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Abstract

A substantial body of evidence shows that social assistance, specifically receipt transfers,
has positive impacts on household consumption. Less is known on whether these beneficial
impacts are enhanced through the inclusion of cash+ or complementary programming;
whether these beneficial impacts persist after the intervention ends; and whether the
magnitudes of these impacts are sufficient to lift social assistance clients permanently out
of poverty. We bring new evidence to these topics, assessing the long-term (10-year) impact
of the Transfer Modality Research Initiative (TMRI), a randomised control trial fielded in two
poor regions of rural Bangladesh between 2012 and 2014.

We find the following:

Our cash+ treatment arm (cash transfers combined with nutrition Behaviour Communication
Change activities (Cash+BCC) had large, sustained impacts on consumption and on poverty.
In the Cash+BCC treatment arm, 76.2% of poor households at baseline had escaped poverty
by 2022. Other treatment arms (cash only, food only) maintained the gains in consumption
that they had obtained during the intervention, but — unlike the Cash+BCC group — the
control group converged to their consumption and poverty levels post-programme. Some
households never escaped poverty, even though they benefitted from the TMRI treatments.
These households had extremely low levels of consumption at baseline and, while they
experienced substantial consumption growth over time, this was not enough to move them
out of poverty.

Key words: social assistance; poverty; sustainability; Bangladesh; food transfers; cash
transfers
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1 Introduction

State-provided social assistance has a long history, dating back at least as far as the
Elizabethan Poor Laws of the 1600s and possibly earlier (Gentilini, 2024). Its reach is now
wide; as of 2022, more than 3,000 cash transfer programmes were being implemented in
more than 200 countries (Gentilini et al., 2022) with an estimated 1.4 billion people reaching
some form of assistance (Gentilini, 2024). These programmes have been accompanied by
immense interest in both their beneficial impacts (on consumption, poverty, human capital
formation, and the like) and their detrimental consequences (for example, disincentive
effects on labour supply). Not only are there many individual studies, but there are also now
at least 15 summary studies and meta-analyses concerning these effects, including recently
work by Crosta et al. (2024), Gilligan et al. (2025), and Leight, Hirvonen, and Zafar (2024).
These generally show that receipt of cash (and in some cases food) transfers has positive
impacts on total consumption, food consumption, and non-food consumption, and no
disincentive effects on labour supply. A smaller, related body of evidence has shown that
social assistance helps prevent household poverty and food insecurity in response to
shocks, including COVID-19 (recent examples include Abay et al., 2023; Bottan, Hoffmann,
and Vera-Cossio, 2021; Macours et al., 2022; Premand and Stoeffler, 2022). Given this
knowledge base, increasing attention is being to three topics: whether the impact of social
protection is enhanced through the inclusion of complementary programming — something
often referred to as cash+; whether these beneficial impacts persist after the intervention
ends; and whether the magnitudes of these impacts are sufficient to lift social assistance
clients permanently out of poverty.

While evidence exists on these topics, it is more limited. Leight, Hirvonen, and Zafar (2024)
show that cash+ interventions have larger effects than cash only programmes, but they also
note that — for the studies for which cost data are available — the plus component typically
doubles the cost of the intervention. Evidence on longer-term impacts, as summarised in
Ahmed et al. (2025), is mixed. Cash transfer programmes in Niger and Nigeria had sustained
impacts on assets and earnings 18 to 48 months after they ended (Carneiro et al., 2021;
Stoeffler et al., 2020), but this was not the case for cash transfers implemented in Zambia,
Indonesia, or Kenya (Cahyadi, Nur et al., 2020; Handa et al., 2019; Haushofer and Shapiro,
2018). The Targeting the Ultra Poor graduation programme improved household economic
wellbeing 4-10 years post-intervention in Bangladesh and India (Bandiera et al., 20173;
Banerjee et al., 2021). By contrast, a Ugandan programme that provided a one-time start-up
cash grant and training increased earnings four years after the grant, but after nine years the
control group had ‘caught up’ to the treatment group (Blattman et al., 2020). Finally, a
striking feature of the literature on social assistance is how few studies assess whether the
magnitude of programme impacts is sufficient to lift recipients out of poverty, with Leight,
Hirvonen, and Zafar (2024) being an exception. There appears to be limited evidence on
whether, post-programme, beneficiaries are permanently lifted out of poverty, or why some
participants fail to become non-poor.

© Data & Evidence to End Extreme Poverty 1
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We bring new evidence to these important topics. We assess the long-term (10-year) impact
of the Transfer Modality Research Initiative (TMRI), a randomised control trial fielded in rural
Bangladesh between 2012 and 2014. Our earlier studies of this intervention focused on the
programme’s immediate impacts at programme end in 2014 (Ahmed, Hoddinott, Roy, and
Sraboni, 2024) and 4yPP, 2018 (Ahmed et al., 2025). In 2022, we collected data 10 years
after the programme started and eight years after the programme ended. With these data,
we provide evidence on the following questions, evidence that goes beyond Ahmed et al.
(2025). First, we can assess — both four years post-programme (4yPP) and eight years post-
programme (8yPP) — the impact of treatment arms on consumption relative to the control
group. Specifically, we can tease out whether we observe reversion, convergence, or
sustainability. Post-programme, there may be no difference in consumption levels either
because households in treatment arms see their consumption levels fall back to baseline
levels (reversion) or because, while post-intervention consumption is higher than that
observed at baseline, the control group converges (or catches up) to the treatment groups.
Alternatively, post-intervention consumption levels in treatment groups remain higher than
the control group, providing evidence that impacts observed at endline are sustained after
the intervention ended. Second, we examine whether the magnitude of these impacts is
sufficient to lift households out of poverty and whether this is sustained after the TMRI
ended. Third, we assess why some households do not move out of poverty. Fourth, we
contribute to discussions surrounding the value-added of complementary programming to
the sustainability of social assistance interventions.

We find the following. Our cash+ treatment arm (cash transfers combined with nutrition
Behaviour Communication Change activities (Cash+BCC)) had large, sustained impacts on
consumption and on poverty. In the Cash+BCC treatment arm, 76.2% of poor households at
baseline had escaped poverty by 2022. Other treatment arms (cash only, food only)
maintained the gains in consumption that they had obtained during the intervention, but -
unlike the Cash+BCC group - the control group caught up (or converged) to the
consumption and poverty levels post-programme. Some households never escape poverty,
even though they benefitted from the TMRI treatments. These households had extremely
low levels of consumption at baseline and, while they experienced substantial consumption
growth over time, this was not enough to move them out of poverty.
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2 Context and programme

2.1 Context

The TMRI was situated in two areas of Bangladesh: Rangpur division (province) in the
northwest (hereafter, ‘North’) and Barisal and Khulna divisions in the south (hereafter,
‘South’). Over the period during which the intervention took place, poverty and food
insecurity rates were, on average, higher in Rangpur than anywhere else in Bangladesh, with
rural Barisal and rural Khulna having the third and fifth highest regional prevalences of
extreme poverty (Bangladesh Bureau of Statistics (BBS), 2019). Our baseline data reflect
this high level of deprivation. Schooling attainments in our sample were low, with male
household heads averaging 1.4 and 2.0 years of schooling in the North and South,
respectively (Ahmed et al., 2016). About 80% of households in the North and about 62% of
households in the South did not own any land except homestead land at baseline, although
land was more available to lease in the North than in the South. The most frequently
reported occupations were farmer (33.4 and 21.3% in the North and South) and agricultural
day labourer (18.0 and 37% in the North and South). This reflects, in part, agroecological
differences in the two areas. The topography of the South—flat, with multiple rivers and
tributaries—leads to frequent flooding. With a coastline on the Bay of Bengal, the region is
also prone to cyclones and saline water surges, with soil salinity making it more difficult in
some places to grow crops or raise livestock.

2.2 The TMRI programme

Between May 2012 and April 2014, the World Food Programme implemented a pilot safety
net programme, the TMRI, in these two areas. Using a cluster randomised design, in the
North, study villages were randomly assigned to a control group or to one of four treatment
arms in which beneficiaries received cash transfers (‘Cash’), food rations (‘Food’), half cash
transfers and half food rations (‘Cash+Food’), or Cash+BCC. Following the same design, in
the South, study villages were also randomly assigned to a control group or to one of four
treatment arms; the first three treatment groups were the same as in the North. In the fourth
treatment group in the South, instead of Cash+BCC, beneficiaries received food rations
along with nutrition BCC (‘Food+BCC’). All beneficiaries were poor households with a child
aged 0—24 months at the time of a census conducted in February—March 2012. The mother
of the child aged 0—24 months was the designated beneficiary — both the cardholder for
receiving transfers and the target participant in BCC activities (see Ahmed et al., 2016, for
more detail).

Beneficiaries in the Cash arms received a monthly payment of Bangladeshi taka (BDT) 1,500
(approximately USS19 USD) per household. Payments were delivered using a mobile phone
cash transfer system, in which women collected cash from designated distribution sites

© Data & Evidence to End Extreme Poverty 3
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using mobile verification of identity.” Beneficiaries in the Food arms received a monthly food
ration of 30 kilograms (kg) of rice, 2 kg of mosoor pulse (a lentil), and 2 litres of
micronutrient-fortified cooking oil. Rations were handed to beneficiaries at designated food
distribution points. The initial value of the food rations was equal to the value of the cash
transfers. Beneficiaries in the Cash+Food treatment arms received half of each of the two
types of transfers: BDT 750, 15 kg of rice, 1 kg of mosoor pulse, and 1 litre of micronutrient-
fortified cooking oil. Further details can be found in Roy et al. (2019a).

The beneficiaries of the Cash+BCC arm in the North and the Food+BCC arm in the South
received the same transfers as in the Cash only and Food only treatment groups,
respectively, as well as a suite of intensive nutrition BCC interventions focused on education
and behaviour change at the household and community level (Ahmed et al., 2016). The BCC
intervention involved three complementary activities: (1) weekly group training sessions —
some with beneficiaries only and some with other family members invited as well; (2) twice-
a-month visits to the beneficiaries’ homes; and (3) monthly group meetings between
programme staff and influential community leaders.

About 10 beneficiaries were part of each BCC group. The group training sessions took place
within 2 km of beneficiaries’ homes and lasted approximately one hour, on average.
Beneficiaries assigned to a BCC intervention attended on average 48 (in the North) to 49 (in
the South) sessions per year. Training sessions covered basic nutrition, the control and
prevention of micronutrient deficiencies, infant and young child feeding, health care,
maternal nutrition, and hygiene. The training sessions were led by female Community
Nutrition Workers (CNWs). CNWs also conducted the twice-per-month home visits to
observe household-level practice and encourage the adoption of positive behaviours, as well
as following up with additional home visits as needed for individual counselling to
beneficiaries. Although attendance at the group BCC sessions was a ‘soft’ condition for
receipt of the transfers, no beneficiaries were dropped from the study for failing to attend
sessions; when a mother missed a session, a CNW would follow up with a home visit to
ascertain why she had missed the session and to convey the missed information.

Annual transfers cost to households were approximately US$240. BCC activities cost
approximately USS50 per year per beneficiary household (Ahmed et al., 2016), equivalent to
an additional 20%.

! Since this method used a mobile phone handset and SIM card, to preserve the design of the
experiment, these were provided to all the women in the study (in all the treatment and control arms).

© Data & Evidence to End Extreme Poverty 4
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3  Study design and methods

3.1 Study design and data

In both the North and the South, 250 villages were selected for inclusion in the study and
were randomly assigned to one of the four treatment groups, as described above, or the
control group. From each village, 10 households were selected for inclusion in the TMRI,
with all households interviewed at baseline. Thus, the TMRI included a total of 5,000
targeted households across the North and South — 4,000 treatment households and 1,000
control households. For the initial impact evaluation, three surveys were conducted: a
baseline survey in March—April 2012 prior to the start of the intervention in May 2012, a
midline survey in June 2013, and an endline survey in April 2014, just before the end of
intervention. Then, to assess the short-term sustainability of selected impacts (not including
poverty indicators), a post-programme survey was conducted from October 2014 to
February 2015, 6—-10 months after the intervention ended. To assess the medium-term
sustainability of a range of impacts on households, women, and children, another post-
programme survey was conducted from April-May 2018, 4yPP. To assess the longer-term
sustainability of the impacts, a second post-programme survey was conducted from May—-
June 2022, 8yPP.

3.2 Sample and attrition

For the purposes of this paper, we focus on the baseline (2012), endline (2014), 4yPP (2018)
and 8yPP (2022) surveys. The baseline and endline surveys attempted to interview all 5,000
households that were included in the TMRI treatment or control groups. Due to budget
constraints, the 4yPP and 8yPP surveys excluded the Cash+Food arms in both regions.
Thus, our starting point is the 3,995 households in the Cash, Food, Cash+BCC, Food+BCC,
and control groups at baseline.?

Tracing households over multiple survey rounds is a complex undertaking. First, some
households have dissolved, migrated, split, declined to continue as study participants, or
were simply unavailable. Second, households may split into two or more new households
(for example, where a married son who previously lived with his parents establishes his own
independent household). Third, households may attrit from one round to the next but then be
found and interviewed in a subsequent round. Mindful of this, we adopt the following
approach. First, where households split, we ‘follow’ the household containing the woman
who was the TMRI beneficiary in the original study. Second, we construct participant flow
diagrams for the North (Figure 1) and the South (Figure 2). These show the following.

In the North, in 2014 we interviewed 95.9% (=1918/1999; see Figure 1) of the households
interviewed at baseline. Most households were interviewed again in 2018 and in 2022.

2 At baseline, five households that were selected for the study (one in the North, four in the South) declined to
participate in the study and were not replaced.
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Households interviewed in all four rounds (2012, 2014, 2018, and 2022) make up 84.0%
(=1680/1999) of the sample. In addition, in 2022, we interviewed 134 (=78+22+34)
households that were in the baseline survey, but in neither the endline or the 2018 survey,
nor both. Consequently, in 2022 in the North, we interviewed 90.7% of the original study
participants, and 84.0% of our baseline sample appear in all four rounds.

In the South, in 2014 we interviewed 97.6% (=1949/1996; see Figure 2) of the households
interviewed at baseline. Most households were interviewed again in 2018 and in 2022.
Households interviewed in all four rounds (2012, 2014, 2018, and 2022) make up 86.8%
(=1733/1999) of the sample. In addition, in 2022, we interviewed 85 (=57+16+12)
households that were in the baseline survey, but in neither the endline or the 2018 survey,
nor both. Consequently, in 2022 in the South, we interviewed 91.1% of the original study
participants, and 86.8% of our baseline sample appear in all four rounds.

© Data & Evidence to End Extreme Poverty
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Figure 1: Participant flow diagram: North
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Figure 2: Participant flow diagram: South
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Having established that attrition in the TMRI study is low, we next consider if it varies by
treatment group. To assess this, we (separately) regress whether the household attrits
(defined as equal to zero if the household was interviewed in 2012 (baseline), 2014
(endline), 2018 (4yPP), and 2022 (8yPP), or equalling one if the household was not
interviewed in all four rounds) on the treatment arms using a linear probability model and
clustering at the level of randomisation, which is the village. We do this separately for the
North and the South (Table 1). There is no indication that attrition over time is correlated
with treatment assignment; the magnitudes of the point estimates are small, and none of
the point estimates are statistically different from zero.

Table 1: Correlates of attrition, by region

Cash 0.008 -0.026
(0.02) (0.02)
0.018 0.027
Food (0.02) (0.02)
0.036
Cash+BCC (0.02)
-0.018
Food+BCC (0.02)
e 0.144%** 0.136***
(0.02) (0.02)
1,999 1,996
R-squared 0.001 0.004

Notes: Attrition is defined as equal to zero if the household was interviewed in 2012 (baseline), 2014 (endline),
2018 (4yPP), and 2022 (8yPP). It equals one if the household was not interviewed in all four rounds. Estimates
are from linear probability models. ** significant at the 5% level; *** significant at the 1% level. Standard errors
are clustered at the village level, which is the unit of randomisation.

3.3 Consumption and poverty measures

We use consumption expenditure as a proxy for income to calculate the poverty indicators
used in this paper. Consumption is measured as the sum of the value of total food
consumption and total non-food (non-durable and durable) expenses. The value of food
consumption was calculated based on a seven-day recall module that asked questions
about the quantity of food purchased, the price of the purchased food, the quantity
consumed from home production, and food received from other sources. Quantities
consumed out of own production and food received from other sources were valued using
price data collected at the village level at the same time as the household survey. The food
consumption module was exhaustive in scope, covering 321 food items. Non-food expenses
were subdivided into two categories. A one-month recall period was used for items that are
purchased with some frequency: fuel and lighting; washing, cleaning, and cosmetic items;
and transport/travel. Items that were purchased with less frequency, or items whose
purchases tended to be lumpy, were asked with a one-year recall: clothing and footwear
(male and female); housing expenses; medical expenses (male and female); education
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expenses (male and female); remittances sent, gifts, ceremonies; recreation and leisure;
taxes, fees, insurance; cooking equipment; furniture and appliances; jewellery; and other
household durables. The non-food consumption module included 225 items in total. The
total values of food consumption and non-food expenses were converted to monthly values,
then divided by the number of household members to obtain the consumption expenditure
per person per month. It should be noted that: (a) lumpy and infrequent expenditures such
as dowry, wedding costs, pilgrimages, etc., are excluded from these aggregates; (b) identical
food and non-food consumption modules were used in all the survey years, as were the
methods for producing the consumption aggregates; and (c) we have used the rural general
consumer price index (RGCPI) estimated by the BBS, to deflate all values to 2012 BDT.

We calculate the Foster—Greer—Thorbecke (FGT) class of poverty measures (Foster et al.,
1984) - the headcount, depth, and severity of poverty. Let x = (x;, x5, ... x,,) be the
distribution of consumption among N households, where x; is the per capita consumption of
household i. Given a poverty line of z, household i is said to be poor if x; < z. Shortfalls

Z—Xi

relative to the poverty line, normalised by the poverty line, (T) are also assessed. The FGT

class of poverty measures is:

N
P, = %Z 1(x; < 2) (Z_in)a (M
x=1

where @ > 0 is a parameter that defines the poverty measure. When a = 0, we get the

prevalence or headcount measure (P,) of poverty; the proportion of households that are
below the poverty line. We calculate the intensity or depth of poverty (P,), also referred to as
the poverty gap index, by setting a = 1, and we obtain the squared gap or severity of poverty
(P,) measure by setting a = 2. P,measures the mean poverty gap in the population (where
the non-poor have zero poverty gap); this adds up the extent to which households on
average fall below the poverty line, as a ratio of the poverty line. For instance, a value of 0.6
means that the average shortfall in income of households living below the poverty line is
60% of the poverty line. As is well known, P, squares the normalised deprivation of the poor
and thereby accounts for inequality among the poor by setting more weight to households
that are further away from the poverty line.

Our poverty line is the international poverty line of USD$1.90 per person per day, converted
into BDT at 2011 purchasing power parity (PPP) exchange rates. We adjust for cumulative
inflation between 2011 and 2012 again using the RGCPI. This is our measure of extreme
poverty. After converting this to a monthly figure, we have both a consumption aggregate,
expressed in 2012 BDT per person per month, and a poverty line, also expressed in 2012
BDT per person per month.
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3.4 Model to be estimated

Our approach builds on the randomised control trial design of the TMRI. All estimation is
conducted separately by region, and all estimates adjust standard errors for clustering at the
village level, which was the level of randomisation.

To estimate treatment impacts on consumption and poverty at endline and 4yPP, we
conduct an intent-to-treat (ITT) analysis in each round using analysis of covariance
(ANCOVA), controlling for the baseline value of the outcome. We use Equation (2) for the
North and Equation (3) for the South:

Yine = Bon + Ben * Foody + Ben * Cashyy + Bpy * Cashpee;y + Oy * Ying + €ine )

Yist = Bos + Brs * Food;s + Bcs * Cash;s + Pps * Food_BCCis + &g * Yis1 + &5t 3
where Yix: and Y;s; denote the outcome for household i, in region N or S (North or South), at
time t (endline, 4yPP, or 8yPP). Y;x; and Y;s; denote baseline outcomes, B,y and B,s are
constant terms for each region, and €;y; and €;s; are terms for unobservables, which we
assume to be normally distributed. Food,y, Cashiy, and Cash_BCC;y are dummy variables for a
household in the North being assigned to Food, Cash, or Cash+BCC, respectively, and Food;s,
Cash;s, and Food+BCC;sare dummy variables for a household in the South being assigned to
Food, Cash, or Food+BCC, respectively; corresponding coefficients reflect treatment impacts
of these arms relative to the region’s control group.

To estimate the impacts of the TMRI on log consumption per capita and the poverty
headcount, we estimate ordinary least square regressions; for poverty depth and severity, we
estimate censored regressions based on tobit models. We interpret the sustainability of
impacts as coefficients on the treatment indicators being significantly different from zero at
4yPP and 8yPP, reflecting that outcomes in the treatment group have not fully converged to
the control group. We construct Wald tests to test for equality of impacts of different
treatment arms for a given outcome and we also construct Wald tests to test for equality of
treatment arms across two different outcomes.
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4 Impacts on consumption

We begin with some descriptive statistics. Table 2 shows the median monthly per capita
consumption, by round, treatment group, and region, expressed in 2012 BDT.

We start with the North. Households in the control group saw their real per capita
consumption grow between each pair of survey rounds, with this growth accelerating to
6.1% between 2018 and 2022. Over the period 2012-2022, on an annual basis, real per
capita consumption in the control group grows at an annual rate of 5.3%, with the result that
median real per capita consumption in the control group is 53.2% higher in 2022 than it was
in 2012. This is a large increase. Compared to the control group, growth in consumption is
higher in the treatment groups between 2012 and 2014, but this is not surprising as this is
the period when treatment households are receiving transfers. Their consumption growth
slows between 2014 and 2018, but this is not surprising either as these households are no
longer receiving transfers. Over the entire 2012-2022 period, annual growth rates in median
real consumption per capita were 6.7% (Cash), 6.4% (Food) and 8.5% (Cash+BCC). In the
Cash+BCC treatment group, consumption was 85.5% higher in 2022 than it was 10 years
previously, a much larger increase than the (large) increase experienced by the control

group.

In the South, the median real per capita consumption of the control group increased on an
annual basis by 4.4%. Although consumption by the treatment groups in the South was
higher at endline (when transfers were still being received) when compared to the control
group, this difference gradually disappeared over time with the result that median
consumption levels of all treatment arms in the South were similar to the control group in
2022.

There is no evidence of reversion in either region; post-programme, median consumption
levels for all treatment groups remain higher than their baseline values. Evidence of
convergence or sustainability is location and modality specific from these descriptive
statistics is time, location and modality specific. In the North, median consumption levels for
the control group converge on the Food treatment arm 4yPP (2018) but not at 8yPP (2022).
By contrast, median consumption in Cash and Cash+BCC remains higher than the control
group in both 2018 and 2022. In the South, the median consumption levels of the control
group, the Food treatment group, and the Cash treatment group are comparable in 2018 and
2022 (if anything, their consumption levels are slightly lower than that of the control group),
indicating that for those treatments, the control group converged. The Food+BCC group had
higher consumption levels than the control group in 2018 and 2022, but the difference
between these groups was smaller in 2022 than it was in 2018.
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Table2: Median monthly per capita consumption, by round, treatment group, and region

North

Control 1150 1253 1418 1762 4.5 8.8 6.1 5.8 53.2
Cash only 1162 1429 1513 1943 11.5 1.5 7.1 6.7 67.2
Food only 1169 1355 1420 1922 8.0 1.2 8.8 6.4 64.4
Cash+BCC 1129 1617 1521 2094 21.6 -1.5 9.4 8.5 85.5
All households 1154 1414 1467 1934 11.3 0.9 8.0 6.8 67.6
South

Control 1382 1557 1739 1992 6.3 2.9 3.6 4.4 441
Cash only 1378 1643 1731 1953 9.6 1.3 8.2 4.2 41.7
Food only 1335 1637 1678 1861 11.3 0.6 2.7 3.9 39.4
Food+BCC 1427 1862 1885 2022 15.2 0.3 1.8 4.2 41.7
All households 1387 1674 1753 1960 10.3 1.2 3.0 4.1 41.3
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Growth in consumption will have minimal effects on poverty if they are concentrated among
better-off households. Our initial assessment of this concern begins by graphing kernel
density functions of log per capita monthly consumption (in 2012 BDT) by treatment group
and survey round. We superimpose on these graphs the log per capita monthly USS1.90PPP
poverty line. The results are shown in Figure 3 (North) and Figure 4 (South).

Figure 3 shows that, at baseline, in the North there was no difference in the distribution of
consumption by treatment group, a result formally confirmed by the Exact Kolmogorov—
Smirnov test of equality of distributions. In 2014, consumption in treatment groups had
shifted rightwards. We reject the null hypotheses that the distributions of each treatment
group are equal to the control group, and we reject the null hypotheses that the distributions
of Cash and of Food are equal to the Cash+BCC group. At 4yPP, the distributions of the
Food and control groups are converging; Cash, and particularly Cash+BCC, remain to the
right of the control group. In 2022, 8yPP and 10 years after the start of the TMRI, the
distribution of consumption in the control group has shifted well to the right of the poverty
line, suggesting that the high levels of growth experienced by households in rural
Bangladesh over this period (especially between 2018 and 2022) were relatively equitably
distributed. A consequence of all this, and one we will explore more formally below, is that
the incidence of poverty will have fallen markedly in the control group. That said, the
distribution of consumption in the Cash and Cash+BCC groups continues to lie to the right
of the control group; we reject the null that the distributions of Cash and Cash+BCC are
equal to the control group. This reinforces the argument that the Cash+BCC intervention had
impacts, relative to the control group, which were sustained post-programme.
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Figure 3: Density plots of log real per capita consumption, by survey round, North
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A somewhat different picture emerges in the South (Figure 4). At baseline, there are minimal
differences in the distribution of consumption by treatment group. As was the case in the
North, in 2014, consumption in the treatment groups shifted rightwards, as a consequence
of the receipt of TMRI transfers at endline. However, 4yPP, the distribution of consumption
in the Food and the Cash treatment groups converges on the control group, and by 8yPP, so
does the Food+BCC group. In 2022, for all treatment groups in the South, much of the mass
of the consumption distributions lie to the right of the poverty line, but this shift largely
reflects the secular increases in consumption levels, as evidenced by a similar shift in the
control group.
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Figure 4: Density plots of log real per capita consumption, by survey round, South
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Table 3 formalises these descriptive results, assessing the impacts on treatment arms,
relative to the control group, by survey round and region. Our outcome variables are log
monthly per capita consumption in 2012 BDT. In the North, consumption in the Cash+BCC
group was 26.7%, 8.7%, and 12.8% higher than the control group in 2014, 2018, and 2022,
respectively. We reject the null hypothesis that these impacts are equal to the Cash and the
Food treatment arms. Food has no sustained impacts after the intervention ends. Cash has
a smaller, sustained positive impact in 2018 (though imprecisely measured) and 2022. By
contrast, by 2022, no treatment arm in the South has a sustained impact on consumption.
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Table 3: Impact of treatments on log monthly per capita consumption, by region

Cash 0.1377%** 0.042 0.076** 0.062** -0.011 -0.017
(0.02) (0.03) (0.03) (0.03) (0.03) (0.03)
Food 0.098*** 0.019 0.056 0.052 -0.020 -0.050
(0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
Cash+BCC 0.267*** 0.087*** 0.128%**
(0.03) (0.03) (0.03)
Food+BCC 0.161%** 0.082*** 0.009
(0.03) (0.03) (0.03)
Constant 4.592%** 5.228%** 5.887*** 4.909%** 5.707%** 5.8719%**
(0.19) (0.18) (0.20) (0.18) (0.21) (0.23)
Observations 1,667 1,667 1,667 1,713 1,713 1,713
R-squared 0.219 0.096 0.057 0.148 0.073 0.046
P-values
Cash = Food 0.19 0.42 0.50 0.73 0.72 0.30
Cash = Cash+BCC <0.01 0.11 0.11
Food = Cash+BCC <0.01 <0.01 0.01
Cash = Food+BCC <0.01 <0.01 0.43
Food = Food+BCC <0.01 <0.01 0.08

Notes: ** significant at the 5% level; *** significant at the 1% level. Standard errors are clustered at the village level, which is the unit of randomisation. Controls include baseline
(2012) log monthly per capital consumption. Test of null hypothesis that coefficients for Cash+BCC and Food+BCC are equal by year: 2014, p-value <0.01; 2018, p-value =0.91;
2022, p-value =<0.01.
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5 Impacts on extreme poverty (1)

Figure 5 and Figure 6 show the prevalence of extreme poverty by treatment group and

survey round for the North and South, respectively. These results are not surprising given the

results we observe for consumption.

Figure 5: Prevalence of extreme poverty by treatment group and survey round, North
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Figure 6: Prevalence of extreme poverty by treatment group and survey round, South
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In the North, extreme poverty in any treatment arm at endline was lower than in the control
group, reflecting the impact of the TMRI transfers on household consumption. After the
intervention (and transfers) ended, the control group converges to the Food group. By 2022,
with the benefit of secular trends that mean that consumption in the control group has
grown rapidly, the prevalence of extreme poverty converges across all treatment groups and
the control group in the North. Poverty prevalences range between 22.5 and 29.1%, a
dramatic fall from their baseline values of 75.5 to 79.5% 10 years earlier.

A similar, though somewhat less dramatic, pattern occurs in the South. Extreme poverty in
any treatment arm at endline was lower than in the control group, again reflecting the impact
of the TMRI transfers on household consumption. After the intervention (and transfers)
ended, the control group converges on the treatment groups. By 2022, poverty prevalences
range between 21.7 and 26.1%, compared to 56.9 to 64.5% at baseline.

These patterns are reflected in the regression results reported in Table 4. Our outcome
variables equal one if the household was extremely poor in 2014, 2018, and 2022,
respectively. At programme endline (2014), poverty in all treatment arms is lower compared
to the control households; this is not surprising given that households were receiving their
final transfers when the endline study took place. Households receiving BCC experienced
larger reductions in poverty and these were more likely to be sustained in 2018. By contrast,
in 2018, the prevalence of poverty did not differ between control, cash only, and food only
TMRI recipients. By 2022, in both the North and the South, relative to the control group, no
treatment arm reduced the likelihood that the household was poor except for Cash+BCC in
the North. We observe a similar pattern when we use the P1 and P2 poverty measures (see
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Table 5 and Table 6); these results are not an artefact of how the poverty measure is

constructed.
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Table 4: Impact of treatments on extreme poverty, by region

Cash

Food

Cash+BCC

Food+BCC

Constant

Observations
R-squared
P-values:

Cash = Food
Cash = Cash+BCC
Food = Cash+BCC
Cash = Food+BCC
Food = Food+BCC

-0.142%%
(0.04)
-0.170%*
(0.04)
-0.323 4
(0.04)

0.57 6%
(0.03)

1,667
0.107

0.42
<0.01
<0.01

-0.081%*
(0.04)
0.004
(0.04)

-0.099***
(0.04)

0.428 %%
(0.03)

1,667
0.037

0.03
0.64
0.01

-0.060
(0.04)
-0.023
(0.04)

-0.072**
(0.04)

0.207%
(0.03)

1,667
0.016

0.26
0.69
0.12

-0.097%
(0.04)
-0.717 4%
(0.04)

-0.232%%
(0.03)
0.357 %
(0.03)

1,713
0.080

0.54

<0.01
<0.01

-0.007
(0.04)
0.029
(0.05)

-0.078*
(0.04)
0.247%k
(0.03)

1,713
0.031

0.36

0.03
0.01

0.047
(0.03)
0.041
(0.04)

0.015
(0.04)
0.167%k
(0.03)

1,713
0.013

0.87

0.36
0.50

Notes: ** significant at the 5% level; *** significant at the 1% level. Standard errors are clustered at the village level, which is the unit of randomisation. Controls include baseline

(2012) poverty status.
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Table 5: Impact of treatments on P1 poverty, by region

Cash -0.068*** -0.018 -0.012 -0.033*** -0.001 0.010
(0.01) (0.07) (0.01) (0.01) (0.01) (0.01)
Food -0.045%** -0.007 -0.001 -0.028*** 0.002 0.008
(0.01) (0.07) (0.01) (0.01) (0.07) (0.01)
Cash+BCC -0.118*** -0.036*** -0.001
(0.01) (0.01) (0.01)
Food+BCC -0.058*** -0.018** 0.002
(0.01) (0.01) (0.01)
Control mean 0.164 0.113 0.044 0.083 0.044 0.033
Observations 1,667 1,667 1,667 1,713 1,713 1,713
P-values:
Cash = Food 0.06 0.43 0.19 0.62 0.75 0.85
Cash = Cash+BCC <0.01 0.16 0.79
Food = Cash+BCC <0.01 0.02 0.33
Cash = Food+BCC <0.01 0.02 0.43
Food = Food+BCC <0.01 0.01 0.56

Notes: Model estimated as a tobit. ** significant at the 5% level; *** significant at the 1% level. Standard errors are clustered at the village level, which is the unit of randomisation.
Controls include baseline (2012) P1 poverty status.
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Table 6: Impact of treatments on P2 poverty, by region

Cash -0.030%** -0.007 -0.005 -0.012%** 0.000 0.003
(0.01) (0.07) (0.00) (0.00) (0.00) (0.00)
Food -0.0271%** -0.003 -0.001 -0.010** -0.000 0.002
(0.01) (0.07) (0.00) (0.00) (0.00) (0.00)
Cash+BCC -0.046%*** -0.011 -0.003
(0.01) (0.01) (0.00)
Food+BCC -0.079%** -0.005** 0.000
(0.00) (0.00) (0.00)
Control mean 0.054 0.044 0.014 0.024 0.011 0.001
Observations 1,667 1,667 1,667 1,713 1,713 1,713
P-values:
Cash = Food 0.07 0.51 0.16 0.70 0.88 0.77
Cash = Cash+BCC <0.01 0.44 0.52
Food = Cash+BCC <0.01 0.14 0.52
Cash = Food+BCC 0.01 0.04 0.45
Food = Food+BCC <0.01 0.04 0.65

Notes: Model estimated as a tobit. ** significant at the 5% level; *** significant at the 1% level. Standard errors are clustered at the village level, which is the unit of randomisation.
Controls include baseline (2012) P2 poverty status.
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6 Impacts on extreme poverty (2)

We have noted that there are two, not mutually exclusive explanations for the TMRI impacts
on poverty. First, after the end of the programme - and with the concomitant loss of
monthly payments — treatment households’ consumption levels fall, and they revert to the
poverty prevalences observed in the control group. Second, after the programme ends,
treatment households maintain or increase consumption levels and so continue to be non-
poor while the control group households experience a gradual increase in consumption,
which eventually is enough to push them over the poverty line. According to this explanation,
treatment households (particularly those who received BCC) cross the poverty line sooner,
with the control group eventually catching up or converging (which is why, for example, we
observe no differences in poverty status by treatment group in the 2022 survey round).

Poverty transitions are one way of assessing which explanation is most salient. We have
four rounds of survey data (denoted as B for baseline; E for endline; 4y for 4yPP (2018); and
8y for 8yPP (2022); in each round a household could be poor (P) or non-poor (N)). This gives
us 16 transition states.

Table 7 and Table 8 summarise these transition states by region and, within region, by
treatment status.
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Table 7:  Poverty transitions by treatment arm, North

Poor at baseline 79.4 75.2 76.5 75.4
Poor at 8ypp 22.3 23.2 26.9 29.1
Not poor at 8ypp 77.7 76.8 73.1 75.9
Permanently exit poverty after programme ends PeNeNayNgy 22.1 12.6 12.0 8.5
Permanently exit poverty post-programme PsPeN4Ngy 9.3 16.7 9.3 11.3
PgPePayNgy 15.9 17.4 24.2 25.8
Exit poverty 8ypp PgNgPayNgy 13.2 9.5 7.9 54
Sum: Poor at baseline, not poor at 8ypp 60.5 56.2 53.4 51.0
PgNgPayPgy 3.9 1.4 2.2 1.4
Not poor at programme end but return to poverty at 8ypp
PsNe N4Pgy 2.9 2.6 2.2 0.9
Sum: Returned to poverty at 8ypp 6.8 4.0 4.4 2.3
Never escape poverty PsPePa4yPgy 8.8 11.2 14.4 16.3
Never poor NeNEe N4Ngy 10.5 8.6 8.6 8.0
PsPe N4Psgy
. NgPeP4yPsy
Sum: Others (1) NaNPayPsy NaNe 6.7 8.0 8.1 10.5
Shift between poor and not poor. Poor at 8ypp N4Ps
NgPeN4Psgy,
NgPeP4yNg
Sum: Oth 2 o
um: Others (2) NaPeNaNs, 6.6 12.1 1.0 9.8
Shift between poor and not poor. Not poor at 8ypp NaNeP.N
BINEF 4yNgy
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Table 8: Poverty transitions by treatment arm, South

Poor at baseline

Poor at 8ypp
Not poor at 8ypp

Permanently exit poverty after programme ends
Permanently exit poverty post-programme

Exit poverty 8ypp
Sum: Poor at baseline, not poor at 8ypp

Not poor at programme end but return to poverty at 8ypp

Sum: Returned to poverty at 8ypp

Never escape poverty
Never poor

Sum: Others (1)
Shift between poor and not poor. Poor at 8ypp

Sum: Others (2)
Shift between poor and not poor. Not poor at 8ypp

PsNeNsyNg,
PsP:NaNg,
PsPeP4yNay
PeNEeP4yNsy

PeNeP4,Pgy
PsNe NP,

PsPePa4yPgy
NaNe NaNg,

PsPe N4Psgy
NgPeP4yPsy
N5NePayPs, NN
N.Pey
NgPeNPe,
N5PePayNsy
N5PeNaNg,
NaNePayNg,

56.9

22.3
77.7

23.9
8.3
3.4
7.1

42.7

2.8
4.6
7.4

3.9
26.8

11.0

7.8

60.2

26.3
73.7

19.4

11.9
6.4
8.8

43.2

3.4
4.8
8.2

6.8
17.8

12.8

64.5

26.0
74.0

23.9
8.8
3.4
7.1

42.7

2.8
4.6
7.4

3.9
26.8

14.7

7.8

61.5

21.6
78.4

17.9
12.5
10.2
4.2
44.8

2.1
2.8
4.4

8.4
18.8

8.8

14.8
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In the North, a large percentage of households (22.1%) in the Cash+BCC treatment group
who were poor at baseline are not poor at endline and remain non-poor 4yPP and 8yPP. This
is the PsNeN4yNg, group. Another 25.2% are still poor at endline but move out of poverty in
2018 and stay out (PgPeN4Ng,) or become non-poor by 2022 (PgPeP4yNs,). Lastly, 13.2% of
households toggle back and forth between being poor and non-poor, but are non-poor in
2022 (PgNeP4yNgy). Across all these transition states, 60.5% of households that had been
poor at baseline were no longer poor 10 years later. Put differently, in the Cash+BCC
treatment arm, 76.2% (=60.5/79.4) of poor households at baseline had escaped poverty by
2022, with 27.8% (=22.1/79.4) having done so by the time the project had ended in 2014.

The pattern for the control group was different. Few poor control households at endline
(8.5%) moved permanently out of poverty at endline. While, by 2022, 51.0% of poor baseline
households had moved out of poverty, half (50.5 = 25.8/51.0) had only done so between
2018 and 2022. The transition patterns of the Cash only and Food only treatment arms lie
between what we see for the Cash+BCC and the control households.

With the caveat that the magnitudes of the transitions are generally smaller in the South (it
is important to remember that consumption levels were higher in the South at baseline and
so the prevalence of poverty was lower), we see a similar pattern. A large percentage of
households (23.9%) in the Food+BCC treatment group that were poor at baseline are not
poor at endline and remain non-poor 4yPP and 8yPP; these represent 42.0% (=23.9/56.9) of
poor households at baseline. The percentage of households that are poor at baseline but not
poor at 8yPP are similar across all treatment and control groups but the speed at which they
become non-poor varies, with this transition occurring most slowly for the control group and
somewhat faster for the Cash only and Food only treatment arms.

One way of summarising the differential speed of these transitions is to use an approach
originally suggested by Calvo and Dercon (2007). They propose a multi-period counting
approach, where period-by-period poverty spells are combined, using a weighted sum of
poverty spells, into one aggregate measure of poverty over a period of time for each
household. This measure consists of T spells according to the equation below:

=Y pp @
where P, = 1 if the household is poor at period t, B captures the weight assigned to poverty
status in any given period, and § > 0. Omitting the baseline, in our data, T = 3 since we have
three rounds of post-baseline information on possible poverty spells. Because we are
interested in whether the TMRI interventions had sustained impacts on poverty, we consider
B = 0.85, which implicitly puts more weight on poverty spells in the latter rounds. Thus, if a
household was poor at endline, it is assigned a value of 0.618 in that round; if it is poor in the
4yPP survey, it is assigned a value of 0.722 in that round; and finally, if it is poor in the 8yPP
survey, it is assigned a value of 1 in that round. Summation over three rounds gives us a CD

poverty score for each household ranging from a value of 0 if never poor to 2.18 if poor in all
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three rounds; a lower value is consistent with greater sustained reductions in poverty over
time.

Table 9 reports the impacts of the TMRI treatment arms on the Calvo—Dercon measure.
Here we do see evidence of sustained impacts; the coefficients for Cash and Cash+BCC (in
the North) and for Food+BCC in the South are negative (implying reductions in chronic
poverty) and statistically significant.
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Table 9: Impact of treatments on Calvo—Dercon measure of chronic poverty, by region

Cash

Food

Cash+BCC

Food+BCC

Constant

Observations
R-squared
P-values:

Cash = Food
Cash = Cash+BCC
Food = Cash+BCC
Cash = Food+BCC
Food = Food+BCC

-0.230%**
(0.08)
-0.095
(0.07)

-0.37 1%
(0.07)

1.306%**
(0.05)
1,667
0.028

0.06
0.05
<0.01

-0.026
(0.07)
-0.005
(0.08)

-0.23 5%
(0.07)
0.850%*
(0.06)
1,713
0.015

0.76

<0.01
<0.01

Notes: ** significant at the 5% level; *** significant at the 1% level. Standard errors are clustered at the village level, which is the unit of randomisation. Test of null hypothesis that

coefficients for Cash+BCC and Food+BCC are equal: 0.19.
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7 Who does not escape poverty, and why

We have documented that most households in our sample have seen sustained reductions
in the likelihood of being extremely poor and that these reductions have been larger and
most sustained in treatment arms that included BCC. However, we have also found that
some households, both when receiving transfers and after those transfers end, never escape
poverty; they represent 8.0-10.5% of households in the North and 3.9-8.4% of households
in the South. Why were these households unable to ever escape poverty? We consider three
explanations.

First, perhaps these households are concentrated in a few locations where infrastructure is
poor, access to remunerative livelihoods is limited, or where they are subject to repeated
climatic or economic shocks - that is, these are poor households living in poor places as
opposed to simply being poor households. A first step in considering this explanation is
provided by Figure 7 and Figure 8.

Figure 7: Distribution of households that are poor in all survey rounds in each village, North
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Figure 8: Distribution of households that are poor in all survey rounds in each village, South
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In these figures, we calculate the percentage of households in each village that were poor in
all survey rounds and aggregate these percentages into five bins: 0%, 0.1-15%, 15—-25%,
25.1-50%; and greater than 50%. If those unable to escape poverty are geographically
concentrated, we would expect to see the highest bars for 0% and 50% or greater; that is,
either villages have no households that are poor in all four rounds, or they have lots of
households that are poor in all rounds. However, we do not see such a pattern in either the
North (Figure 7) or the South (Figure 8). Instead, in both the North and the South, the modal
category for households that are poor in all four rounds are villages where 0.1-15% of
households are always poor (excluding villages where no households fall into this category).
This suggests that the poor places idea does not explain our findings.

Second, perhaps these households are simply less responsive to the impacts of the TMRI
treatment arms; that is, the transfers of food or cash, with or without BCC, provide them with
a smaller boost than is the case for households that escaped poverty. To assess this
explanation, we disaggregate our sample into households that had, by region, baseline per
capita consumption below the 25th percentile and everyone else. In the North, 25.3% of
households in the bottom 25% were poor in all survey rounds compared to 8.5% for everyone
else; in the South, 13.8% of households in the bottom 25% were PPPP compared to 4.4% for
everyone else. Therefore, the baseline per capita consumption bottom quartile group is a
good approximation for those households that were likely to be poor in all rounds.

The results are shown in Table 10 and Table 11. In the North (Table 10), there is no evidence
that treatment arms have a smaller impact on consumption in households with the lowest
levels of baseline consumption. If anything, although the differences are not statistically
significant, the impacts of the individual treatment arms on log per capita consumption in
2014, 2018, or 2022 tend to be larger for households that are poorest at baseline. We see
the same pattern when we consider the impacts on households with different consumption
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levels in the South (Table 11). The ‘less responsive’ to treatment idea does not appear to
explain why some households never escaped poverty.
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Table 10: Impact of treatments on log monthly per capita consumption, by baseline consumption, North

Cash 0.177%** 0.115%** 0.097 0.021 0.130%* 0.056
(0.04) (0.03) (0.05) (0.03) (0.05) (0.03)
Food 0.113** 0.097*** 0.059 0.005 0.097* 0.040
(0.05) (0.03) (0.05) (0.03) (0.05) (0.03)
Cash+BCC 0.330*** 0.245%** 0.116** 0.077*** 0.7199*** 0.102%**
(0.05) (0.03) (0.06) (0.03) (0.06) (0.03)
Constant 5.227%** 4.570%** 5.096%** 5.107*** 5.527%** 6.058***
(0.76) (0.23) (0.61) (0.27) (0.77) (0.31)
Observations 419 1248 419 1248 419 1248
R-squared 0.140 0.159 0.043 0.064 0.044 0.030
P-values:
Cash (poorest quartile) = Cash (all others) 0.24 0.19 0.22
Food (poorest quartile) = Cash (all others) 0.69 0.34 0.34
gtahs;:I)BCC (poorest quartile) = Cash+BCC (all 013 0.52 013

Notes: ** significant at the 5% level; *** significant at the 1% level. Standard errors are clustered at the village level, which is the unit of randomisation. Controls include baseline
(2012) log monthly per capital consumption.
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Table 11: Impact of treatments on log monthly per capita consumption, by baseline consumption, South

Cash 0.091 0.052 0.060 -0.033 0.008 -0.025
(0.05) (0.03) (0.05) (0.03) (0.05) (0.04)
Food 0.071 0.046 -0.017 -0.021 -0.044 -0.052
(0.05) (0.03) (0.05) (0.04) (0.05) (0.04)
Food+BCC 0.2717%** 0.142*** 0.172%** 0.052* 0.046 -0.002
(0.06) (0.03) (0.06) (0.03) (0.06) (0.04)
Constant 5.162%** 4.957*** 5.635%** 5.487%** 5.742%** 5.695%**
(0.77) (0.26) (0.69) (0.27) (0.89) (0.33)
Observations 428 1285 428 1285 428 1285
R-squared 0.074 0.097 0.062 0.052 0.017 0.031
P-values:
Cash (poorest quartile) = Cash (all others) 0.48 0.08 0.57
Food (poorest quartile) = Cash (all others) 0.64 0.95 0.88
Food+BCC (poorest quartile) = Food+BCC (all others) 0.22 0.06 0.41

Notes: ** significant at the 5% level; *** significant at the 1% level. Standard errors are clustered at the village level, which is the unit of randomisation. Controls include baseline
(2012) log monthly per capital consumption.
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Third, perhaps the households that never escaped poverty had extremely low levels of
consumption at baseline. While they could have experienced substantial consumption
growth over time, this was not enough to move them out of poverty. Evidence consistent
with this hypothesis can be seen in Table 12 and Figure 9. Table 12 reports, by region, mean
per capita consumption, P1 poverty, and P2 poverty at baseline for households that were
poor in all rounds as well as all other households. In the North, households that were poor in
all four survey rounds had mean consumption levels that were 73.4% of all other
households. P1 poverty was 76.2% higher and P2 was 100% higher. In the South, households
that were poor in all four survey rounds had mean consumption levels that were 73.2% of all
other households. P1 poverty was 107.6% higher and P2 was 150% higher.

Table 12: Baseline median monthly per capita consumption and poverty status, by selected poverty
transitions, and region

Mean per capita consumption 951.8 1295.3 1093.4 1492.7
P1 poverty 0.37 0.21 0.27 0.13
P2 poverty 0.16 0.08 0.10 0.04

In Figure 9, we restrict our sample to households that were poor in all survey rounds. It
shows that, in both regions, the distribution of per capita consumption shows a pronounced
rightward shift; consumption levels are increasing for these households but not by enough
for them to obtain consumption levels that exceed the extreme poverty line (shown as the
vertical rule). Consistent with this, in both regions, median per capita consumption as a
percentage of the poverty line rises over time, but not enough to move these households out
of poverty.
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Figure 9: Density plots of log real per capita consumption, by survey round and region, households that are poor in all rounds
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8 Summary

We address four questions in this paper: (1) whether the TMRI had an impact on
consumption 8yPP; (2) whether these impacts were sufficient to sustainably lift households
out of poverty; (3) why some households did not move out of poverty; and (4) what lessons
can be learned from the value-added of complementary programming to the sustainability of
social assistance interventions.

The sustainability of impacts on consumption are location- and modality-specific. In the
North, 4yPP, the distributions of the Food and control groups converge and remain
essentially the same in 2022. Cash has a smaller, sustained positive impact in 2018 (though
imprecisely measured) and 2022. The Cash+BCC treatment has large, sustained impacts on
consumption — 26.7, 8.7, and 12.8% higher than the control group in 2014, 2018, and 2022,
respectively. In the South, 4yPP, the distribution and levels of consumption in the Food and
the Cash treatment groups converge on the control group, and by 8yPP, so does the
Food+BCC group. There is no evidence of consumption reverting to baseline levels in
any treatment arm, in either the North or the South.

Similar patterns are observed when we assess impacts on poverty. At programme endline
(2014), poverty in all treatment arms is lower compared to the control households.
Households receiving BCC experienced larger reductions in poverty and these were more
likely to be sustained in 2018. By contrast, in 2018, the prevalence of poverty did not differ
between control, cash only, and food only TMRI recipients. By 2022, in both the North and
the South, relative to the control group, no treatment arm reduced the likelihood that the
household was poor except for Cash+BCC in the North. This occurs because after the
programme ends, treatment households maintain or increase consumption levels and so
continue to be non-poor while the control group households experience a gradual increase in
consumption that eventually is enough to push them over the poverty line. Our analysis of
transition states captures these dynamics. Most notably, these show that in the Cash+BCC
treatment arm, 76.2% of poor households at baseline had escaped poverty by 2022. By
contrast, while 51.0% of poor baseline households in the control group, half of these only did
so between 2018 and 2022. The transition patterns of the Cash only and Food only
treatment arms lie between what we see for the Cash+BCC and the control households. A
similar pattern is observed in the South.

We consider three explanations as to why some households never escape poverty. Two of
these explanations are not compelling, however. Perpetually poor households do not appear
to be concentrated in specific locations, nor are they less responsive to treatment. Instead,
these households had extremely low levels of consumption at baseline and while they
experienced substantial consumption growth over time, this was not enough to move them
out of poverty.

These results speak to debates about how best to generate sustained increases in
consumption and reductions in poverty. Consistent with a growing body of evidence, our
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results indicate that a cash+ approach (here, Cash twinned with nutrition BCC activities)
generate faster and sustained escapes from poverty relative to the control group. By
contrast, transfer only treatment arms give households a head start on poverty reduction but
do not convey longer-term benefits relative to the control group. They also speak to the
debate about the most cost-effective form of cash+ interventions. Here, the strongest
evidence comes from ‘big push’ graduation approaches, such as those combining assets,
training, and other components (Bandiera et al., 2017b; Banerjee et al., 2015, 2020).
However, as Leight, Hirvonen, and Zafar (2024) comment, these approaches are costly; they
note, for example, that the Banerjee et al. (2015) study reports costs per beneficiary of
between US$1000 and USS$2000, inclusive of transfer values of US$500 to US$1000. The
Cash+BCC treatment arm cost approximately USS580 over two years (USS$480 in transfer
costs and USS$100 for the BCC), suggesting that it may be possible to generate sustained
reductions in poverty at a lower cost.
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