for a given group over the rate for a relevant 

reference group (e.g., households engaged in the service sector vs. households mainly 

employed in agriculture).10 

We first look at characteristics related to the education and employment of household 

members in Figure 6. There is a clear and steep educational gradient in poverty 

dynamics. It is particularly pronounced in urban areas, where households in which no 

adult received any formal education are almost twice as likely to be persistently poor 

than the average urban household. The relative disadvantage in terms of persistent 

poverty associated to low levels of education remains largely constant over time. 11 On 

the other hand, persistent poverty rates for households in which average years of 

education over all adult members correspond to at least a secondary degree are at 

levels below 40% of the national average. Consistently, these households are also more 

likely than average to leave poverty. Interestingly, in urban areas only a high school 

degree or higher is associated to very high levels of income security, while in rural 

areas such an association is also observable for average education levels 

corresponding to any secondary school degree.  

 

 

10 The national average is not an adequate benchmark when looking at changes over time because it is 
also influenced by the share of the different groups in the population, which varies over time. 

11 There are some signs of a slightly narrowing gap towards the end of the study period, especially when 
looking at profiles computed on the basis of final period characteristics, presented in Figure A.5. All 
patterns described in this section are robust to using initial or final period characteristics.  
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Figure 6. Poverty dynamics and vulnerability status by education and employment  

a) Rural Bangladesh 

 

b) Urban Bangladesh 

 
Note: Estimates show the ratio of the probability of falling into each category relative to the overall 
synthetic panel estimates for rural/urban areas of persistent poverty (15.9% / 8.5%), poverty exit 
conditional on being initially poor (55.3% / 66.0%), vulnerability in 2016 (51.3%/45.9%) and security 
in 2016 (21.9%/33.5%).  Education level is that corresponding to the average number of years of 
schooling over adult household members. Rural households with any member carrying out their 
main activity outside agriculture are assigned to the corresponding sector. Urban households 
assigned to the sector where most members carry out their main activity. For employment type, the 
household member with the highest ranked main activity determines the classification of the 
household. Non-agricultural activities are ranked higher than agricultural employment, within 
sectors wage employment is ranked above self-employment and, finally, casual labour.    
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Regarding the sector where household members carry out their main economic 

activity,12 Figure 6 shows that agriculture is associated with more negative poverty 

dynamics. That link is stronger in urban areas,13 where a household engaged in 

agriculture as a main activity is around 50% more likely to suffer from persistent 

poverty and around 50% less likely to be economically secure. Services is the sector 

associated to more favourable poverty dynamics, particularly in rural Bangladesh, 

where the incidence of persistent poverty since 2000 has remained stable at levels 

around 80% of those observed for the agricultural sector. In addition, households 

mostly working in the service sector are 25% more likely than average to be 

economically secure in 2016. Households mainly employed in industry and 

manufacturing fare similarly to the average household, as their relative advantage over 

agricultural households in rural areas has faded since 2000. In urban areas there 

seems to be a certain association between the secondary sector and economic 

vulnerability (as opposed to security). 

Beyond the economic sector where the household is mainly engaged in, employment 

status also has a close relationship to poverty dynamics and vulnerability status. 14 The 

situation in the urban sector is characterized by a sharp contrast between non-

agricultural labour, associated to even more unfavourable poverty dynamics than those 

for the agricultural sector, and non-agricultural wage employment, resulting in often 

economically secure and rarely persistentlyhouseholds experiencing poverty. The gap 

between these two types of households remains large in 2016 but has almost halved 

since the start of the century, when households engaged in casual labor were almost 

four times more likely to find themselves in persistent poverty. Persistent poverty rates 

among self-employed households have also tended to converge towards the levels 

observed for households with a member in wage employment.  

In rural areas, households with members engaged in non-agricultural labour are also 

worse-off than average, but not as clearly as in urban Bangladesh. The differences in 

persistent poverty rates between households in non-agricultural activities and those 

 

12 The main economic activity is defined over hours worked in it. Rural households with any member 
carrying out their main activity outside agriculture are assigned to the corresponding sector, while urban 
households are assigned to the sector where most members carry out their main activity.  

13 Contrary to what might be thought, working mostly in the agricultural sector is not a situation concerning 
just a few urban households, but 10% of the urban population in our 2016 sample.  

14 For employment type, the household member with the highest-ranked main activity determines the 
classification of the household. All non-agricultural occupations are ranked higher than agricultural 
employment. Within sectors wage employment is ranked above self-employment and, finally, casual 
labour. Alternative definitions, or considering the main occupation of the household head, lead to very 
similar results. 
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self-employed in agriculture have diminished over time. Households whose heads are 

agricultural labourers are disproportionately represented among the persistently poor 

population, and increasingly so, as well as very rarely economically secure in 2016. On 

the other hand, the situation of self-employed agricultural households (that is, small-

scale cultivators) is slightly better than that of the average household in rural 

Bangladesh. On a similar note, landowners suffer less from persistent poverty and are 

found relatively often among secure households at the top of the distribution. 

Access to remittances and even more so to formal bank accounts seems to be mainly 

reserved to economically secure households. On the other hand, households that 

engage with credit or microfinance institutions are characterized by persistent poverty 

rates that are slightly above average, and conditional poverty exit rates that are 

somewhat smaller than those estimated for the average Bangladeshi household.                  

Unsurprisingly, households living in urban slums are 50% more likely than average to be 

persistently poor and very unlikely to reach economic security. This emphasizes the 

importance of adequately taking into account those households for any assessment of 

urban poverty levels and trends, as achieved by the improvements to sampling design 

implemented in HIES 2016/7.  

Figure 7 focuses on demographic characteristics. Both in urban and rural areas, 

households with younger household heads fare worse than those led by older 

members in terms of persistent poverty, conditional probabilities to leave poverty and 

economic security. In addition, the persistent poverty gap between households with 

younger and older heads has widened moderately since 2000.      

Figure 7. Poverty dynamics and vulnerability status by demographic characteristics 

a) Rural Bangladesh 
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b) Urban Bangladesh 

 
Note: Estimates show the ratio of the probability of falling into each category relative to the overall 

synthetic panel estimates for rural/urban areas of persistent poverty (15.9% / 8.5%), poverty exit 

conditional on being initially poor (55.3% / 66.0%), vulnerability in 2016 (51.3%/45.9%) and security 

in 2016 (21.9%/33.5%). The share of dependents reflects the share of individuals younger than 15 or 

older than 65 over total household size. 

Both in rural and urban areas, female headed households experience below-average 

levels of persistent poverty, which lies at around 60% to 70% of the national average. In 

rural areas, they also enjoy from higher conditional poverty exit rates, and are 

disproportionately found in the economically secure segment. However, these findings 

do not translate into households with a larger share of female adult members enjoying 

particularly high living standards. Hindu households suffer from increasingly higher 

persistent poverty and somewhat lower poverty exit rates across the country and are 

disproportionately likely to be found in vulnerability status in urban areas.  
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Figure 8. Persistent poverty by household characteristics: 2000- 2016 

 

 

Household size and the share of dependent individuals are strongly negatively 

associated with economic security. Households with a larger share of dependents are 

more often persistently poor, although this connection is not too strong in rural areas 

and has been weakening over time in urban Bangladesh. Small households with three 

or less individuals enjoy the most favourable economic situation, but large households 

with six or more members are less commonly found in persistently poverty than mid-

sized households, especially in rural areas. 

The relation of these different household characteristics with poverty dynamics in rural 

Bangladesh is broadly consistent with the findings in Ahmed and Tauseef (2022) using 

the three waves of BIHS panel data. While their results on the role played by education, 

non-farm employment, age and remittances for reducing poverty resonate with those in 

Note: Estimates show the ratio of the incidence of persistent poverty (as an unconditional 
probability) for a given category relative to the incidence for an appropriate reference group. These 
are synthetic panel estimates, based on the initial period characteristics for each year-pair (except 
for categories related to employment type). The agricultural (service) sector is the reference sector 
for rural (urban) areas, and agricultural self-employment (wage employment) is the reference 
employment type. Rural households with any member carrying out their main activity outside 
agriculture are assigned to the corresponding sector. Urban households assigned to the sector 
where most members carry out their main activity. For employment type, the household member 
with the highest ranked main activity determines the classification of the household. Non-
agricultural activities are ranked higher than agricultural employment, within sectors wage 
employment is ranked above self-employment and, finally, casual labour. The share of dependents 
reflects the share of individuals younger than 15 or older than 65 over total household size. 
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this paper, they have contrasting findings for women-headed households. However, 

this discrepancy is likely a consequence of their focus on households headed by a 

woman without a spouse.  



POVERTY DYNAMICS AND VULNERABILITY DURING A GROWTH EPISODE. EVIDENCE FROM BANGLADESH: 2000 - 
2016 

© Data & Evidence to End Extreme Poverty 37 

Discussion 

In this paper, we have studied poverty dynamics and vulnerability in Bangladesh at the 

start of the twenty-first century, a period characterized by strong economic growth and 

rapidly improving living standards. Focusing on the most recent developments 

between 2010 and 2016, our estimates suggest that around 14% of the population 

suffered from persistent poverty, while around 6.5% of Bangladeshis remained 

persistently extremely poor. The incidence of persistent rural poverty doubled that of 

persistent urban poverty, which is explained both by lower urban poverty levels and by 

higher mobility in urban areas. Transient poverty is estimated to have affected close to 

30% of the population over this recent period.  

In light of the limited comparability of the last available HIES round and the uncertainty 

around the key inter-temporal correlation parameter governing poverty dynamics, 

mitigated here by resorting to a household panel, the concrete values of our point 

estimates should be interpreted with the necessary caution. However, when looking 

back to the start of the century, several long-term trends seem robust to various 

methodological choices. We observe a striking reduction in persistent poverty, and to a 

lesser extent transient poverty, mainly driven by rural areas. By contrast, the reduction 

of transient extreme poverty has played a relatively more prominent role for the case of 

extreme poverty.  

Currently, public discussion and policymaking efforts are focused on mitigating the 

negative consequences of the pandemic and contributing to an inclusive economic 

recovery. Admittedly, the type and scope of the economic shocks recently suffered by 

households are surely very different from those the commonly face in ´normal´ times. 

However, there are several ways in which the lessons from our analysis of poverty and 

vulnerability dynamics during the ´good days´ have the potential to inform policy in the 

current situation.  

First, around half of the population in Bangladesh was classified as economically 

vulnerable in 2016, so that a large share of households was susceptible to be pushed 

down into poverty by an adverse shock. In fact, the (gradually slowing) decline of urban 

poverty since 2000 had been translated into a growing vulnerable urban population. 

Second, some of the households thought to have been most affected by the 

consequences of Covid-19, such as landless labourers (Egger et al., 2021), those 

residing in slums (Ruszczyk et al., 2021; Rahman et al., 2022) or informally employed 

as casual labourers (Ahmed et al., 2021), faced already a particularly adverse situation 
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in terms of poverty dynamics before the onset of the pandemic, which is very likely to 

have been compounded by recent developments.  

Finally, it is important to keep in mind that already in absence of a major shock such as 

a pandemic, a sizable share of the population moves up and down the poverty line. In 

fact, one of the main conclusions that emerge from this analysis is that the 

Bangladeshi economy, particularly in its urban areas, is characterized by a high level of 

mobility. Consequently, one should thus not think of the Bangladesh experience in 

poverty reduction as households uniformly increasing their levels of consumption until 

indefinitely escaping poverty, but rather as the product of a gradual increase of living 

standards, taking place while many households at the bottom of the income 

distribution fluctuate around the poverty line. This characterization underscores the 

value that social safety nets and other coping mechanisms can have for the people 

living in poverty and those vulnerable to poverty even during ‘good times’ characterized 

by robust growth and impressive poverty reduction.  
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APPENDIX A. ADDITIONAL TABLES AND FIGURES 

Table A.1. Summary Statistics, HIES 2000-2016 

  HIES 2000 HIES 2005 HIES 2010 HIES 2016/7 

  Rural Urban Rural Urban Rural Urban Rural Urban 

  mean std ,err, mean std, err, mean std, err, mean std, err, mean std ,err, mean std, err, mean std, err, mean std, err, 
log p.c. consumption 7.733 0.015 8.024 0.032 7.844 0.012 8.111 0.036 7.925 0.011 8.173 0.033 8.033 0.007 8.186 0.024 

Age  43.890 0.189 43.661 0.254 45.894 0.183 44.185 0.360 45.261 0.165 44.537 0.296 46.108 0.127 39.025 0.205 

Female 0.059 0.004 0.076 0.007 0.075 0.004 0.069 0.005 0.110 0.005 0.091 0.009 0.092 0.004 0.097 0.005 
Hindu 0.090 0.011 0.072 0.012 0.102 0.012 0.083 0.013 0.106 0.010 0.095 0.017 0.097 0.008 0.098 0.013 

Buddhist 0.002 0.002 0.005 0.004 0.018 0.006 0.004 0.003 0.009 0.004 0.001 0.001 0.011 0.004 0.006 0.002 

No Formal Educ. 0.621 0.011 0.393 0.021 0.599 0.009 0.342 0.023 0.587 0.009 0.348 0.022 0.524 0.006 0.387 0.017 
Some Primary 0.047 0.004 0.046 0.006 0.046 0.003 0.050 0.005 0.060 0.003 0.055 0.006 0.096 0.004 0.072 0.004 

Compl. Primary 0.102 0.006 0.105 0.009 0.109 0.005 0.096 0.007 0.101 0.004 0.100 0.007 0.115 0.003 0.098 0.006 

Some Junior Sec. 0.045 0.004 0.050 0.005 0.043 0.003 0.045 0.006 0.044 0.003 0.049 0.006 0.059 0.002 0.058 0.004 

Compl. Junior Sec. 0.035 0.003 0.063 0.006 0.048 0.003 0.066 0.006 0.045 0.003 0.061 0.006 0.053 0.002 0.064 0.005 
Some Middle Sec. 0.046 0.004 0.070 0.007 0.050 0.003 0.063 0.005 0.055 0.003 0.062 0.005 0.050 0.002 0.062 0.004 

Comp. Middle Sec. 0.082 0.005 0.156 0.011 0.053 0.004 0.122 0.012 0.058 0.004 0.112 0.008 0.052 0.002 0.091 0.007 

Comp. High Sec. 0.019 0.003 0.108 0.012 0.027 0.002 0.070 0.007 0.025 0.002 0.068 0.008 0.025 0.001 0.065 0.005 
Tertiary Educ 0.002 0.001 0.010 0.002 0.025 0.002 0.147 0.020 0.026 0.002 0.146 0.019 0.025 0.001 0.101 0.010 

Female # Med Educ 0.009 0.001 0.018 0.003 0.017 0.002 0.016 0.003 0.026 0.002 0.026 0.003 0.025 0.001 0.027 0.002 

Female # High Educ 0.001 0.000 0.002 0.001 0.003 0.001 0.011 0.003 0.005 0.001 0.018 0.004 0.005 0.001 0.015 0.003 
Division: Barisal 0.078 0.002 0.030 0.001 0.071 0.002 0.038 0.001 0.071 0.001 0.040 0.002 0.070 0.001 0.036 0.001 

Division: Chittagong 0.195 0.004 0.202 0.006 0.197 0.003 0.193 0.007 0.193 0.003 0.181 0.005 0.213 0.009 0.239 0.020 

Division: Dhaka 0.267 0.004 0.510 0.007 0.265 0.004 0.492 0.007 0.266 0.003 0.499 0.006 0.250 0.005 0.450 0.015 
Division: Khulna 0.126 0.003 0.091 0.004 0.124 0.002 0.095 0.003 0.126 0.002 0.102 0.003 0.110 0.002 0.083 0.004 

Division: Rajshahi 0.128 0.016 0.095 0.018 0.135 0.015 0.088 0.011 0.141 0.014 0.086 0.010 0.130 0.003 0.093 0.004 

Division: Rangpur 0.132 0.017 0.052 0.019 0.136 0.015 0.060 0.011 0.134 0.015 0.056 0.010 0.124 0.002 0.054 0.002 

Division: Sylhet 0.074 0.002 0.020 0.000 0.073 0.002 0.034 0.002 0.069 0.002 0.036 0.001 0.104 0.002 0.045 0.002 
N 4497 2210 5867 3444 7228 4164 26124 11783 

Note: Descriptive statistics for households in the estimation sample for any of the year-pairs. Means and their standard errors estimated accounting for complex 
survey structure. Per capita consumption adjusted for temporal and spatial price variation, in 2016 prices, "Medium education" includes levels between completed 
primary and some middle secondary school. Households assigned to the division they would belong according to the administrative boundaries in 2010. Western 
divisions include Khulna, Rajshahi and Rangpur.
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Table A.2. Prediction models for household consumption. Regression results 2000-2005 

 HIES 2000: 
 Rural 

HIES 2000: 
 Urban 

HIES 2005: 
 Rural 

HIES 2005: 
 Urban 

Age in 2000 -0.018*** -0.017** 0.010** 0.012* 
 (0.005) (0.008) (0.004) (0.007) 

Age in 2000, squared 0.0002*** 0.0003*** -3.66e-05 -5.47e-05 

 (5.30e-05) (8.88e-05) (4.94e-05) (7.81e-05) 
Female 0.068*** 0.141*** 0.164*** 0.155*** 

 (0.025) (0.040) (0.021) (0.036) 
Hindu 0.023 0.055 -0.091*** -0.105*** 

 (0.022) (0.037) (0.019) (0.027) 

Buddhist 0.102  -0.101**  
 (0.139)  (0.041)  

Some Primary 0.204*** 0.264*** 0.222*** 0.238*** 
 (0.031) (0.048) (0.028) (0.042) 

Comp. Primary 0.172*** 0.312*** 0.185*** 0.239*** 

 (0.022) (0.035) (0.020) (0.032) 
Some Junior Sec. 0.247*** 0.272*** 0.252*** 0.334*** 

 (0.031) (0.048) (0.029) (0.042) 
Comp. Junior Sec. 0.311*** 0.463*** 0.320*** 0.444*** 

 (0.035) (0.043) (0.027) (0.037) 

Some Middle Sec. 0.358*** 0.526*** 0.382*** 0.540*** 
 (0.031) (0.040) (0.027) (0.035) 

Comp. Middle Sec. 0.511*** 0.782*** 0.491*** 0.584*** 

 (0.024) (0.030) (0.026) (0.031) 
Comp. High Sec. 0.738*** 1.117*** 0.678*** 0.773*** 

 (0.046) (0.035) (0.035) (0.035) 
Tertiary  0.861*** 1.183*** 0.674*** 1.004*** 

 (0.147) (0.101) (0.038) (0.028) 

Female # Medium Educ. 0.219*** 0.131 0.236*** 0.237*** 
 (0.066) (0.080) (0.049) (0.070) 

Female # High Educ. 0.208 0.348** 0.041 0.063 
 (0.173) (0.158) (0.111) (0.088) 

Division: Chittagong 0.115*** 0.092** 0.207*** 0.203*** 

 (0.025) (0.040) (0.024) (0.037) 
Division: Dhaka 0.059** 0.197*** 0.257*** 0.270*** 

 (0.023) (0.037) (0.022) (0.035) 
Division: Khulna 0.121*** -0.029 0.164*** 0.119*** 

 (0.027) (0.042) (0.025) (0.038) 

Division: Rajshahi 0.064** 0.057 0.146*** 0.069* 
 (0.026) (0.044) (0.025) (0.040) 

Division: Rangpur -0.110*** -0.214*** 0.042* -0.055 
 (0.026) (0.058) (0.025) (0.042) 

Division: Sylhet 0.204*** -0.063 0.285*** 0.276*** 

 (0.031) (0.084) (0.031) (0.051) 
     

Observations 4,497 2,210 5,385 3,149 
R-squared 0.206 0.452 0.240 0.397 

  

Note: The dependent variable is the logarithm of real consumption expenditure per capita, spatially and 
temporally deflated. Regressions estimated accounting for complex survey structure. Robust standard errors in 
parentheses. Stars signal conventional significance levels. The excluded categories are "No formal education" 
and “Barisal” division. "Medium education" includes levels between completed primary and some middle 
secondary school. 

Source: Author's calculations from HIES 2000 and HIES 2005 data. 
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Table A.3. Prediction models for household consumption. Regression results 2010-2016 

 HIES 2010: 
 Rural 

HIES 2010: 
 Urban 

HIES 2016: 
 Rural 

HIES 2016: 
 Urban 

Age in 2010 0.007* 0.013** 0.023*** 0.026*** 
 (0.004) (0.006) (0.002) (0.003) 

Age in 2010, squared 1.10e-05 -6.16e-05 -0.0002*** -0.0002*** 

 (4.69e-05) (6.70e-05) (2.34e-05) (3.87e-05) 
Female 0.104*** 0.111*** 0.114*** 0.090*** 

 (0.017) (0.031) (0.010) (0.018) 
Hindu -0.082*** -0.056** -0.048*** -0.071*** 

 (0.017) (0.023) (0.010) (0.014) 

Buddhist 0.142***  -0.250***  
 (0.053)  (0.017)  

Some Primary 0.084*** 0.175*** 0.107*** 0.126*** 
 (0.022) (0.034) (0.010) (0.018) 

Comp. Primary 0.197*** 0.226*** 0.168*** 0.176*** 

 (0.021) (0.026) (0.011) (0.016) 
Some Junior Sec. 0.264*** 0.194*** 0.216*** 0.208*** 

 (0.028) (0.035) (0.014) (0.021) 
Comp. Junior Sec. 0.284*** 0.346*** 0.297*** 0.317*** 

 (0.028) (0.031) (0.014) (0.019) 

Some Middle Sec. 0.339*** 0.451*** 0.299*** 0.344*** 
 (0.026) (0.031) (0.015) (0.019) 

Comp. Middle Sec. 0.384*** 0.625*** 0.358*** 0.476*** 

 (0.028) (0.027) (0.016) (0.017) 
Comp. High Sec. 0.539*** 0.764*** 0.464*** 0.562*** 

 (0.037) (0.030) (0.020) (0.019) 
Tertiary  0.624*** 0.912*** 0.559*** 0.800*** 

 (0.037) (0.024) (0.021) (0.016) 

Female # Medium Educ. 0.085** 0.218*** 0.158*** 0.151*** 
 (0.036) (0.051) (0.021) (0.030) 

Female # High Educ. 0.071 0.168*** 0.322*** 0.157*** 
 (0.068) (0.058) (0.041) (0.039) 

Division: Chittagong 0.075*** 0.351*** 0.068*** 0.239*** 

 (0.022) (0.032) (0.011) (0.020) 
Division: Dhaka 0.021 0.223*** 0.072*** 0.267*** 

 (0.021) (0.030) (0.011) (0.018) 
Division: Khulna 0.092*** 0.217*** 0.060*** 0.127*** 

 (0.024) (0.033) (0.012) (0.019) 

Division: Rajshahi 0.122*** 0.202*** 0.049*** 0.191*** 
 (0.025) (0.034) (0.013) (0.021) 

Division: Rangpur -0.068*** 0.203*** -0.129*** 0.095*** 
 (0.025) (0.037) (0.013) (0.021) 

Division: Sylhet 0.160*** 0.396*** 0.234*** 0.294*** 

 (0.026) (0.044) (0.014) (0.025) 
West # Medium Educ. -0.045*  -0.047***  

 (0.026)  (0.013)  
West # High Education 0.069**  -0.017  

 (0.035)  (0.020)  

     
Observations 6,729 3,934 26,124 11,783 

R-squared 0.189 0.393 0.161 0.251 

  

Note: The dependent variable is the logarithm of real consumption expenditure per capita, spatially and 
temporally 

deflated. Regressions estimated accounting for complex survey structure. Robust standard errors in 
parentheses. Stars signal conventional significance levels. The excluded categories are "No formal education" 
for education and "Barisal" for division. "Medium education" includes levels between completed primary and 
some middle secondary school. Western divisions include Khulna, Rajshahi and Rangpur. 

Source: Author's calculations from HIES 2010 and HIES 2016/7 data. 
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Table A.4. Unconditional poverty dynamics in Bangladesh, 2010-16, alternative methodological 

choices 

Panel A: Rural Bangladesh     

  P, NP NP, P NP, NP P,P Pov.  2010 Pov. 2016  

Baseline 19.69 10.85 53.54 15.92 35.61 26.77 

ρ BIHS, short 18.81 9.97 54.42 16.80 35.61 26.77 

No division in model 19.97 10.81 53.23 15.98 35.95 26.80 

2010 characteristics 19.14 10.70 55.15 15.01 34.15 25.71 

1 Model for full country 18.67 10.00 55.10 16.23 34.90 26.23 

No residual log-normality 19.89 10.87 53.38 15.85 35.74 26.73 

Age Head in HIES 2010: 24-54 20.09 10.96 52.40 16.55 36.64 27.51 

Panel B: Urban Bangladesh     

  P, NP NP, P NP, NP P,P Pov.  2010 Pov. 2016  

Baseline 16.52 12.00 62.96 8.53 25.04 20.52 

ρ BIHS, short 15.88 11.36 63.60 9.17 25.04 20.52 

No division in model 17.36 11.62 62.10 8.92 26.28 20.54 

2010 characteristics 15.06 10.10 67.64 7.20 22.26 17.30 

1 Model for full country 15.85 8.85 62.17 13.14 28.98 21.99 

No log-normality 17.44 11.15 63.11 8.30 25.74 19.45 

Age Head in HIES 2010: 24-54 16.27 11.93 63.46 8.34 24.61 20.27 

  
     

Note: Probablities expressed as percentages. Household head´s age is restricted to be between 24 and 64 in 

2010 and accordingly in 2016, unless otherwise specified. These are synthetic panel estimates, computed using 

population weights. The rural (urban) estimation sample has 6,729 (3,934) observations in HIES 2010 and 26,124 

(11,783) in HIES 2016/7. 

Table A.5. Poverty dynamics in Bangladesh, 2010-2016. Parametric bounds 

Panel A: Joint probabilities  
National Rural Urban  

Lower Bound Upper Bound Lower Bound Upper Bound Lower Bound Upper Bound 

Poor, Poor 10.1 24.3 11.2 26.4 7.4 19.3 

Poor, Non-Poor 8.2 22.4 9.2 24.4 5.7 17.7 

Non-Poor, Poor 0.6 14.8 0.4 15.5 1.2 13.1 

Non-Poor, Non-poor 52.6 66.8 48.8 64.0 61.8 73.8 

Panel B: Conditional probabilities 

  National Rural Urban 

  Lower Bound Upper Bound Lower Bound Upper Bound Lower Bound Upper Bound 

Poor to Poor 30.9 75.0 31.5 74.1 29.5 77.1 

Poor to Non-Poor 25.0 69.1 25.9 68.5 1.6 17.5 

Non-Poor to Poor 0.9 22.2 0.6 24.1 22.9 70.5 

Non-Poor to Non-Poor 77.8 99.1 75.9 99.4 82.5 98.4 
Note: Probabilities expressed as percentages. Household head age is restricted to be between 24 and 64 in 2010, and accordingly in 2016. 
These are synthetic panel estimates based on household characteristics in HIES 2016/7, using values of ρ based on the BIHS panel (see 
Section 3.3) and population weights. The rural (urban) estimation sample has 6,729 (3,934) observations in HIES 2010 and 26,124 (11,783) in 
HIES 2016 /7. 
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Table A.6. Poverty dynamics in Bangladesh, 2010-16, cohort-based ρY 

a) Bangladesh, rural & urban  2016 
 

  Poor Non-Poor 

2010 Poor 16.7 15.9 

[50.5] [49.5] 

Non-Poor 8.3 59.1 

[12.3] [87.7] 
    

b) Rural Bangladesh 2016 
 

  Poor Non-Poor 

2010 Poor 19.1 16.6 

[53.5] [46.5] 

Non-Poor 7.7 56.7 

[12.0] [88.0] 

        

c) Urban Bangladesh 2016 
 

  Poor Non-Poor 

2010 Poor 10.8 14.3 

[43.0] [57.0] 

Non-Poor 9.7 65.2 

[13.0] [87.0] 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: Each cell represents the sequence of states indicated by the row in 2010 and the column in 2016. Numbers 
outside brackets express unconditional probabilities (in percentage points) or population shares, while numbers 
in square brackets reflect transition probabilities conditional on the initial state of the household. Household 
head age is restricted to be between 24 and 64 in 2010, and accordingly in 2016. These are synthetic panel 
estimates based on household characteristics in HIES 2016/7, using population weights and values of ρ based 
on cohort-means by year of birth (see Section 3.3.). The national (rural) estimation sample has 10,663 (6,729) 
observations in HIES 2010 and 37,907 (26,124) in HIES 2016/7.  
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Table A.7. Point estimates of conditional lower poverty dynamics in Bangladesh, 2010-16. 

a) Bangladesh, Rural & Urban 2016 
 

  extremely poor poor non-poor 

2010 extremely poor 6.5 3.0 10.3 

[31.2] [15.4] [53.3] 

poor 2.4 1.8 8.4 

[19.4] [14.3] [66.3] 

non-poor 5.7 5.4 56.3 

[8.6] [8.0] [83.4] 
     

b) Rural Bangladesh 2016 
 

  extremely poor poor non-poor 

2010 extremely poor 8.2 3.3 11.7 

[35.3] [14.3] [50.4] 

poor 2.7 1.7 7.95 

[21.7] [13.6] [64.7] 

non-poor 6.0 4.9 53.5 

[9.2] [7.6] [83.1] 
     

c) Urban Bangladesh 2016 
 

  extremely poor poor non-poor 

2010 extremely poor 2.4 2.1 6.9 

[21.2] [18.1] [60.7] 

poor 1.85 2.2 9.6 

[13.5] [16.2] [70.3] 

non-poor 5.2 6.8 63.0 

[6.9] [9.1] [84.0] 

 

 

Note: Each cell represents the sequence of states indicated by the row in 2010 and the column in 2016. Numbers 

outside brackets express unconditional probabilities (in percentage points) or population shares, while numbers 

in square brackets reflect transition probabilities conditional on the initial state of the household. 

Extremehouseholds experiencing poverty are those below the lower poverty line,households experiencing 

poverty in this table are those between the lower and the upper poverty line. Household head age is restricted to 

be between 24 and 64 in 2010, and accordingly in 2016. These are synthetic panel estimates based on household 

characteristics in HIES 2016/7, computed using population weights. The national (rural) estimation sample has 

10,663 (6,729) observations in  HIES 2010 and 37,907 (26,124) in HIES 2016/7.  
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Table A.8. GDP growth elasticity of transient and persistent poverty under different assumptions, 2000 -16 

Scenario Persistent Poverty Transient Poverty 

Elasticity Semi-elasticity Elasticity Semi-elasticity 

Baseline -0,75 -0,18 -0,34 -0,12 

Alt. Adjustement ρ -0,73 -0,17 -0,37 -0,14 

ρ BIHS  -0,78 -0,20 -0,26 -0,09 

Cohort ρ -0,74 -0,21 -0,21 -0,06 

Char. Period 2 -0,66 -0,15 -0,23 -0,08 

 

 

Table A.9. Unconditional poverty dynamics in Bangladesh by division, 2010-16 

Panel A: Rural Bangladesh 

  P, NP NP, P NP, NP P,P Poor '16 Vuln. '16 Secure '16 

Barisal  20.91 10.39 51.72 16.97 26.19 56.93 16.87 

Chittagong 19.69 9.17 58.85 12.29 19.69 57.01 23.30 

Dhaka  22.51 9.45 52.08 15.96 25.31 54.84 19.84 

Khulna 18.48 11.45 55.69 14.38 26.36 55.39 18.25 

Rajshasi 16.12 13.64 55.10 15.15 30.44 53.17 16.40 

Rangpur  18.26 15.82 37.41 28.51 47.52 42.67 9.81 

Sylhet 19.53 7.95 62.37 10.15 16.04 57.19 26.77 

Panel B: Urban Bangladesh 

  P, NP NP, P NP, NP P,P Poor '16 Vuln.'16 Secure '16 

Barisal  22.01 12.87 46.81 18.31 29.88 49.85 20.27 

Chittagong 12.02 15.64 65.16 7.18 17.87 57.12 25.01 

Dhaka  18.31 8.52 66.50 6.66 14.81 46.25 38.95 

Khulna 17.50 15.33 54.50 12.67 29.07 48.79 22.14 

Rajshasi 18.52 11.91 59.18 10.38 21.85 51.03 27.12 

Rangpur  14.29 19.07 51.09 15.56 39.98 39.08 20.94 

Sylhet 14.76 12.23 66.45 6.56 19.70 47.47 32.83 
        

 

 

 

Note: This table reports the elasticities and semi elasticities of persistent and transient poverty to GDP growth 
between 2000 and 2016 (as in Table 3 a)) under different assumptions for obtaining the poverty estimates. 
Growth rates of GDP per capita in constant local currency unit are computed between average values over each 
of the periods, using data from the World Development Indicators. For the different scenarios assumed for ρ, 
see Figure A.3. and Section 3.4. "Char. period 2" refers to using time-invariant characteristics from the final 
period in each year-pair as a basis for prediction, see Section 3.3. 

 

Note: Probabilities expressed as percentages. Household head´s age is restricted to be between 24 and 64 in 
2010 and accordingly in 2016. These are synthetic panel estimates, computed using values of ρ based on the 
BIHS panel (see Section 3.3.) and population weights. The rural (urban) estimation sample has 6,729 (3,934) 
observations in HIES 2010 and 26,124 (11,783) in HIES 2016/7. The vulnerability line for 2016 is set at BDT 4490 
per capita monthly consumption.  
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Figure A.1. Age distribution, HIES 2010 

 

  

              Note: These figure plot the distribution of household heads´ ages in HIES 2010, computed using 

               population weights. 
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Figure A.2. Per capita consumption: HIES vs. BIHS 

 

             Note: The figure plots the density function of log per capita consumption in BIHS 2015 and HIES  

             2016-7, computed using population weights. The samples are limited to rural households with a  

              head aged between 24 and 64 years in 2010.    

Figure A.3. Estimates of inter-temporal correlation for income and income residuals  

 

Note: This figure depicts the evolution of the inter-temporal correlation of consumption ρY and of consumption model 

residuals ρ under different assumptions. All estimates obtained from BIHS household panel data and/or cohort averages 

in HIES. BIHS ρY is virtually but not entirely constant because the time elapsed between each two HIES survey pairs is 

slightly different. See Section 3.4. for details.       
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Figure A.4. Unconditional Poverty Dynamics 2000-2016 by Area of Residence 

a)   Rural Bangladesh 

 

b) Urban Bangladesh

 
Note: These figures correspond to Figure 1a), disaggregated by rural and urban areas. Red lines represent 

estimates under the baseline scenario for ρY based on final period characteristics. Dashed red line 

estimates obtained by excluding slum households from HIES 2016 from the calculations. 
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Figure A.5. Persistent poverty by household characteristics: 2000- 2016 (based on final period 

characteristics)

 
Note: Estimates show the ratio of the incidence of persistent poverty (as an unconditional probability) for a 

given category relative to the incidence for an appropriate reference group. These are synthetic panel estimates, 

based on the final period characteristics for each year-pair (except for categories related to employment type). 

The agricultural (service) sector is the reference sector for rural (urban) areas. Rural households with any 

member carrying out their main activity outside agriculture are assigned to the corresponding sector. Urban 

households assigned to the sector where most members carry out their main activity. The share of dependents 

reflects the share of individuals younger than 15 or older than 65 over total household size. 
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Appendix B. Limitations: Rural-Urban Migration  

One important limitation of the current exercise arises from the inadequacy of our methodology 

and data to assess the implications of rural to urban migration on poverty dynamics. For 

illustration, for the specific estimates for the period between 2010 and 2016, we compute separate 

estimates for rural and urban areas based on the area of residence of households in 2016. Thus, if 

we assume that internal migration takes place mainly in form of movements from rural to urban 

areas, results for rural Bangladesh can be intuitively interpreted as applying to those staying in 

them throughout the full period of study. Analogously, when predicting on the basis of initial 

characteristics for the longer-term series, this interpretation would be appropriate for households 

already in urban areas at the start of each year-pair.  

 A drawback of estimating poverty dynamics separately for rural and urban areas is that we 

incorrectly assume that all households living in urban areas in 2016 had already been residing in 

them by 2010. According to HIES data, the urban population share increased from 26.3% to 29.1% 

between 2010 and 2016 (World Bank, 2019b). This implies that around 10% of the households 

living in urban areas in 2016 had migrated from rural areas during the six-year period between 

survey rounds. Some inaccuracies may arise from predicting the 2010 consumption of those newly 

migrated households as if they had already been living in urban areas at that time. In particular, we 

are likely to overestimate their 2010 consumption, which may lead to spuriously high numbers for 

the categories including the initially non-poor, at the expense of those counting the initially poor, 

and ultimately bias urban poverty estimates.  

However, when compared to a common model for the full country without information on location, 

the marginal poverty rates are more accurately estimated for both rounds and both urban and rural 

areas (see Table A.4).  This fact suggests that the advantages of estimating separate models for 

urban and rural areas outweigh the disadvantages of this procedure.  Moreover, since our baseline 

model noticeably overestimates urban poverty in 2010, both sources of error are likely to partially 

offset rather than compound each other. 

When we compare our baseline results to those of a model that does not include information on 

household´s area and region of residence, the main difference (of around 3 to 4.5% of the urban 

population, cf. Table A.4.) seems to lie on the latter leading to higher estimates of urban persistent 

poverty at the expense of downward mobility into poverty. However, this model largely 

overestimates the urban poverty rate in 2010, which likely explains a large part of these 

differences. Hence, the magnitude of the error induced by the misclassification of rural to urban 

migrants is unlikely to exceed 1 or 2% of the urban population. 

 

Unfortunately, the lack of information on migration of the household as a whole implies that we 

cannot investigate the impact of rural to urban migration on poverty dynamics in further detail.  


