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Abstract

Do poverty traps exist? This question is central to development economics as it
implies initial conditions can have lasting effects on long-run prosperity. I estimate
the existence and prevalence of poverty traps using harmonized microdata from 27
randomized controlled trials covering 75,000 households. By estimating how poor
households’ assets evolve over time, accounting for differences in their ability and
consumption-savings decisions, I find that poverty traps are widespread: 60% of
studies show signs of them. Yet within a study, on average, only 25% of households
are actually trapped. This is driven by differences in productivity and forward-
looking consumption responses which allow households to preemptively invest and
escape low-asset states. A calibrated household growth model shows that optimal
transfers target the poorest, not those near the trap threshold, in over 95% of
contexts.
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1 Introduction

A large theoretical literature argues that poverty traps—self-reinforcing mechanisms that
keep the poor poor—are a key feature of economic development (Rosenstein-Rodan 1943;
Murphy et al. 1989; Banerjee and Newman 1993; Dasgupta 1997). Others, however,
contend that the conditions required for poverty traps to exist are empirically implausible,
and that markets, random shocks, or contracts should preclude their presence in practice
(Cass 1965; Lucas 1988; Aiyagari 1994; Moll 2014). This theoretical divide is mirrored
by mixed empirical evidence, which has traditionally focused on national, cross-country
comparisons (Quah 1996; Sachs et al. 2004; Azariadis and Stachurski 2005) or, more
recently, on micro-level evidence in specific contexts and interventions (McKenzie and
Woodruff 2006; Santos and Barrett 2011; Banerjee et al. 2019; Balboni et al. 2022). The
central question therefore remains: do poverty traps exist, and if so, how prevalent are
they?

To answer this question, I harmonize microdata from randomized cash and asset trans-
fer experiments. I then develop an empirical framework to identify and estimate poor
households’ asset accumulation equation, which describes how their assets change over

time as a function of their production and consumption choices:
ki = f (ki) = c(ki) = 0k,

In this framework, a poverty trap exists if the accumulation equation has multiple steady
states, that is, multiple levels of assets where k; = 0. This is because the accumulation
equation determines whether a household’s assets grow, shrink, or remain constant over
time. Multiple steady states imply that some households are poor not because of innate
differences in ability, but rather their initial endowment, and that a sufficiently large asset
injection can move them to a higher-asset steady state.

I begin with the theoretical foundation, outlining a dynamic model of household pro-
duction with endogenous consumption decisions. The model, originally developed in
Skiba (1978); Buera (2009); Ikegami et al. (2016) has two key ingredients: (i) households
produce output in the presence of fixed costs, such as large indivisible investments like
a cow or machine, that create non-convexities in their production technology;! and (ii)
households differ in ability. While these two features are common in poverty trap models,
empirical work has largely ignored the implications of endogenous consumption decisions
in this context.?

The theoretical model illustrates three challenges any empirical analysis must address.

'Fixed costs generate non-convexities in the production set which lead to non-concavities in the
production function.

2Carter and Lybbert (2012) provide a detailed discussion of the empirical evidence on consumption
smoothing in poverty trap models.



First, observed household assets reflect a sequence of optimizing consumption choices and
are therefore endogenous. Second, fixed costs alone do not create poverty traps: forward-
looking households may forgo current consumption to save and acquire indivisible assets,
sorting into higher-asset steady states. Third, differences in ability create differences in
who faces poverty traps. Some households may be so productive that, regardless of their
starting assets, they accumulate wealth and reach a higher-asset steady state. Others
are so unproductive that they lose assets until they settle at a low-asset state, no matter
their initial assets.

Having reviewed theoretical conditions for indivisibility-based poverty traps, I next
turn to identification. My empirical framework follows three main steps: First, to ad-
dress endogenous asset formation, I use the randomized transfers to identify the house-
hold production function.® Second, I recover the consumption function from observed
consumption data, allowing heterogeneous households to optimally adjust spending in
response to potential production indivisibilities. Finally, combining these two functions,
I construct the household asset accumulation equation and simulate its dynamics to de-
termine the presence of poverty traps. Crucially, my approach explicitly accounts for
household optimization and heterogeneity in ability, allowing the transition equation to
vary across households and reflect their endogenous consumption responses.

To implement this framework empirically, I adopt a flexible, nonparametric dynamic
panel approach that captures the joint evolution of income, consumption, and assets.
This approach allows for, but does not impose, household optimization and enables me
to flexibly estimate the asset accumulation equation without restrictive functional form
or parametric assumptions. However, this generality comes at a cost: the underlying
technology, preferences, and nature of the household optimization problem remain un-
specified. I must recover the full production and consumption functions directly, not the
finite dimensional parameters of some model.

This represents the next empirical challenge of the paper: nonparametric instrumental
variable estimators can generate imprecise estimates, potentially producing spurious pat-
terns that resemble production function non-concavities or poverty traps. I approach this
problem by introducing regularization in the form of a prior, leveraging quasi-Bayesian
methods (Kankanala 2025). Intuitively, I encode prior beliefs about the smoothness of
the production function which stabilizes estimates, allowing me to recover economically
plausible functions.

I then turn to estimation of the consumption function, which poses additional chal-
lenges due to its nonlinear dependence on unobserved household ability and productivity
shocks. These difficulties are compounded by the short panels typical of randomized

controlled trials, where direct estimates of ability and productivity shocks are prone to

31 supplement the experimental variation with internal instruments, using dynamic panel methods
following Arellano and Bond (1991); Blundell and Bond (2000).



severe bias and high variance: with few observations per household, a sequence of “lucky”
idiosyncratic shocks can be easily mistaken for high ability. To address this, I avoid esti-
mating the unobserved ability and productivity directly and instead integrate over their
distribution. Specifically, I implement a particle Markov Chain Monte Carlo (PMCMC)
algorithm (Andrieu et al. 2010; Arellano et al. 2024) which samples latent productivity
paths in proportion to their likelihood. By simulating and averaging across many such
paths, I obtain estimates of the consumption function that integrate out latent states,
obviating the need to estimate them explicitly.

The next step is to bring data to the dynamic panel model. I compile and harmonize
microdata from 27 randomized cash and asset transfer experiments in low- and middle-
income countries. This dataset is uniquely suited to the task of identifying poverty traps
for three reasons. First, each study features a randomized transfer to households, totalling
over $50 million in randomized assistance to the poor. These transfers generate a large,
exogenous shock that can push households from low-asset to higher-asset steady states,
allowing me to trace out the dynamics in between. Second, the studies feature a baseline
survey and at least one follow-up, allowing me to observe households’ asset dynamics
over time. Third, detailed household surveys provide data on households’ income and
consumption decisions, which allow me to identify the production function, consumption
function, and, in turn, the asset accumulation equation.

My first set of findings focus on study level average structural functions. I find that
the household production function often exhibits non-concavities at low asset levels. Of
the studies in my sample, 13 (48%) show evidence of increasing marginal returns over
some range of assets, deviating from the standard assumption of diminishing marginal
returns. In contrast, the remaining studies conform more closely to neoclassical predic-
tions, with smooth, concave production functions and strictly diminishing returns. These
results suggest that non-concavities are a genuine feature of poor households’ production
environment.

Second, I find the household consumption function demonstrates clear non-monotonicities
in assets, consistent with forward-looking behavior aimed at reaching a higher steady
state, in 16 (64%) studies. These non-monotonicities are strongly predicted by the shape
of the production function: when the production function is non-concave, there is a
69% chance the consumption function is non-monotonic, whereas when the production
function is concave, both monotonic and non-monotonic consumption are equally likely.

Third, the asset accumulation equation shows clear evidence of multiple steady states,
and therefore poverty traps, in 15 (60%) of studies, with the remaining studies showing
a single, stable steady state.

While the average asset accumulation function is informative, it masks substantial het-
erogeneity across households. Simulating each household’s asset accumulation equation,

I find that, on average, only 25% of households are in a poverty trap — even though



59% hold fewer assets than the threshold implied by the study level average structural
functions. This surprising result stems from two sources: differences in ability and en-
dogenous consumption responses. Some households are so productive that, regardless of
their starting assets, they accumulate wealth and reach a high-asset steady state. Others
so unproductive that they lose assets until they settle at a low-asset equilibrium, no mat-
ter their initial assets. A third group lies between these two extremes: for them, multiple
steady states exist, and their long-run outcomes depend on initial assets. Similarly, en-
dogenous consumption responses mean that while households typically face fixed costs,
many reduce consumption as they near a critical threshold, allowing them to accumulate
assets and escape the trap.

Next, I examine the mechanisms that could generate non-concave production functions
and therefore poverty traps. Using data on livestock ownership and estimated proximity
to the household poverty trap threshold, I find a sharp increase in the probability of
ownership of large indivisible assets — specifically, a 23% increase in goat ownership and
a 42% increase in cow ownership — at the threshold. These assets likely represent fixed
costs that induce production non-concavities. In contrast, ownership of smaller animals,
such as chickens, remains unchanged.

I also find qualitative support for fixed costs as a mechanism. Two studies in my
sample discuss fixed costs as a barrier to investment: cows in Balboni et al. (2022) and
a metal roof in Haushofer and Shapiro (2016). In both cases, my estimated poverty trap
thresholds align closely with the price of these assets. In addition, I find a significant
correlation between poverty trap status and household education and age, consistent with
the idea that ability interacts with fixed costs to determine who faces a trap.

Finally, T use the estimated production and consumption functions to calibrate the
guiding theoretical model. By imposing household optimization and a specific utility
function, I can solve the model and evaluate household growth dynamics across a range of
counterfactuals, using a finite-difference upwind scheme to account for non-convexities in
the value function (Achdou et al. 2022). Households in this calibrated model endogenously
adjust their consumption and savings decision in response to changes in the stochastic
environment or promises of future income support, which I cannot infer from the dynamic
panel estimates alone.

I use the calibrated model to study how optimal transfer policies should be designed
when poverty traps may exist. A central question in the anti-poverty literature is whether
to target impact or deprivation (Haushofer et al. 2025). Should transfers go to the very
poorest, those with the highest marginal utility of consumption, or to households near
the poverty-trap threshold, who have the highest marginal return? I find that optimal
policies typically target deprivation, rarely diverting resources from the poorest towards
those near the trap threshold.

The paper contributes to three literatures. First, it provides harmonized experimen-



tal evidence on poverty traps across diverse settings. Previous studies examined single
contexts in isolation (Bleakley and Ferrie 2016; Barrett et al. 2018; Banerjee et al. 2019;
Balboni et al. 2022; Bari et al. 2024), while broader reviews (Azariadis and Stachurski
2005; Kraay and McKenzie 2014) rely on cross-country or study-by-study comparisons.
I assemble a large global panel of randomized transfer experiments, enabling systematic
estimation of poverty traps from harmonized household microdata.

Second, I examine the empirical implications of dynamically optimizing households in
settings where poverty traps may arise. Prior empirical work, such as Balboni et al.
(2022), treats baseline assets as quasi-random and focuses on estimating a representative
asset transition path. I instead incorporate household optimization and latent ability into
a dynamic panel framework, yielding household-level asset transition equations. This
richer structure makes it possible to separate households who are truly trapped, those
who would reach a higher-asset steady state if shifted above a threshold, from those who
are merely poor today but would naturally accumulate assets. To identify these dynam-
ics, I use the randomized transfers and internal instruments that address endogenous
investment under a weaker condition: households cannot systematically deviate from
their long-run steady state, rather than requiring asset levels to be orthogonal to asset
accumulation.

Finally, this paper contributes to a growing literature in economics that combines
experimental evidence through meta-analysis (Meager 2019, 2022; Bandiera et al. 2022;
DellaVigna and Linos 2022; Kremer et al. 2023; Crosta et al. 2024; Breza et al. 2025). Like
Kremer et al. (2023), who study the link between water chlorination and child mortality,
I revisit primary data to address a new question: the shape of household asset dynamics.
My focus is not on treatment impacts, but on whether these dynamics imply multiple
steady states consistent with poverty traps. By harmonizing microdata and embedding it
in a unified structural framework, my analysis uncovers dynamic mechanisms that single

trials struggle to reveal in isolation.

2 A Dynamic Model of Poverty Traps

This section develops a dynamic model of household growth to formalize the mechanisms
that can generate poverty traps. The goal is to guide the empirical analysis that follows
and understand why some households escape poverty while others remain stuck, even
when facing similar environments. I review a standard model of poverty traps that inte-
grates three features: (i) a production technology with a fixed cost to access high returns,
which creates a non-convex opportunity set; (i) two sources of unobserved heterogene-
ity—persistent shocks and time-invariant ability—that explain why different households
follow different paths and; (iii) forward-looking households who optimize consumption and

savings, allowing their expectations and patience to shape their own trajectory (Skiba



1978; Buera 2009; Ikegami et al. 2016). Together, these features yield predictions about

how income, consumption and assets behave under poverty traps.

2.1 Consumption and Production with Fixed Costs

To build intuition, consider a model in which households can produce with two technolo-
gies: a low-return technology, fi(k), and a high-return technology, fz(k), available only
after paying a fixed cost F > 0. The production function is the upper envelope of these

two technologies, illustrated in orange in Figure 1:

vir = f(kir; wir, i) = exp(wjr + ;) max{ Apk, Ap (ki — F))* ., Ag>Ap (1)
——

fL(kit) fH(kit)

Here, k;; denotes household i’s assets at time ¢, and y;; is output. The fixed cost, F,
creates a barrier to accessing the high-return technology — an indivisible investment such
as a cow in Balboni et al. (2022), which costs a year’s income, or a carpentry machine in
Bassi et al. (2022), which requires savings equivalent to 18 months of average profit.

Two unobserved factors drive differences in production outcomes: a time-invariant
component, 7;, and a persistent shock, w;;. The fixed term n; captures traits such as
ability, motivation, or grit that remain stable over time. The shock w;; represents serially
correlated fluctuations, like health problems or weather shocks, that vary across periods
but remain linked over time. Together, these components generate heterogeneous and
uncertain production paths, even among households with the same asset levels.

Given their production possibilities, households choose a consumption path, c;, to

maximize lifetime expected utility:
V(kio, wio, i) = max Eg /0"0 e u(cy)dt (2)
subject to
dkir = f(kit; wir, i) = cir = 6kyy dt (3)

where u(-) is the household’s utility function, vy is the discount rate, and w; follows a
stochastic process.

The solution is an optimal policy rule ¢;; = n(kj;, wir, n;), linking consumption to assets,
current shocks, and ability. Households are assumed to have no access to credit or
rental markets—that is, they cannot borrow or rent capital. Although restrictive, this
assumption isolates the pure dynamics of asset accumulation and plausibly reflects the

empirical context: across studies that measure debt, 61% of households report none, and



the median positive debt is only $88.02 compared with median assets of $415.36.4

2.2 Model Dynamics and Testable Implications

Having defined household production and the budget constraint, I next examine the
dynamics they imply—how fixed costs and forward-looking consumption decisions interact

to generate, and potentially reveal, poverty traps.
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Figure 1: Poverty traps with fixed costs — exogenous and endogenous consumption

Notes: This figure shows the production and consumption functions (top row) and the resulting asset
accumulation equations (bottom row) for three scenarios. Production functions are depicted in orange,
whilst consumption and asset accumulation functions are in blue. The left column shows a Solow model
with fixed costs and exogenous consumption, ¢;; = (1 — s)y;;, generating a poverty trap. The solid
lines in the right column show the same production function, but now with endogenous consumption,
cit = w(kiz;y). The dot-dashed lines in the right column show a scenario where households value future
consumption more, c¢;; = w(k;;;7y’), eliminating the poverty trap. Consumption policies are generated
using value function iteration with no stochastic shocks, w;; = 0, and fixed productivity, n; = 0. Parameter
values are: Ap =0.4,Ag =0.9, =0.5,F =1.0,6 = 0.25,y = 0.05,y” = 0.0425.

4There is little evidence that low average debt reflects ‘study-level’ market clearing, where other
sample households lend to indebted ones. Across studies, only 19% of households report any lending,
with a median positive loan of $33.33. However, only four studies provide detailed lending data, so this
evidence is only suggestive.



2.2.1 Exogenous Consumption and Poverty Traps

The left column of Figure 1 presents a benchmark in which households consume a fixed
share of income, ¢;; = (1—15)y;;, rather than making forward-looking choices. This setting
resembles a Solow model with a constant savings rate s, but includes indivisibilities
in production. The asset-accumulation equation crosses zero three times, yielding two
stable steady states, k; and kpy, separated by an unstable threshold k. Households
starting below k converge to poverty, while those above it converge to prosperity — a

classic poverty trap.

2.2.2 Endogenous Consumption and Trap Thresholds

When households instead optimize consumption to maximize lifetime utility, the dynam-
ics change. The right column of Figure 1 shows that the optimal policy, ¢(k), departs
from proportional consumption: households deliberately reduce consumption near the
threshold to accumulate assets and reach the high-return technology. This endogenous
savings response moves the threshold leftward, allowing households to escape poverty
from lower initial asset levels than in the fixed-consumption benchmark.

In some cases, forward-looking behavior can eliminate the poverty trap entirely. The
dot-dashed line in the right column of Figure 1 shows that when households place greater
value on future consumption (y’ < y), they accept very low consumption temporarily
to save and accumulate assets from almost any starting point. The bottom-right panel
shows that the asset-accumulation equation now has a single stable high-asset steady
state, kg.

The model implies three testable predictions. First, a fixed cost changes the shape
of the production function: instead of smooth diminishing returns, it creates a kink
with low returns below and high returns above. Second, facing such costs, forward-
looking households reduce consumption near the fixed cost to self-finance the indivisible
investment. Third, the interaction of these forces produces distinctive asset dynamics,
households that heavily discount the future may face multiple steady states, while more
patient households can save through the threshold and remove the trap. Together, these
results suggest that identifying poverty traps requires observing the joint behavior of

production, consumption, and assets rather than focusing solely on asset dynamics alone.

2.3 Implications of Stochastic Shocks and Heterogeneity

The deterministic model clarifies the core intuition, but real households face shocks and
differ in productivity. Incorporating these features illustrates how poverty traps operate
in practice and highlights why simple averages can be misleading.

Random productivity shocks, w;;, complicate the definition of a poverty trap. In the



deterministic model, a household’s future depends solely on its initial endowment. In
contrast, with stochastic shocks, even households with substantial assets may fall into
poverty due to repeated crop failures or chronic illness. Conversely, households with
few initial assets may escape poverty after a series of favorable events. Many will lie in
between these extremes, moving towards or away from steady states depending on the
shocks they receive. As a result, the sharp threshold, k, from the deterministic model no
longer applies. Instead, there is a probability distribution over future asset levels that
depends on current assets, shocks, and ability.

Fixed productivity differences, n;, further interact with these shocks to shape house-
holds’ economic trajectories. More productive households (high 7;) may accumulate assets
despite occasional setbacks, while less productive ones (low 7;) may remain trapped even
after favorable shocks. Households understand these dynamics, and their optimal con-
sumption policy, ¢; = n(k;, wit,n;), responds nonlinearly to assets, shocks, and ability.
Thus, whether households in a study appear “trapped” depends on the joint distribu-
tion of initial ability, shocks, and assets. In some environments, most households remain
trapped; in others, the same technology produces a unique, upward path for the majority.
Averaging across these divergent trajectories can obscure the true mechanisms. It may
even create the illusion of multiple steady states by “joining the dots” across households

with differing abilities, when in fact, only one steady state exists for each household.

3 Data and Stylized Facts

I now describe the data and key variables I harmonize for use in my empirical analysis,

before turning to stylized facts using the microdata.

3.1 Sample Construction

To identify poverty traps, I construct a novel panel dataset of poor households from
27 randomized transfer experiments across 17 countries, drawn from a wider harmonized
sample of 58 RCTs. I assemble the sample through a three-step process. First, I identify a
comprehensive list of potential studies by drawing from existing meta-analyses of transfer
programs and conducting systematic keyword searches in academic databases and trial
registries. Second, this list is screened for studies that meet two inclusion criteria: (1)
the study must feature a randomized assignment to a transfer, and (2) it must measure
at least one of the primary outcomes of interest (assets, income, or consumption) at
the household level or finer detail. Third, I acquire the raw microdata for all qualifying
studies, either from publicly available sources (such as the J-PAL or IPA dataverses) or
by direct request to the principal investigators. Studies that meet the selection criteria

but for which microdata are ultimately unobtainable are excluded from the final sample.
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This leaves 58 studies with microdata that I subsequently harmonize. The main analysis
sample in this paper focuses on the 27 studies which measure income and assets at least
twice.?0

The final sample is geographically diverse, covering 17 countries with broad represen-
tation across Sub-Saharan Africa (15 studies), South Asia (6 studies), and Latin America
and the Caribbean (5 studies), with a single study drawn from East Asia and the Pa-
cific, shown in Appendix Table A.1. Reflecting researcher focus on the poorest regions,
the sample covers countries predominantly classified as low income (5 countries) or lower
middle income (10 countries) by the World Bank, shown in Appendix Table A.2. In
total, the sample comprises 74,811 households and 263,292 observations across all survey
waves, with 15,416 households in low income countries and 40,358 households in lower
middle income countries, approximately 75% of the full sample. Households in my sample
are typically poorer than the average household in their respective countries, with all but
two studies showing lower average daily consumption than the World Bank’s country-level

measure.

3.2 Variable Measurement and Harmonization

To create a consistent panel dataset, I harmonize the primary outcomes and treatment
variables across all studies. My general principle is to defer to the contextual knowledge of
the original authors, using their variable definitions wherever possible before attempting

reconstruction or imputation.

3.2.1 Treatment

The key treatment variable is the randomized transfer, which provides a source of exoge-
nous variation in household assets. For each household, I harmonize data on the size of
the transfer (converted to 2020 USD), its timing, and its type (cash or in-kind). Harmo-
nizing this information allows me to construct a household-month level panel, indicating
precisely when each household received the treatment relative to each survey wave. Ta-
ble A.3 shows study level treatment summary statistics. On average, studies randomly
assign 44% of households to treatment, with a median transfer of $448, corresponding
to approximately 10 months of baseline consumption. Transfer installments are typically
one-off or monthly, with households receiving on average two installments of cash or as-
sets. The transfers, summed across all studies, constitute approximately 50 million USD

in randomized assistance to the poor.

5Tn future work I hope to expand the analysis in this paper to include cases where income or assets
are not measured.

6T discuss differences between the wider sample and analysis sample in more detail in Section 3.2.4,
in short I find little evidence of systematic differences or selection.
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3.2.2 Outcome Variables

The primary outcome variables—household assets, income, and consumption—are harmo-
nized to the household month level to allow for direct estimation of household’s production
function and consumption choices.

To measure asset dynamics, I extract the authors’ provided measures of total, pro-
ductive, and livestock assets. If these aggregates are not directly available, I reconstruct
them using reported quantities and prices.” I do not redefine the authors’ original asset
definitions (for instance, by adding the value of land to total assets if the paper originally
excludes it) in order to preserve the authors’ intents given the studies’ specific contexts.

Income and consumption outcomes are harmonized to the household-month level. I
collect the authors’ measures of total income, wage income, microenterprise profits, and
microenterprise revenue, as well as total consumption. The harmonized sample also
includes data on savings and debt, but these are measured less frequently across studies
and therefore do not form a central part of the analysis. Finally, the sample includes
measures on the number and price of any livestock the household owns since these are
key productive assets in many low-income contexts and are frequently recorded across
studies.

Households in the sample are very poor, with the median household owning a total
of just $595 assets, shown in Appendix Table A.4 — the randomized transfer represents
a near doubling of assets for the median household. Households have very low levels of
consumption, typically $196 per month, corresponding to an average daily value of $1.41

per person, below the World Bank’s $2.15 per day poverty line.

3.2.3 Baseline Covariates

In addition to the primary treatment and outcome variables, I harmonize a set of baseline
household covariates from the pre-treatment surveys. These demographic and economic
characteristics are used to describe the sample population and explore mechanisms and
correlates of traps. The harmonized covariates include the age and years of education of
the household head; the total household size; the percentage of household members who
are female; and a common proxy for housing quality and baseline wealth, an indicator
for the material of the household’s roof. The median household has five members, with
an average (adult) age of 37 years — most households have very little education, with the
median household completing on average 6 years of education, shown in Appendix Table

A.6.

"When only quantities are available, I impute the price of a given good using the median price from
the most recent, price-reporting study in the same country (within a five-year window). This only occurs
in a single study, Ethiopia, Blattman (2018), and results are robust to excluding this study.

12



3.2.4 Sample Selection and Panel Construction

The paper’s main analysis requires observations of households’ income, consumption, and
assets at multiple time periods, naturally not all studies measure these outcomes at every
survey wave, or at all. Therefore, I restrict the sample to households that report at
least two observations of income and assets, leaving a final sample of 74,811 households
and 263,292 observations across all survey waves.® I find little evidence of systematic
differences between this sample and the wider set of studies with harmonized microdata.
Appendix Table A.7 shows evidence of only two imbalances at the ten percent level
between the two samples: households in the main analysis sample own slightly more pigs
(+0.4, p = 0.036) and receive a higher transfer (+$77.8, p = 0.052) however across twenty
comparisons one would expect two to be significant at the ten percent level by chance.
Finally, my preferred specification pools multiple income, consumption, and asset mea-
sures to generate proxies for each outcome. For instance, income is measured using total
income, but if this is not available it is substituted with total reported profits, revenue,
or wage income in that order. Similarly, assets are measured by taking total assets,
productive assets, or livestock assets respectively. Outcome statistics using these proxy

measures are reported in Appendix Table A.5.

3.3 Stylized Facts

A first look at the data reveals a puzzle: on aggregate, the data shows patterns that
are remarkably consistent with the Solow model but when considering individual studies,
there are patterns suggestive of poverty traps.

In Figure 2, I pool all the microdata across studies and find incomes smoothly rise
with assets (Figure 2a), consumption similarly increases with assets (Figure 2b), and
asset dynamics reflect this, with a single stable steady state (Figure 2c¢). These patterns
all match the predictions of a simple Solow model, suggesting the poor are not necessarily
trapped, but rather differences in human capital, institutions, or other unobservables may
explain persistent poverty.

However, turning to individual studies, I find cases that match the predictions of the
endogenous consumption model presented in Section 2, shown in Figure 3. For instance,
in Tanzania (Baird et al. 2024) incomes initially slowly rise with assets, but only after
assets approach the approximate price of a key lumpy investment, a cow, do incomes
increase rapidly (Figure 3a).’ Similarly, in Bangladesh (Balboni et al. 2022), incomes

plateau around the price of a cow, before rising sharply thereafter (Figure 3b).

8Consumption is also required for the full model, however it is possible to estimate the production
function using only observations of income and assets.

9There is no direct price data for cattle in Baird et al. (2024) so this figure is calculated by ex-
trapolating from 2010 prices reported in Pica-Ciamarra et al. (2011), approximately 250-450 thousand
Tanzanian Shillings.
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Figure 2: Pooled Microdata Stylized Facts

Notes: This figure shows three stylized facts about income, consumption, and assets amongst the poor.
Income, consumption, and assets are winsorized at the 5th and 95th percentiles to reduce the influence of
outliers. The solid line is a global third order polynomial regression line of best fit. The binscatter points
are estimated using Cattaneo et al. (2024)’s binscatter method, with dummies for a common intercept

and each study, the structural function is plotted at the common intercept level.
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Consumption patterns also reflect non-linearities consistent with endogenous consump-
tion behavior around lumpy investments. In Kenya, (Haushofer and Shapiro 2016), house-
holds appear to reduce their consumption before their asset holdings approach the price
of a large indivisible asset discussed in the original paper, a metal roof (Figure 3c). Simi-
larly, in Bangladesh, consumption dips sharply as households approach the price of a cow
(Figure 3d). In the case of Bangladesh, the production and consumption patterns align
and repeat — plausibly around multiples of the cow price — suggesting that households

may be making lumpy investments in livestock as they accumulate assets.

Tanzania, Baird (2024) Bangladesh, Balboni (2022)
1
1
1
$300
a a $130 i
(%] 7] 1
=) =] |
@ $250 g !
£ £ !
o I} |
= 2s110 !
2$200 >
= < 1
[ 2 “
3 S !
Approximate Cow Price ! Price of a Co
$150 in Tanzania in 2008 $90 : I v
- I
e \
$100
$0 $500 $1,000 $1,50( $0 $500 $1,000 $1,500
Household Assets, USD Household Assets, USD
(a) Income by assets in Tanzania (Baird (b) Income by assets in Bangladesh (Bal-
et al. 2024) boni et al. 2022)

210 Kenya, Haushofer (2016) 0 Bangladesh, Balboni (2022)

$22

1
Price of a Metal Roof Price o( aCow 1
\

;

1

1 1
3 %190 1 8 $200 :
=] =) 1
5 | g ‘
"§$17o "§$180
P} >
7] @ 1
s S $160 !
O $150 O '
> > 1
S £ !
5 5 $140 '
= $130 3 :

$120 i
$300 $600 $900 $0 $500 $1,000 $1,500
Household Assets, USD Household Assets, USD

(¢) Consumption by assets in Kenya (d) Consumption by assets in Bangladesh
(Haushofer and Shapiro 2016) (Balboni et al. 2022)

Figure 3: Study-Level Stylized Facts

Notes: This figure shows two stylized facts about income and consumption responses to assets in
individual studies. The first panel fits a flexible regression function to income and assets in Tanzania
and Bangladesh. The second panel fits a flexible regression function to consumption and assets in Kenya
and Bangladesh. The sample is trimmed to remove outliers, keeping only observations with assets,
consumption, or income between the 5th and 95th percentiles. The approximate cow price in Tanzania
is calculated by taking the upper and lower end of cattle prices reported in Pica-Ciamarra et al. (2011)
and adjusting for inflation to 2020 USD, I find a range of $598 to $958.

The discrepancy between the aggregate and individual study patterns motivates why

considering heterogeneity is so important. Averaging over diverse contexts can blur sharp,

15



non-linear patterns in the data that are key to identifying poverty traps. Furthermore,
such heterogeneity can appear across studies, motivating an approach that estimates the
asset transition equation separately for each study but also within studies, as households
may differ in their individual productivity or consumption preferences.

In the next sections, I develop a systematic approach to identifying and estimating

poverty traps that accounts for both types of heterogeneity.

4 A Dynamic Panel Model of Income, Consumption,

and Assets

To formally examine the existence of poverty traps, I develop and estimate a dynamic
model of joint household income, consumption, and asset accumulation. The framework
is deliberately flexible, designed to capture the complex, non-linear dynamics that the
theoretical poverty trap model, discussed in Section 2, predicts without imposing restric-
tive functional form assumptions ex-ante. Lowercase variables of income, consumption,
and assets, {yij: Ciji, kiji}, denote natural logarithms throughout this section and the

next.

4.1 Production Function

I model the household’s income generating process to capture three sources of heterogene-
ity that are critical for understanding poverty dynamics. First, the production function,
fi(+), is study-specific and nonparametric, allowing the relationship between assets and
income to vary freely across different economic contexts. Second, the framework accounts
for ex-ante heterogeneity through a latent, time-invariant household productivity term,
nij, which may represent fixed differences in ability or “grit”. Finally, it incorporates ex-
post heterogeneity via a persistent productivity shock, w;j;, to capture serially correlated
events such as weather shocks or lingering health issues. These features are formalized in

the standard log-production function:

Vije = fi(kije) + nij + wije (4)

Wijr = PjWiji-1 + &ijt (5)

where y;;; is the log-income generated by household i in study j at time 7 using log-assets
kij.

The persistent productivity shock, w;j, follows a study-specific AR(1) process with
i.i.d. innovations &;;;. Households choose their asset holdings, k;;;, based on knowledge of
their fixed productivity, ;;, and the previous period’s shock, w;j;—1, but before realizing

the current innovation, &;;. Thus, assets are predetermined when current income is
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realized.

4.2 Consumption and Asset Process

Within this production environment, households make endogenous consumption and in-
vestment decisions based on current state variables. Following the theoretical framework
laid out in Section 2, these state variables include the current asset stock, k;j;, fixed
productivity, n;;, and the current productivity shock, w;j;.

To capture the complex and nonlinear relationship between these variables and house-
hold behavior, I treat the consumption function as a flexible, nonparametric function of
the state variables and their interactions. This allows, for instance, households to re-
duce their consumption sharply when approaching a production function non-concavity
and for this response to vary as a function of ability and the current shock. Combined
with the standard intertemporal budget constraint, this consumption decision governs

the evolution of assets:

Cijr = &j(KijesMij» Wije) + i ”
Kijie1 = exp (fi(kije) + mij + wije) —exp (g7 (Kijes 1ij» wije)) +6(Kije) + Vije (7)
Yir Ciji

The error term u;;; captures unobserved preference shocks or measurement error in con-
sumption, whilst v;;, reflects idiosyncratic disturbances in the asset accumulation process.
The budget constraint is therefore the difference between a household’s production and

consumption, net of depreciation 6(K;j;), with an additional i.i.d. error term, v;j;.

4.3 Model Assumptions

The model makes several simplifying assumptions to maintain tractability. First, the
production function has a log-additive structure, so that ability and productivity shocks
enter multiplicatively in levels. While this is a standard assumption, it does assume higher
ability households produce proportionally more output at all asset levels. This may be
a reasonable approximation in rural settings, where households use similar technologies
and face comparable markets, but could be more restrictive in urban settings with greater
occupational and technological heterogeneity. '’

Second, the model assumes that a household’s state variables are limited to current
assets, ability, and the current productivity shock. While this nests models of endogenous
consumption, discussed in Section 2, this simplification rules out richer dynamics that
could arise if, for instance, ability evolves over time or depends on past consumption or

investments in human capital. It would also be violated if households interact through

10T thank David McKenzie for raising this point.
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local markets with aggregate shocks, insure each other, or benefit from peer effects, in

which case the relevant state would include aggregate or peer variables.

5 Identification

The complete model of production, consumption, and asset accumulation forms a non-
linear dynamic panel model with multiple latent state variables, n;; and w;j;. Identifying
such models is a well-known challenge, the strategy in this paper combines standard
techniques for nonparametric panel models with exogenous variation from a randomized
cash/asset transfer. This section outlines the identification strategy in two parts: first,
the production function; and second, the consumption function. A more detailed discus-
sion of the identifying assumptions and identification strategy is provided in Appendix
E.

5.1 Production Function Identification

The production function is identified from two complementary sources of variation through
a set of conditional moment restrictions. The primary source is an external instrument:
a randomized asset transfer that exogenously shifts a household’s stock of productive as-
sets, which traces out the overall shape of the production function. However, the transfer
alone may not provide sufficient variation to identify local nonlinearities in the produc-
tion function due to its semi-discrete nature — most RCTs only include a few discrete
transfer amounts. Therefore, I supplement this external variation by a set of internal
instruments, derived from the model’s dynamic panel structure, which provide continu-
ous variation in assets, tracing out finer details of the production function around the
randomized transfer.

Substituting the AR(1) process for the productivity shock in Equation 5 into the pro-

duction function in Equation 4 generates the following, standard, expression for income:

Wijt

Viji = pjYiji-1 + fi(kije) = pjfi(kije—1) + (1= pj)nij + Eiji (8)

Awijr = Eijr — Eiji-1 (9)

where w;j; is the composite error term in the income equation, our goal will be to find
valid instruments that are correlated with income and assets but uncorrelated with this

error term, which is a composite of fixed household ability and idiosyncratic productivity

innovations.
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5.1.1 Randomized Transfer as an External Instrument

The randomized transfer provides a core source of identifying variation for the produc-
tion function. Its key advantage is that it solves the classic endogeneity problem where
unobserved factors, such as households’ innate ability, n;;, are correlated with both their
income and accumulated assets. By design, the random allocation of the transfer provides
an exogenous shock to a household’s asset path that is independent of this latent ability,
nij, and any productivity innovations, &;;; and therefore w;;;. This is formalized by the

moment condition:

Wijt

E|(1-pjmij+&ji|F| =0 (10)

where F,-l; is the history of transfers for the household. While Fg provides exogenous
shifts in assets, randomized transfers typically only take a few discrete values, limiting
their ability to trace out the full local shape of the production function. Therefore, I
supplement this external variation with a set of internal instruments derived from the

panel structure of the data described next.

5.1.2 Lagged Levels as Internal Instruments

To complement the randomized transfer instrument, I introduce internal instruments
that provide a more continuous source of identifying variation. These instruments help
trace how output responds to incremental changes in assets, beyond the discrete shifts
induced by the transfer. Specifically, I implement the System GMM (SYS-GMM) estima-
tor developed in Arellano and Bover (1995) and Blundell and Bond (1998, 2000), which
introduces two sets of instruments, in differences and levels, to exploit these internal
moments efficiently.

The first set of instruments, following the standard Arellano-Bond procedure, uses
lagged levels of assets, k;—1, and income, y;_2, as instruments for the differenced pro-
duction equation. Here, households make decisions about investment at time ¢ with
knowledge of their ability, n;;, and the current productivity innovation, &;;, but changes
in assets are only realized next period, at ¢t + 1. Therefore, previous assets are valid
instruments: they are correlated with current assets and uncorrelated with the change
in productivity innovations, Aw;j; = &j; — &;ji—1. A similar argument works for income —
however, income is realized instantaneously at time ¢ so we must go back one additional
period to ensure the instrument is uncorrelated with last period’s innovation, &;;;-1, thus

income two periods removed, y;_o, is a valid instrument.!! The first set of instruments

1Tn the presence of measurement error in the production process, it is necessary to lag instruments
an additional time period. I show similar results that incorporate measurement error using studies with
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generate the moment conditions:

E [AWijtlkijt—l] =0 (11)
E [Awijlyiji-2] =0 (12)

5.1.3 Lagged Differences as Internal Instruments

The second set of instruments use lagged first-differences of assets and income as instru-
ments for the equation in levels. In this case, Ay;j;,—1 and Ak;;;—1 are used as instruments
which are orthogonal to w;j; = (1 — p;)n;; + &;j;- The identifying assumptions underpin-
ning this approach, E [(1 - pjInijlAk; jt] = 0, require additional restrictions on the initial
conditions, E [(1 - PN ley,-jg] = 0, and are satisfied by assuming joint stationarity of
income and assets.

Intuitively this requires that expected deviations in income and assets from a house-
hold’s long run mean—in this case the steady state—are not systematically related to the

household’s fixed productivity term, 1;;. These generate the following moment conditions:

E [wijilAkiji-1] =0 (13)
E [wiji|Ayiji-1] = 0 (14)

This strategy is a common way of identifying production functions in the presence of
unobserved heterogeneity and persistent shocks, as laid out in Blundell and Bond (2000).
However, one concern may be that the households facing poverty traps do not satisfy
the standard moment conditions and their dependence on initial condition restrictions
— particularly given models of poverty traps often feature path dependence based on
initial asset conditions. To alleviate this concern, I simulate from the dynamic model
with endogenous household consumption presented in Section 2, calibrated to match the
empirical moments of a representative study in the sample. I then show the population
moments of the simulated data satisfy the SYS-GMM moment conditions. Table A.10
shows the results of this exercise and a placebo test using endogenous instruments — all
moments are satisfied when using the correct instruments. Finally, I report robustness
results re-estimating the model without the level moments in Appendix D, which show

similar production function estimates and poverty trap results (Appendix Figure D.12,
Appendix Table D.28).
5.1.4 Instrument Relevance and Completeness

Nonparametric instrumental variables (NPIV) identification of a structural function, such

as a production function, requires a completeness condition analogous to the relevance

longer panels in the appendix.

20



condition in standard IV settings (Newey and Powell 2003). Completeness ensures that
the instruments vary sufficiently across the support of the endogenous variable, household
assets, so that no other function can generate the same conditional expectation. A
randomized transfer alone is unlikely to satisfy this condition, as most RC'Ts offer only
a single or a few discrete transfer amounts, leaving the function unidentified outside
those points. Internal instruments from panel data provide continuous variation and can
potentially meet the condition over some asset range, but in the presence of a poverty
trap, shocks may rarely shift households out of low-asset states, limiting their identifying
power.

However, identification relies on the combined strength of all instruments. My strategy
exploits both the discrete shift provided by the randomized transfer and the continu-
ous variation from internal instruments. The transfer helps move households across the
poverty trap threshold, while the internal instruments trace the shape of the produc-
tion function on either side. Together, they are more likely to satisfy the completeness

condition and enable credible identification of the production function.

5.1.5 Pooling Information Across Studies

A final identification challenge arises in studies with short panels, where within study
variation is insufficient to identify the persistence parameter p;. To address this, I im-
pose a hierarchical prior, assuming each study’s p; is drawn from a common normal

distribution:

pj ~ N(up, o) (15)

This partial pooling borrows strength from data rich studies to share information with
data poor ones, enabling identification of productivity dynamics without assuming iden-
tical persistence across studies.

In practice, longer panels identify u, and inform cross-study variation o, while shorter
panels draw from this distribution and average over uncertainty in p;. As a robustness
check, I report results excluding short panels (Appendix D).

By combining external randomization, internal panel variation, and the multi-study
nature of my sample to pool information, I can identify the nonparametric production
function, f;(-), and the persistence of productivity shocks, p;, across diverse study con-

texts.

5.2 Consumption Function Identification

In this section, I outline the identification of the nonparametric consumption function,

g;(+), the second component of the asset transition equation.

21



In a setting where the panel length grows, identification is straightforward because the
fixed ability component can be consistently estimated from long-run averages of the in-
come residual. However, in short panels with fixed T, identification is more challenging as
the fixed effect cannot be consistently estimated. To address this, I follow the approach in
Arellano et al. (2017, 2024) and leverage a nonparametric instrumental variables strategy
that exploits the latent structure of the productivity shocks. More detailed discussion of
the identification strategy and identifying assumptions are provided in Sections E.2 and
E.3 of the Appendix.

5.2.1 Consumption and Asset Equations

Referring back to the production equations in (4) the residual income net of the returns

to assets, is:
eijr = Yije — fi(kije) = mij + wiji (16)
The consumption and asset accumulation equations are:

cijr = &j(kiji, mij, wije) + Wijs (17)

kijis1 = Yiji = Ciji + 6(kijt) + Vijs (18)

where u;j;, vij; are i.i.d. mean zero measurement error or preference shocks independent

of kij,1ij, Wijs-

5.2.2 Identification with Long Panels

To build intuition, I first consider identification as the panel length grows, T — co. With
T — oo, identification is straightforward as I can consistently recover each household’s
fixed productivity component, n;;, by averaging residual income, e;;;, over time because
w;j; is mean zero. Once 1;; and the persistent shock w;j; are identified from the income
process, they can be treated as observed regressors in the consumption equation. Iden-
tification of g;(-) then reduces to a standard nonparametric regression problem: with
(kijs,mij, wijr) observed and u;;; mean independent, it is possible to recover the functional

form of g; directly from the joint distribution of observables.

5.2.3 Identification in Short Transfer RCT Panels

With short panels, this direct approach fails because 7;; cannot be consistently estimated

when T is fixed.!? Averaging over time introduces a non-vanishing estimation error, the

12T show using simulations in Appendix Table G.31 that the direct fixed-effects approach performs

poorly in this setting.
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“incidental parameters” problem, so 7;; and w;;; must be treated as latent variables.
Identification then requires additional structure. I therefore follow the arguments in
Arellano et al. (2017) (ABB) with some additional parametric assumptions to simplify
the identification argument.

Following this NPIV approach, I identify the consumption function by treating the la-
tent productivity components, 1;; and w;j;, as unobserved regressors in the initial period
consumption function, g(:). I use future residual income, E; = (e;o,...,e;r), as instru-
ments since they are correlated with the latent productivities (due to the structure of
the income process) but are independent of the initial period consumption error.'® This

yields the integral equation:

Elciilki1, Ei] = //g(kil,ﬂ, w) - f(n,wlki, E;) dndw (19)

In this equation, the left-hand side is observed from the data, and g(-) is the unknown
consumption function to be estimated. The main simplification in my approach is the
assumption that the latent variables are Gaussian.!*!® This means the conditional den-
sity f(n,wlki1, E;) is identified and has a known, analytical (multivariate normal) form,
as its underlying parameters (p, 0',?, 0'52) are already identified from the production func-
tion above. Given a standard completeness condition to ensure this integral equation
is invertible, the consumption function g(-) is identified. The argument then proceeds
sequentially for the next time period, using the identified g(-) to recover the asset accu-
mulation dynamics, allowing the full system to be identified even with short panels. The
necessary completeness conditions and additional details are provided in Appendix E.3.
With the production, consumption, and asset accumulation function identified, I turn

next to estimation.

6 Estimating the Panel Model

Understanding the dynamics of poverty traps requires flexibly estimating both the pro-
duction function and household consumption behavior. This poses two econometric chal-
lenges: estimating a non-parametric production function using the derived moment condi-
tions, and recovering a consumption function dependent on latent productivity. This sec-
tion details a two-part estimation strategy, which addresses these challenges by pairing a

novel quasi-Bayesian approach for the production function with a stochastic expectation-

13This is a common strategy to identify consumption responses in the literature (Hall and Mishkin
1982; Blundell et al. 2008) as noted in Arellano et al. (2017).

14 ABB show how to relax Gaussianity by nonparametrically identifying the joint distribution of latent
components under additional completeness conditions.

15This Gaussian assumption is specific to the consumption function, the identification and estimation
of the production function do not rely on it.
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maximization (EM) algorithm for the consumption policy. Implementation details are

provided in Appendix F.

6.1 Estimating Production: A Quasi-Bayesian Approach

The objective is to estimate the production function f;(-) flexibly in each site j, with-
out imposing a specific functional form. This requires nonparametric estimation under
instrumental-variable moment conditions (10)—(14), a setting known to be difficult: stan-
dard nonparametric instrumental variables methods and dynamic panel SYS-GMM esti-
mators often perform poorly in finite samples. The challenge is therefore to recover the
shape of fj(-) in a way that permits nonlinearities while still imposing enough structure
to deliver stable, precise estimates.

A key difficulty is the ill-posed inverse problem (Blundell et al. 2007): the data offer
limited information about the full shape of f;(-), so small sampling noise can lead to
unstable, wiggly estimates. In the context of poverty traps, this is especially problematic,

as spurious non-convexities may be misread as evidence of multiple steady states.

6.1.1 Quasi-Bayesian Framework

To address these challenges, I adopt a quasi-Bayesian estimator (Chernozhukov and Hong
2003; Kankanala 2025) that combines the GMM moment conditions with a prior over the
shape of the production function. The prior encodes beliefs about plausible shapes for the
production function, such as smoothness or monotonicity, providing additional structure
in data sparse settings, yet becomes dominated by the data when enough information
is present. By introducing a prior over the object of interest, the production function
itself, while leaving the likelihood and nuisance parameters unrestricted, quasi-Bayes
offers a powerful tool to estimate structural functions in data demanding environments

with minimal additional assumptions.

6.1.2 Gaussian Process Prior and Kernel Specification

Therefore, following Kankanala (2025), I implement a quasi-Bayesian approach that
places a Gaussian Process (GP) prior over the production function, fj(-), shown in
Equation (20). A Gaussian Process can be thought of as a probability distribution over
functions, much like a multivariate normal distribution is a probability distribution over
vectors. Intuitively, instead of specifying a single functional form for production, the
GP prior describes a whole family of plausible smooth curves that could represent the
production technology.

The “smoothness” and shape of these curves are governed by the covariance kernel,
2(kjs, k;.t), which determines how similar the outputs (income, y) should be when the

inputs (assets, k) are close together. The kernel, shown in Equation (21), thus controls
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how quickly correlation decays as the distance between households’ assets increase.

fikio) ~ G (0. Z(ki. ) (20)
V3lkj - K, ki — Kk,
S (kji, Ky) = (1 + %) exp (_ij—,,l) (21)
J J

The kernel has a single hyperparameter: the length scale, £;. The length scale governs how
quickly correlation decays as asset levels diverge: a large £; forces incomes at different
assets to move together, yielding a smoother function; a small £; allows sharper local
changes. When estimating poverty trap models, too large a length scale can obscure
true nonlinearities, while too small a length scale can overfit noise, generating spurious

“wiggles” that look like non-convexities.

6.1.3 Implementation

To construct the quasi-posterior, I form the sample analog of the conditional mean of
the moment conditions, m(Z,, f;), where Z, represents the corresponding set of instru-
ments.'® In practice, this involves drawing a function fi(-) from the GP prior, computing
the residuals, w;j;(f;), Aw;j:(f;), and regressing these residuals on a flexible set of instru-

ment basis functions.'” I then construct the quasi-likelihood:

La(f) = En [m(Zy, f) W(Zy)1i(Zy, f)] (22)
and combine it with the GP prior, mg(f), to obtain the quasi-posterior:

exp (~5Ln (f)) 7o (f)
Jexp (=5L, () 7o (f) df

7 (f1Xn, Y, Zn) = (23)
Sampling from Equation (23) produces a distribution over the production function, f;(-),
which under weak regularity conditions contracts around the true structural function
(Kankanala 2025). After obtaining these draws, I enforce monotonicity in assets by
projecting the GP posterior onto the space of monotone functions, following Lin and
Dunson (2013).

[ implement the model in Stan, a probabilistic programming language that uses Hamil-

6For example, the conditional mean for the moment described in Equation (10) is:

m(Z, fj) = E |wij: (f;)IZ] = E [yijt = pjyiji-1 = (fi(kijt) _ijj(kijt—l))|Fi7;‘ =0

=E [(1 = Pj)nij +§ijt|F5] =0

1T use a 10th-order Bernstein polynomial basis for each level /difference instrument and their inter-
action. The transfers enter directly.
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tonian Monte Carlo to sample from a Markov chain that approximates the posterior dis-
tribution. I estimate the length scale £; simultaneously with the production function
using a hyperprior prior across studies, shrinking estimates of the length scale towards
a common global mean. To ensure results are not driven by hyperparameter estimation
choices, I show results are robust to two alternative estimation approaches in Appendix
D: i) fixing the length scale after a burn-in period; and ii) removing the hierarchical prior

across studies.

6.2 Estimating Consumption: A Stochastic EM Algorithm

The primary challenge in estimating households’ consumption behavior is that the con-
sumption function depends on unobserved productivity—both the fixed household effect

and the persistent productivity process:
cijr = 8j(kiji, mij, wije) + Wijs (24)

Estimating these latent variables directly is difficult in short panels — intuitively, it is hard
to distinguish lucky farmers from good farmers when you only observe a few seasons of
harvests. My estimation strategy therefore mirrors my identification approach: I recover
the consumption function integrating over the distribution of latent productivity rather
than attempting to estimate each household’s productivity directly. Intuitively, it is easier

to estimate how many good farmers there are in a study, than identify which one is which.

6.2.1 Why Direct Estimation Fails

In long panels, one could estimate the consumption function by first recovering each
household’s latent productivity. This involves decomposing the production residual e;;; =
vij:— fj(kij:) into a fixed component 7;; and shocks @;j;, and then regressing consumption

on assets and these estimated latent variables:

B
Ciji = Z,Bbj b (kije, Mij, ije) + ugjs.
b=0
This direct approach is infeasible in my setting due to the high uncertainty in the latent
variable estimates driven by short panel lengths. In short panels (as in transfer RCTs),
any direct estimates of the latent productivity terms would suffer from the incidental
parameter problem, propagating large uncertainty through to the final estimates of the

consumption function.
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6.2.2 Estimation via Latent Variable Integration

Therefore, rather than attempting to estimate the latent productivity components di-
rectly, I recover the consumption policy rule by integrating over their posterior distribu-

tion:

E [cije | Kyl et = / gj (kijesmij, wije) p (Uij,wijz | k,{,yﬁ,cﬁ_l) dnij dwijq, (25)

where kl’.j, yﬁj, c?;l collect the observed histories of assets, income, and consumption re-
spectively.

This reframes the estimation problem: the goal is now to approximate the joint distri-
bution of latent productivity conditional on the observed data, p(n;;, wijr | k%, y', ct™1),
well enough to compute the integral and recover g;(-).

To do so, I begin by specifying Gaussian priors for the latent components:

nij ~N (0, 0'31-) (26)
2
ijt ~ N (0, Ufj) (27)
where the variances 0'3].,0'%. are estimated from moments of the production function

problem (Equations (53)-(54)).

Although these priors are Gaussian, the posterior p(n;, wi; | k}, yi, cﬁ_l) is not. Condi-
tioning on the observed paths of income, assets, and consumption introduces nonlinear
feedback through both the consumption function g;(-) and the asset accumulation equa-
tion. If these functions were linear, the posterior would remain Gaussian and could be
computed with a Kalman filter. But the nonlinear structure of g;(-) breaks Gaussianity,
ruling out closed-form solutions and shifting the empirical problem to approximating this

intractable posterior through simulation methods.

6.2.3 Sampling Latent Productivity with PMCMC

To recover the posterior distribution of latent productivity, I use a procedure that alter-
nates between two steps: proposing a household’s underlying fixed productivity, and then
simulating sequences of shocks that would make its observed income and asset path likely.
This produces draws from the joint distribution of unobserved ability and productivity
shocks implied by the data.

Formally, I implement Particle Markov Chain Monte Carlo (PMCMC), a class of meth-
ods designed for sampling from latent-variable posteriors in nonlinear, sequential settings
(Andrieu et al. 2010; Creal 2012; Arellano et al. 2024). Specifically, I use a particle
marginal Metropolis-Hastings (PMMH) algorithm which has two nested components.

The outer layer is a standard Metropolis-Hastings sampler that proposes values for the
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fixed household-specific productivity term '7;;-- Conditional on each proposed 77;.'3., the in-
ner layer runs a particle filter to simulate the sequence of productivity shocks and evaluate
the likelihood contribution of the observed data.'® As the filter processes the time series,

it updates beliefs about the latent state and returns two key objects: (i) a simulated path
* T
ijtdr=0’
on the proposed fixed effect, ﬁ(yl.Tj, cl.Tj, kl.Tj | 7]2’}).19

The unbiased likelihood estimate produced by the particle filter is then used in the

of shocks, {w and (ii) an unbiased estimate of the marginal likelihood conditional

. . . % « T

Metropolis-Hastings acceptance step. This ensures that the accepted draws {n: o {a)l.j ot
jointly follow the posterior distribution of the latent productivity process. With a method
to sample from the latent productivity posterior in hand, I can now turn to estimation

of the consumption function.

6.2.4 Embedding in a Stochastic EM

Because the latent productivity draws produced by PMMH depend on the consumption
function, and the consumption function itself depends on those same latent states, the
two objects must be estimated together. A natural way to do this is to alternate between
(i) updating beliefs about the unobserved productivity process and (ii) updating the
consumption function given those beliefs. This leads to a stochastic EM algorithm, where
each iteration refines estimates of both the latent states and the consumption function.

Formally, the PMMH sampler provides the E-step by integrating over the unobserved
productivity, and the M-step updates the estimate of g;(-) conditional on the simulated
latent paths. The algorithm proceeds by repeating:

1. E-Step: Draw latent productivity paths, (n;.kj, a);.‘jO, ...,w}.), from the joint poste-

rior using PMCMC with Metropolis-Hastings.

ijT

2. M-Step: Regress observed consumption, c;j;, on the simulated latent paths using a
fourth-order tensor basis of ordinary polynomials, ¢;(+), to update the coefficients

By of the consumption function approximation.

Running the algorithm for § iterations and averaging over the implied functions pro-

18Specific implementation details can be found in Appendix Section F.2.2.

19Without measurement error in the production function, the particles collapse to a point mass
because e;j; = 1;j + w;j; exactly pins down the latent productivity path given 7;;. In that case, the
algorithm simplifies to a standard Metropolis—Hastings sampler. In practice, however, allowing for a
small amount of measurement noise in e;j; improves mixing and helps avoid local modes in the stochastic-
EM estimation. Incorporating measurement error in this way is not unusual in particle filters applied to
problems in macroeconomics (Creal 2012). If the production function does in fact include measurement
error, filtering is necessary because latent productivity must be inferred rather than directly recovered.
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duces an estimate of g;(-) that fully integrates over uncertainty in latent productivity:

L1
Bri =< ) By (28)
s=1
B A
gi(k,mw) = " Bojen(k,n,w) (29)
b=0

where ,8;)/. are the M-step basis function coefficients estimated from iteration s.

6.2.5 Summary

Taken together, this procedure delivers a flexible and tractable way to estimate house-
holds’ consumption behavior when productivity is only imperfectly observed. By integrat-
ing over latent productivity rather than attempting to estimate it directly, the stochastic
EM algorithm avoids the incidental-parameter problems that arise in short panels, while
allowing the consumption function to be estimated in a fully nonlinear and data-driven
manner. With the estimation framework in place, I now turn to a series of Monte Carlo
exercises that illustrate the production and consumption estimation performance across

different environments.

6.3 Monte-Carlos: Validating the Estimation Strategy

I validate the estimation strategy through Monte-Carlo simulations. First, I generate data
from the theoretical model, discussed in Section 2, and compare my estimator’s ability to
detect poverty traps to existing methods. Second, I simulate from the theoretical model
using parameters calibrated to match empirical dynamics, and assess production and

consumption estimator accuracy across sample sizes. Appendix G provides full details.

6.3.1 Comparing Poverty Trap Detection

I compare my dynamic panel framework with the nonparametric method of Balboni et al.
(2022), which estimates asset transitions separately for treatment and control groups by
regressing future on current assets. Poverty traps are identified by intersections with the
45-degree line. I simulate households with heterogeneous fixed productivity, »n;;, under
two conditions: (i) no fixed costs and no traps, and (ii) fixed costs that generate traps
for medium-ability households. Production and utility parameters remain constant; only
initial conditions, shocks, and treatment status vary. I assess both methods’ accuracy
across 100 simulations.

Results (Appendix Tables A.8 and A.9) show that my method outperforms the direct
regression approach. In the absence of poverty traps, it correctly identifies a unique

steady state in 97% of simulations, while the regression approach does so in only 18%,
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often detecting spurious traps due to inability to account for unobserved ability. By
averaging over abilities with different transition slopes, the regression method produces
misleading S-shaped functions.

When traps exist for medium-ability households, my estimator identifies the correct
number of steady states in 86% of simulations, compared to 41% using the nonparamet-
ric method. The latter again over-detects traps due to ability pooling. By recovering
ability-specific production and consumption dynamics, my framework distinguishes gen-
uine traps from those caused by unobserved heterogeneity. Errors arise only near regime
boundaries, where households transition across ability thresholds. These results under-
score the importance of accounting for unobserved heterogeneity when identifying poverty

traps.

6.3.2 Production, Consumption and Asset Transition Simulations

The simulations measuring production, consumption, and the joint asset transition esti-
mator performance show that both components of the estimation strategy perform well.
For production, the quasi-Bayes estimator accurately recovers the underlying function
across all sample sizes, with errors declining sharply as the number of households in-
creases. Credible intervals also achieve high coverage, even in small samples (Appendix
Table G.29).

For consumption, the stochastic EM algorithm consistently outperforms the two-step
fixed effects approach in recovering both the consumption function and latent productivity
(Appendix Tables G.30 and G.31). Coverage rates are somewhat lower in the calibrated
simulations because I fix the number of particles for computational reasons. However,
the non-calibrated simulations show that increasing the number of particles restores cov-
erage to near-nominal levels, and the empirical application uses greater computational
resources, such as more stochastic EM iterations, to mitigate this issue.

Finally, the joint asset transition function, combining production and consumption
estimates, is also recovered with reasonable accuracy (Appendix Table G.32). Errors
decline with sample size, and while the calibrated simulations show some imprecision in
small samples, this is consistent with the added complexity of estimating two nonlinear

components jointly.

6.3.3 Summary

Overall, the Monte-Carlo simulations show that my estimation strategy reliably recovers
the existence of poverty traps compared to existing methods and that as sample sizes
increase, both the production, consumption, and asset transition functions are estimated
with greater accuracy. The quasi-Bayesian production estimator performs especially well

in small samples. While consumption is harder to estimate due to latent heterogeneity,
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the stochastic EM algorithm consistently offers the best performance among available
methods considered. Together, both components of the estimation framework provide in-
creasingly precise estimates of the key structural functions governing household dynamics

as the number of households increases.

7 Empirical Results

This section presents the core empirical findings. I first describe the estimated average
structural functions and their implied asset dynamics, then quantify the prevalence of

poverty trap thresholds, and finally explore fixed costs as a potential mechanism.

7.1 Average Structural Functions

The estimated functions depend on assets, latent ability, and idiosyncratic shocks. To
summarize the results, I present average structural functions, which integrate over the
distribution of ability and shocks. While these averages provide a useful summary, they
may not reflect the dynamics faced by any individual household. These average functions

are calculated as:

yj(k) = Epolfi(k,n, w)] (30)
cj(k) = En,w[gj(k’ ﬂ,w)] (31)
kj(k) :El],a)[fj(k’n9w)_gj(k’n’w)_éj] (32)

where expectations are taken over the joint distribution of latent ability and shocks
generated by the particle Markov chain Monte Carlo algorithm. To aid visualization, the
main text plots standardized production and consumption functions for six highlighted
studies.?? I present results in the original units and for each study separately in Appendix
Figures B.2-B.4.%!

7.1.1 Production Function

The estimated production functions suggest that non-convexities—a key theoretical driver
of poverty traps—are empirically widespread. The sites split into two groups (Figure 4):
the first exhibits classical concave functions (Figure 4a), while the second shows that 13

studies (48%) feature increasing marginal returns over some asset range (Figure 4b).

208pecifically, s(x) = (x—pux) /0y, where u, and oy are the mean and standard deviation of the average
function evaluated over a uniform prediction grid. The prediction grid covers the support of the data for
each site from the 1st to 99th percentile of assets.

21Fortuitously, the asset transition results are all approximately on the same scale, so I present these
in levels without standardization.
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This second group is characterized by households at very low asset levels (<$500) facing
nearly flat production functions before output increases sharply. This pattern suggests
fixed costs that households must overcome before engaging in productive activities, a

mechanism [ explore in Section 7.3.
a) Standard Production Functions: 14 Studies b) Kinked Production Functions: 13 Studies

Somalia, Abdullahi (2023)

India, Banerjee (2021)

sh, Balboni (2022)
Kenya, Egger (2022)

nerjee (2015)
Ia, Banerjee (2015)

Income, Standardized

$0 $500 $1,000 $1,500 $2,000 $0 $500 $1,000 $1,500 $2,000
Assets, USD

Figure 4: Household Production Function Estimates

Notes: Each panel shows estimated production functions for each study site. Estimates are posterior me-

dians from the quasi-Bayesian procedure described in Section 6. Each line shows the predicted structural
function in rescaled levels, s(exp( fj(k))), with 7 and w set to zero. To aid visualization, the rescaling
function, s(-), standardizes the predicted functions to have a mean of zero and a standard deviation of
one across the support of the prediction grid.

7.1.2 Consumption Function

Consistent with households attempting to overcome production non-convexities, the esti-
mated consumption functions are often non-monotonic. In 16 studies (64%), households
appear to temporarily reduce consumption to accumulate assets—behavior predicted by
the production non-convexities identified above. Production indivisibilities are a strong
predictor of this pattern: when present, there is a 69% chance of observing non-monotonic
consumption, compared to only an even chance when production functions are concave
(Appendix Table A.12).22

As with the production results, the estimated consumption functions fall into two
groups (Figure 5). In nine studies, consumption rises monotonically with assets (Figure

5a). In the remaining 16, it first increases at very low asset levels, then dips around

22Whilst I estimate production functions for 27 studies, two lack consumption data, and I exclude the
flat production function in Blattman and Dercon (2018), where consumption predictions are unclear.
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$500-$1,000 before rising again (Figure 5b)—a pattern consistent with households cutting

consumption to save past a fixed-cost threshold.

a) Monotonic Consumption Rule: 9 Studies b) Non—-Monotonic Consumption Rule: 16 Studies
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Figure 5: Average Consumption Function Estimates

Notes: Each panel shows estimated consumption functions for each study site. Estimates are from
the stochastic EM procedure described in Section 6. Each line shows the predicted average structural
function in rescaled levels, s (E;), ¢ [g ik, w, 77)] ), where expectations over 1, w are calculated by sampling
from the posterior generated by the particle Markov chain Monte Carlo method. To aid visualization,
the rescaling function, s(-), standardizes the predicted functions to have a mean of zero and a standard
deviation of one across the support of the prediction grid.

7.1.3 Asset Transition Equation

Combining the production and consumption estimates shows that average asset dynamics
in many sites feature multiple steady states. The estimated transition functions in Figure
6 illustrate the contrast between neoclassical convergence and poverty-trap dynamics. In
the first group of studies (Figure 6a), households with low assets accumulate while those
with high assets decumulate, leading to convergence toward a single steady state. In the
second group (Figure 6b), the change in assets is positive at very low levels, negative
at intermediate levels, and positive again beyond a threshold—implying multiple stable
steady states and a classic poverty trap.

Overall, 15 of the 25 studies (60%) exhibit multiple steady states in their average asset
dynamics—a large share given the mixed evidence for poverty traps in the literature.
One concern is that these patterns might reflect averaging over heterogeneous house-
holds rather than true multiple equilibria. I address this next by estimating poverty-trap
thresholds at the household level.
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a) Single Steady State: 10 Studies b) Multiple Steady States: 15 Studies
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Figure 6: Average Asset Transition Function Estimates

Notes: This figure shows estimated average asset transition functions for each study site. Estimates
are drawn from combining the estimated production and consumption functions, alongside the estimated
depreciation function, as described in Section 6. Each line shows the predicted average structural function
in levels.

7.2 Poverty Traps

While the average dynamics suggest widespread poverty traps, incorporating household

specific dynamics reveal a more nuanced picture.

7.2.1 Thresholds

To quantify how many households face a poverty trap, I characterize the steady states
and thresholds implied by each household’s estimated asset transition equation. Because
both asset accumulation and steady state locations depend on household ability, I define
both these objects at the ability-specific (i.e. household) level and then aggregate.

I begin by defining the expected number of steady states, C;(n), for a household with
ability n in study j:

C;(n) = Egy |#1k  k(k,n,w) =0} | T = j| (33)

This function counts the number of points at which the household’s asset dynamics satisfy
k = 0 — that is, the steady states where assets neither fall nor rise. Productivity shocks
influence this equation, so the number of solutions to k(k,n,w) = 0 may vary with w;

therefore, I average this count over the conditional distribution of shocks to obtain the
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expected number of steady states for a household with ability .23
Next, I define the expected unstable threshold, 7;(7n), associated with these steady

states:
T;(n) = Eyy |inf{k : k(k,n,w) =0 and 8k (k,n,w) > 0} | J = j] (34)

Among the set of steady states, the threshold is the unstable one: the point at which a
small increase in assets causes the household to accumulate, while a small decrease sends
it back towards a low-asset steady state. Mathematically, this corresponds to the steady
state with a positive slope, d¢k(k,n,w) > 0. I take the infimum to ensure that when
multiple unstable steady states exist, I take the lowest one. As before, I average over
productivity shocks to obtain an ability-specific expected threshold.

Finally, I aggregate these ability-specific thresholds to obtain a study-level threshold:

T; = Eq[T;() | ] = J] (35)

This expectation averages thresholds across the empirical distribution of household abil-
ities in study j. The scalar T; summarizes, for the study as a whole, where the poverty
trap lies for households that face one.

The study-level thresholds, 7}, are reported in Column 1 of Table 1, with a median
threshold of $547. Column 2 shows that households lie, on average, $425 below this
level, implying that crossing the threshold would require roughly ten months of foregone
consumption (Column 3). Most thresholds cluster between $260 and $1,000, with a few
outliers such as Peru near $4,000. These values align closely with prior work: Balboni
et al. (2022) estimate a threshold of $504 in Bangladesh-the same study that yields the
median threshold in my sample, differing by only $43.

7.2.2 'Traps

Having defined steady states and thresholds, I now classify households as trapped based
on their current asset level and the number of steady states they face. Intuitively, I define
a household as trapped only if (i) it faces multiple steady states, and (ii) the household
lies below the unstable threshold. The trap indicator for a household with assets k and

23These expectations are ‘reduced-form’ in the sense that I do not iterate the household policy rule
forward to check for convergence. Instead, I average the estimated structural functions as-is. In Section
8.1, T use the calibrated model to simulate household paths and compute the long-run probability of
being trapped.
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Table 1: Poverty Trap Threshold Results

Threshold Distance Below Threshold Transfer HHs Below HHs Trapped Below
(USD PPP)  Threshold (USD PPP)  Consumption  (USD PPP)  Threshold (%) Threshold (%)
Program (1) (2) 3) (4) (5) 6
Mali, Beaman (2023) 263 214 12 140 24.75 24.75
Ethiopia, Blattman (2018) 298 287 6 1,030 26.92 25.00
Mexico, Gertler (2012) 306 250 12 379 59.25 35.75
Ghana, Fafchamps (2014) 343 218 6 120 59.25 19.75
Nicaragua, Macours (2012) 387 341 7 485 76.50 69.00
Uganda, Blattman (2019) 395 316 2 400 68.00 67.00
India, Banerjee (2015) 409 337 9 788 62.50 45.50
India, Hussam (2022) 533 367 11 100 71.48 34.90
Bangladesh, Balboni (2022) 547 425 11 542 54.00 14.75
Mexico, Cunha (2019) 621 532 9 21 75.68 75.68
Tanzania, Baird (2024) 633 515 42 350 76.25 31.00
Uganda, Gupta (2024) 721 639 8 2,967 50.00 50.00
Kenya, Gobin (2017) 815 648 24 238 98.75 36.00
Uganda, Sedlmayr (2020) 828 570 8 155 63.00 0.25
India, Banerjee (2021) 997 865 73 547 86.00 31.00
Kenya, Egger (2022) 2,323 1,674 47 1,871 95.25 1.25
Peru, Banerjee (2015) 3,906 1,996 34 1,433 78.25 76.25
Somalia, Abdullahi (2023) - - - 500 - -
Ethiopia, Banerjee (2015) - - - 338 - -
Ghana, Banerjee (2015) - - - 406 - -
Honduras, Banerjee (2015) - - - 754 - -
Nigeria, Carneiro (2021) - - - 528 - -
Philippines, Edmonds (2020) - - - 518 - -
Kenya, Haushofer (2016) - - - 404 - -
Rwanda, Mcintosh (2020) - - - 328 - -
Overall 547 425 10 338 59.25 25.00

Notes: This table reports poverty trap statistics, estimated using the structural functions for each study
site. The ‘Threshold’ column reports the average asset threshold a household must cross to move from a
low- to high-steady state in 2020 USD, conditional on households facing a threshold. The ‘Distance Below
Threshold’ column reports the average amount of assets a household would need to accumulate to reach
the threshold, conditional on having less assets than the threshold. The ‘Transfer’ column shows the
median cash/asset transfer administered to households in each study. ‘HHs Below Threshold’ describes
the proportion of households with assets below this threshold at baseline. The final column, ‘HHs
Trapped Below Threshold’, shows the proportion of households below the threshold that are ‘trapped’ —
that is, the proportion of households that are productive enough such that if they were given a transfer
to cross the threshold, they would continue to accumulate assets, but are not so productive that they
are predicted to cross this threshold without a transfer. All monetary values are in 2020 USD. Studies
where a threshold does not exist for any household are shown with dashes.

36



ability n in study j is given by:

Multiple steady states Below threshold
—_—— —_——
Trapped;(k,n) =1 Ci(m)>1 and k <T(n) (36)

This indicator equals one when the household faces multiple steady states and has
assets below the threshold. In these cases, the estimated dynamics predict convergence
to the low-asset steady state unless the household receives a sufficiently large shock or
transfer. This definition reflects the idea that, counterfactually, the household could
escape the trap if it started above the threshold. By contrast, households with only
a single, low, steady state are not classified as trapped, even though they may remain
persistently poor.

I then compute the study-level proportion of trapped households by averaging this

indicator over the empirical joint distribution of assets and abilities:

PTrapped,j = Ek,r] [Trappedj(k, n|J= ]] (37)

This summarizes, for each study, how many households are trapped — not just whether
traps exist on average, but what share of households are predicted to fall into them given
their observed asset levels and abilities.

The probability of being trapped can be contrasted with the probability of simply being
below the study-average threshold, Pgelow Threshold,

PBelow Threshold,j = Exy [L{k <T;j(m)} | J = j] (38)

Distinguishing between these two probabilities is important. Many households may lie
below the study-level threshold because of low productivity or adverse shocks, but this
does not necessarily imply that they are trapped. Only by estimating the household-
specific asset transition equation from the dynamic model can we determine whether
a household faces multiple steady states and would start accumulating assets after a
sufficient transfer, thereby separating those who are merely below the threshold from
those who are genuinely trapped.

Figure 7 and Columns 5 and 6 of Table 1 show these proportions. Many studies have a
large share of households below the threshold (59% on average), but only about 25% are
truly trapped. This gap reflects two key sources of heterogeneity. First, some households
are sufficiently productive that their individual asset transition functions exhibit only a
single high steady state, while others are so unproductive that even owning assets greater
than the study-level average threshold does not ensure escape — these households only have

a single, low steady state. Second, optimal consumption responses to production non-
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Figure 7: Proportion of Households Below Trap Thresholds and Proportion Trapped

Notes: This figure shows the proportion of households with assets below the study-average threshold,
PRelow Threshold, j, in yellow, and the proportion of households classified as ‘trapped’, Prrapped, j, in orange.
Studies where no threshold exists for any household are omitted.

convexities often mitigate their impact on asset dynamics: households can temporarily
reduce consumption, accumulate assets, and escape the trap region.
Together, these findings suggest that while poverty-trap dynamics are a feature of

many environments, they do not determine the long-run fate of most households below

the threshold.

7.3 FEvidence For Fixed Costs

One theoretical mechanism underlying poverty traps is the presence of fixed costs re-
quired to engage in high-return production. The estimated production functions, which
exhibit flat marginal returns at low asset levels, are consistent with this mechanism. I
next provide additional suggestive evidence that indivisible, high-value assets do indeed
generate such fixed costs.

To test this, I plot the probability that a household owns a livestock asset (chicken,
goat, or cow) against its asset level relative to the household’s estimated poverty-trap
threshold, focusing on households for whom a threshold exists.?* Figure 8 shows no
relationship between asset levels and chicken ownership, a small and inexpensive asset.
In contrast, there is a 23 percentage-point jump in goat ownership and a 41.9 point

jump in cow ownership above the threshold. This pattern is consistent with fixed costs:

241 exclude a $250 “donut” around each household’s threshold to account for estimation uncertainty.
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households appear to acquire large, indivisible assets as they cross the threshold, enabling
participation in higher-return production. Appendix Figures B.5 and B.6 confirm that
these discontinuities are unlikely to arise by chance, using randomization-inference and
placebo thresholds I find the probability of observing a jump at least as large as those
observed to be below 0.1% for goats and cows, but 86% and 69.7% for chickens.

Binscatter with: Chickens , Goats, and

100%

Below HH threshold Above HH threshold

75%

50% % //

I—-

-$1,000 -$500 350 $500 $1,000
Distance to Estimated HH Threshold (USD PPP)

Probability Of Ownership

25%

0%

Figure 8: The Probability of Livestock Ownership Around the Poverty Trap Threshold

Notes: This figure shows the probability of livestock ownership (chickens, goats, and cows) against
assets relative to the household poverty trap threshold, excluding a $250 donut around the threshold
to account for estimation uncertainty. Each point is generated via Cattaneo et al. (2024)’s binscatter
method and the lines show linear fits on either side of the threshold. I exclude households more than
$2,000 from the threshold.

In Appendix Figure B.8, I return to two original studies—Balboni et al. (2022) in
Bangladesh and Haushofer and Shapiro (2016) in Kenya—which explicitly describe house-
holds saving to acquire large, indivisible assets. In both cases, nonparametric regressions
of consumption on assets show households reducing consumption as they approach the
estimated threshold, which coincides with the price of the fixed-cost asset: a cow in Bal-
boni et al. (2022) and a metal roof in Haushofer and Shapiro (2016).2° This provides
further evidence that fixed costs are a key mechanism generating poverty traps and that

the estimated thresholds capture a salient feature of household behavior.

25Using the dynamic panel model, I do not find any households with multiple steady states in
Haushofer and Shapiro (2016) using my preferred specification. The structural model, discussed in
the next section, does predict a small fraction of households with multiple steady states and it is these
estimates I use to form the average threshold in Figure B.8.
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7.4 Additional Results: Correlates, Ability, and Persistence

Appendix Section C presents additional analyses on the correlates of poverty traps, dis-
persion in latent ability, and productivity persistence. Larger households are more likely
to face multiple steady states, and among those with a threshold, households below it
tend to be younger, have a higher share of women, and possess lower levels of education.
I find little evidence that the size of households’ thresholds correlates with observable
characteristics, and at the study level, few characteristics predict the presence of poverty
traps.

Turning to latent ability and productivity persistence, I estimate moderate dispersion in
household ability: a 0.58 log-point difference between the 10th and 90th percentiles. This
dispersion is smaller than previous estimates (1.25-1.9) in Gollin and Udry (2021) and
Bils et al. (2021), possibly because accounting for production non-convexities prevents
overstatement of ability differences. Estimated productivity persistence is comparable
to prior work, with an average annualized persistence of 0.299—well within the 0.2-0.4

range reported by Maue et al. (2020) for agricultural settings in Africa.

7.5 Summary

Taken together, these results show that poverty-trap dynamics are common in the ag-
gregate but do not determine the fate of all households. Production non-convexities and
endogenous consumption responses generate multiple steady states in many settings, yet
only a small minority of households reside in the productivity—asset region where such
dynamics bind. This helps explain why empirical evidence for poverty traps has been
elusive: the mechanisms exist, but affect relatively few households.

Appendix D demonstrates that these findings are robust to a range of alternative
estimation choices across both the production and consumption steps. While study-
specific conclusions vary slightly, the broader patterns remain: widespread production
non-convexities, non-monotonic consumption functions, and multiple steady states in
average asset dynamics, but few households actually trapped. Across all robustness
checks, the median share of trapped households ranges from 10% to 26% (Appendix
Tables (D.24)-(D.27)).

The next section builds on this heterogeneity to move from descriptive evidence to
counterfactual analysis, quantifying how alternative anti-poverty programs affect house-

hold growth and what optimal policy would look like in these environments.

8 A Calibrated Growth Model and Optimal Policy

In this section, I solve and calibrate household growth models for each study. The models

generate structural consumption policy rules and asset dynamics calibrated against the
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estimated semi-structural production and consumption functions in Section 7. The ad-
vantage of this structural approach is that it allows me to simulate household responses to
counterfactual transfer policies, such as changes in the future income stream or stochastic
environment that semi-structural models cannot accommodate.

First, I use this model to validate the estimated thresholds and trap dynamics of
the semi-structural model. Next, I solve for the social planner’s optimal transfer pol-
icy. Finally, I discuss implications on the targeting and design of common cash transfer

programs.

8.1 Household Growth Model
8.1.1 Model and Model Solution

The household growth model is a special case of the model described previously in Equa-
tions (1)-(3), where the general utility function and productivity process are specialized

respectively to a CRRA utility function and the Ornstein-Uhlenbeck (OU) process, a

continuous time analogue of the AR(1) process®S:
(o] Cl_y _ 1
V(kio, mi, wio) = maXEO/ e P ——dt (39)
Cit 0 1- Y
dkis = f(kis; wig, i) — cir — Okip dt (40)
dwil = —Qwi,dt + O-dWl't (41)

The model’s Hamilton-Jacobi-Bellman (HJB) equation is given by:
7 -1 1 5
pV(k,n,w) = max{l— + Vi [f(k;w,n) —c =6kl +V,  (—0w) + §wa co } (42)
¢ -y

However, the non-convexities in the estimated production functions f(-) mean that the
value function is no longer strictly concave and has a convex kink, therefore I use a finite-
difference upwind scheme described in Achdou et al. (2022) to solve the model with an
irregular grid chosen to ensure sufficient coverage near the estimated non-convexities.”
To calibrate the model, I use the estimated production functions from Section 7, along
with estimates of the productivity process, which leaves only two free parameters to es-
timate per study: the discount rate, p, and the coefficient of relative risk aversion, y.
I estimate these two parameters using a minimum distance estimator. I choose {p,y}

to minimize the distance between the estimated consumption policy function and asset

26To maintain consistency with standard notation for continuous time models, I use p for the dis-
count rate, y for the coefficient of relative risk aversion, and 8 for the mean reversion parameter in the
productivity process. Previously, p denoted the AR(1) persistence parameter in the statistical model.

2"There could potentially be multiple convex kinks, however in practice I typically only find ‘one’
non-convexity in the production technology.

41



transition equation from the dynamic panel model to the structural model’s predicted
consumption policy function and asset transition equation. I discuss further implemen-
tation details, including model calibration and counterfactual simulation, in Appendix
H.

8.2 Traps and Transfers

First, I use the calibrated household growth model to validate the estimated poverty
trap thresholds and dynamics of the semi-structural model. Appendix Table A.11 shows
similar evidence of poverty traps to the semi-structural model, with evidence of traps ‘on
aggregate’ in many studies and only a small proportion of households ‘trapped’ below the
threshold. The definition of ‘trapped’ is slightly different in the structural model, since it
uses the estimated Markov transition matrix to calculate the probability a household with
a given set of initial conditions (kg, wg,np) will remain below the threshold in the future
— I define a household as trapped if there’s at least a 50% chance they will remain below
the threshold without a big-push transfer, but there exists a transfer, less than $1,000,
that will move them above the threshold such that they have at least a 50% chance of

remaining above the threshold in two years time.

8.3 Optimal Transfer Policy

A key question policymakers face is how to optimally allocate scarce resources to alleviate
poverty. In the presence of poverty traps, a tension arises between “targeting impact
versus deprivation” (Haushofer et al. 2025) — that is, should transfers be targeted at the
households most likely to show the largest impact, which in a poverty trap setting are
those relatively richer, higher productivity households on the cusp of crossing the poverty
trap threshold, or should transfers target the very poorest households, which have the
highest marginal utility of an additional dollar but lowest productivity?

8.3.1 Transfer Policy Optimization

To answer this question, I use the calibrated value functions to solve for the planner’s
optimal transfer policy, which maximizes the discounted expected utility of all households

in a study, subject to a budget constraint, B:
T" = arg mj@x/ V(k +T(k,n),n,w)dFy, (43)
st. B, = / T(k,n,w)dF, (44)

To maintain computational tractability and interpretability, I focus on solving the

optimal transfer policy by initializing households’ idiosyncratic shock to the study-specific
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median, @, uniformly distributing households across the empirical distribution of initial
assets and fixing the planner’s budget, B,, to a fixed amount per productivity type,
n. By fixing the budget per type I can solve the planner’s problem separately for each
productivity type, significantly reducing the dimensionality of the optimization problem.

This leads to the Lagrangian and first-order condition:

N N
LT, An) = ) iV (ki +Tim, @) + A (Bn - Z,UiTi) (45)
0L , _
a7 = MY (ki +Ti;n, @) = Au; =0 (46)

Where y; is the weight vector over the initial asset distribution, 7; the transfer to house-
holds at position i on the discretized state grid. For studies with fixed costs in the pro-
duction function, the non-convexities generate a kink in the value function, V(-), which
complicates the planner’s optimization problem — there are potentially multiple T;s that
satisfy the first-order condition, Equation 46.

Intuitively, this corresponds to the planner deciding between a “big-push” transfer, T,
that equates costs (shadow price 1) and benefits on the upper region of the value function,
Vi, or a smaller transfer, 7_, that equates costs and benefits on the lower region of the
value function, V’. Rather than enumerate all possible combinations of {7;4,7; -} for
each household i, I restrict the class of transfer policies the planner can choose such that
the planner can only choose an interval of assets, [k_, k4], where the planner picks the

higher transfer, 7; ;. I discuss further details of the optimization in Appendix I.

8.3.2 Transfer Policy Results

Figure 9 illustrates the optimal transfer policies in two studies, based on a $500-per-person
budget across three productivity types: low, medium, and high. In Mali Beaman et al.
(2023), transfers concentrate on the poorest households and decline as assets increase. For
high-productivity households, transfers begin slightly higher at low asset levels but phase
out earlier; otherwise, differences across types are minor. In contrast, the Bangladesh
policy Balboni et al. (2022) is more complex. Low- and high-productivity households
follow similar declining schedules, while medium-productivity households face a non-
monotonic path: a small initial transfer, a sharp increase near $100 in assets, then a
decline. This design reflects a planner’s trade-off between targeting deprivation and
maximizing impact—allocating small transfers to those with the highest marginal utility
and larger transfers to those with higher marginal returns.

On average, the optimal transfer policy decreases with assets: the poorest households
receive the largest transfers. Appendix Table A.20 reports the share of policies that

are monotonically decreasing by ability decile. Across all budgets, over 95% of optimal
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Figure 9: Optimal Transfer Policies in Mali and Bangladesh

Notes: This figure shows the optimal transfer policies in two studies. Panel (a) shows the optimal
transfer policy in Mali, Beaman et al. (2023), while panel (b) shows the optimal transfer policy in
Bangladesh, Balboni et al. (2022). The blue lines represent the optimal transfer policy using a total
budget per head of $25, and the yellow lines represent the optimal transfer policy using a total budget
per head of $500.
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policies are monotonic. As predicted by the model, policies are most often monotonic for
low- and high-productivity households, while those in the middle are slightly more likely

to prefer non-monotonic transfers.

8.3.3 Optimal Policy Targeting and Welfare Effects

Next, I compare the welfare effects of the optimal transfer policy—which maximizes the
present discounted value of household consumption, accounting for future asset dynam-
ics—with two simpler targeting rules. The first is a flat, untargeted transfer in which all
households receive the same amount. The second targets current consumption, maximiz-
ing immediate utility while ignoring future asset accumulation.

Appendix Table A.21 reports the percentage increase in welfare, measured as the gain
in discounted consumption relative to no transfers. On average, with a budget of $100
per person, the optimal policy yields an 23.2% welfare gain. By comparison, the flat
transfer delivers a 14.7% gain—about 37% less than the optimized policy. Surprisingly,
the current-consumption targeting rule achieves a nearly equivalent welfare improvement
of 18%, despite ignoring long-run asset dynamics.

Though initially counterintuitive, this result arises from two key factors. In a world
with fixed costs, high consumption can signal two distinct household types. First, it may
reflect high-productivity households that accumulate enough assets to exceed the fixed
cost threshold. These households will reach a high-asset steady state regardless and thus
have little need for transfers. Second, it may signal low-productivity households that
consume heavily because they see little chance of escaping a poverty trap and therefore
have little incentive to save.

In both cases, high consumption implies a low marginal return on transfers—either
because the household is already on a path to self-sufficiency or because it is unlikely to
become self-sufficient. Conversely, low consumption suggests a higher marginal return:
the household either has high marginal utility of consumption or is productively investing
in its future, though not yet able to escape poverty. As a result, targeting current
consumption—despite ignoring future asset dynamics—can serve as an effective heuristic.

Appendix Table A.22 supports this. In a sample of 100 households, the average rank
difference between the optimal and consumption-targeting policies is just 6.6 places at a
higher budget ($1000 per head), widening modestly to 12.2 places at a smaller budget
($100 per head).

8.3.4 Optimal Program Design: Big Push Best, Safety-Net Second

Finally, I evaluate the welfare effects of three common program designs: a one-time “big-
push” transfer, a monthly stream of smaller transfers, and a safety-net that guarantees

a minimum level of income. Intuitively, big-push transfers may be most effective in the
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presence of poverty traps, while safety nets could promote investment by reducing the
risk of future deprivation.

Appendix Table A.23 summarizes the optimal program for each study across four
budget levels: $10, $100, $500, and $1000. In most cases and at most budget levels, the
one-time big-push transfer yields the greatest welfare gains. The safety-net is optimal

only in a few cases, and the monthly transfer is never optimal.

9 Conclusion

At the turn of the millennium, one in three people lived in extreme poverty. Today, that
number is closer to one in ten. The fight against global poverty is relentless, and while
much progress has been made, much remains to be done. This paper provides evidence
that poverty traps remain a barrier to prosperity in many contexts around the world.
I find that non-convexities in production technology, plausibly driven by fixed costs to
investment such as large livestock, appear more widespread than previously thought.
These non-convexities create kinks in the production function that generate multiple
steady states in the asset accumulation equation and therefore the possibility of poverty
traps in many contexts.

However, a key takeaway of the paper is that the existence of poverty traps is not
a binary condition, but rather a matter of degree. The evidence suggests that some
households are trapped in poverty, initial conditions do matter, and that large, one-time
transfers can have sustained effects on poverty alleviation. Many households are not
trapped, but face such low returns to investment that large transfers are no guarantee of
escaping poverty.

While these findings may be new to economists, it appears that poor households are
already aware of these dynamics. I find evidence that households are forward-looking, and
that they respond to indivisibilities in investment by smoothing consumption and saving
in anticipation of approaching investment thresholds. This implies that households are
aware of the potential for poverty traps, that they respond to them in a rational manner,
and naive comparisons of consumption in randomized cash transfer experiments may
underestimate the welfare effects of such programs.

Overall, my findings suggest that there is no anti-poverty silver bullet. While large
cash transfers, such as those provided by GiveDirectly, can help many households es-
cape poverty traps, others may require more sustained interventions to boost returns to
investment and human capital. One example of such an intervention are “Graduation”
programs that combine large, one-time transfers with complementary support to boost
human capital and consumption/savings behavior. My findings suggest that such pro-
grams are likely to be effective for two reasons. First, they provide a “big-push” that

can shift trapped households to a higher-asset equilibrium. Second, the complementary
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interventions can help boost returns to investment for households with single, low-asset
steady states, plausibly increasing the effectiveness of the one-time transfer and reducing
the likelihood of falling back into poverty.

This policy implication highlights an avenue for future work. In the current framework,
household ability is treated as time-invariant, which prevents me from studying how
interventions that build skills or productivity might interact with initial asset support.
Many graduation programs combine multiple components, and extending the model to
allow for evolving ability would enable researchers to quantify both the individual and
complementary effects of such interventions.

Another limitation of the paper is the reliance on short-panels with randomized trans-
fers that are typically limited to a few points of support. While internal lagged instru-
ments provided by the panel structure help with identification, longer panels and rich
variation in transfer sizes would help sharpen estimates of the nonparametric production
and consumption functions. An even better approach might be to directly measure the
risks and returns of large, indivisible assets such as livestock, obviating the need to rely on
nonparametric production functions to conclude fixed costs generate production function
non-concavities.

This paper follows a long theoretical and empirical tradition in development economics
that seeks to identify the presence of poverty traps—one of the field’s oldest and most
enduring ideas. While the evidence presented here is suggestive of poverty traps in many
contexts, much work remains to be done to better understand the mechanisms that gener-
ate them, and the policies that can best alleviate them. I would like to finish by expressing
my gratitude to the researchers and field teams who designed and implemented the origi-
nal experiments that made this study possible, and to the households who participated in
them. Their willingness to share their experiences continues to expand our understanding

of poverty and the potential paths out of it.
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A Appendix Tables

Table A.1: Sample Counts by Region

Region Number of Studies  Number of Countries
East Asia & Pacific 1 1
Latin America & Caribbean 5 4
South Asia 6 3
Sub-Saharan Africa 15 9

Notes: This table reports the number of studies per region in the final harmonized sample and number

of unique countries represented in each region.

Table A.2: Sample Counts by Country Income Group

Statistic Low income Lower middle income  Upper middle income High income
World Bank # of countries 26 50 54 87
Sample # of countries 5 10 2 0
Fraction of WB countries (%) 12 23 24.9 40.1
Fraction of sample countries (%) 29.4 58.8 11.8 0
Number of households 15,416 40,358 19,037 0
Number of observations 49,580 130,121 83,591 0

Notes: This table reports the statistics on the number of countries in each World Bank income group

compared to the number of studies in the final harmonized sample in each income group.
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Table A.3: Treatment Statistics

Program Fraction Treated  Median Transfer (USD PPP)  Median Instalments
Mexico, Cunha (2019) 0.39 21.43 15
Nigeria, Carneiro (2021) 0.47 22.00 24
Nicaragua, Macours (2012) 0.72 25.83 12
Ethiopia, Banerjee (2015) 1.00 25.99 41
Ghana, Banerjee (2015) 0.26 30.00 13
India, Banerjee (2021) 0.53 30.40 41
India, Banerjee (2015) 0.52 35.04 10
Kenya, Haushofer (2016) 0.27 44.89 8
Uganda, Sedlmayr (2020) 0.08 77.56 2
India, Hussam (2022) 0.34 100.00 1
Ghana, Fafchamps (2014) 0.50 120.00 1
Mexico, Gertler (2012) 0.52 121.63 16
Mali, Beaman (2023) 0.27 140.00 1
Peru, Banerjee (2015) 1.00 143.33 10
Rwanda, Mcintosh (2020) 0.47 164.08 2
Kenya, Gobin (2017) 0.67 237.97 1
Somalia, Abdullahi (2023) 1.00 250.00 1
Sri Lanka, Demel (2009) 0.52 289.27 1
Tanzania, Baird (2024) 0.56 350.00 1
Honduras, Banerjee (2015) 0.33 376.96 2
Sri Lanka, Demel (2012) 0.48 395.57 1
Uganda, Blattman (2019) 0.49 400.00 1
Philippines, Edmonds (2020) 0.50 518.00 1
Bangladesh, Balboni (2022) 0.21 541.71 1
Kenya, Egger (2022) 0.49 860.00 3
Ethiopia, Blattman (2018) 0.30 1030.00 1
Uganda, Gupta (2024) 0.51 1286.29 3
Overall 0.44 441.11 2

Notes: This table reports statistics on the treatment arms in each study. ‘Fraction Treated’ is the average

treatment status of all households in the study, averaging over survey waves. ‘Median Transfer’ is the
median non-zero transfer administered to households - not the total transfer received by a household if
they were treated. ‘Median Instalments’ is the median number of installments in which the transfer was
disbursed to households. The ‘Overall’ row pools all studies to give statistics averaging over all studies.
The fraction treated in Ethiopia and Peru (Banerjee et al., 2015) and Somalia (Abdullahi et al., 2023)
is equal to 1 because all households in the control group received some level of consumption support,
therefore to be conservative, I classify all households in these studies as treated.
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Table A.4: Outcome Statistics

Sample Size Median (USD PPP)
. Survey Length .

Program Households  Observations (Months) Assets Income  Consumption
Mexico, Gertler (2012) 11,610 66,458 73 - 90 140
Bangladesh, Balboni (2022) 6,273 29,613 132 279 87 150
Nicaragua, Macours (2012) 6,539 15,695 36 - 316 281
Mali, Beaman (2023) 4,048 14,770 84 1,142 24 156
Kenya, Egger (2022) 6,841 13,682 32 546 35 198
Nigeria, Carneiro (2021) 4,533 13,123 48 - 15 1,434
Uganda, Sedlmayr (2020) 3,804 10,845 36 462 8 545
Uganda, Blattman (2019) 2,677 10,707 108 144 183 1,059
Mexico, Cunha (2019) 5,148 10,296 25 86 18 276
Ghana, Banerjee (2015) 2,598 7,794 40 335 16 219
Honduras, Banerjee (2015) 2,403 7,209 53 889 167 296
Peru, Banerjee (2015) 2,279 6,837 48 4,860 99 575
Sri Lanka, Demel (2009) 617 5,770 36 2,884 145 320
India, Hussam (2022) 1,345 5,354 10 431 355 152
Sri Lanka, Demel (2012) 408 5,304 68 2,820 172 -
Kenya, Gobin (2017) 1,729 5,062 16 221 98 189
India, Banerjee (2021) 991 4,955 120 - 1,831 51
Ghana, Fafchamps (2014) 791 4,746 16 279 84 163
Philippines, Edmonds (2020) 2,296 4,584 24 4,071 480 772
Ethiopia, Blattman (2018) 645 3,179 25 - 23 135
India, Banerjee (2015) 987 2,961 38 165 81 162
Kenya, Haushofer (2016) 1,419 2,831 18 343 19 153
Ethiopia, Banerjee (2015) 915 2,745 40 1,585 46 178
Uganda, Gupta (2024) 1,264 2,528 29 607 52 772
Rwanda, Mcintosh (2020) 1,268 2,457 14 563 36 93
Somalia, Abdullahi (2023) 795 2,349 45 500 50 105
Tanzania, Baird (2024) 588 1,438 32 - 87 78
Overall 74,811 263,292 132 595 81 196

Notes: This table reports outcome summary statistics and the number of total observations for each
study in the final harmonized sample. ‘Assets’ refers to total household assets, ‘Income’ is household
income per month, and ‘Consumption’ is household consumption per month. All monetary values are
sample medians in 2020 USD.
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Table A.5: Proxy Outcome Statistics

Sample Size Median (USD PPP)
. Survey Length .

Program Households  Observations (Months) Assets  Income  Consumption
Mexico, Gertler (2012) 11,610 66,458 73 129 90 140
Bangladesh, Balboni (2022) 6,273 29,613 132 279 87 150
Nicaragua, Macours (2012) 6,539 15,695 36 95 316 281
Mali, Beaman (2023) 4,048 14,770 84 1,097 24 156
Kenya, Egger (2022) 6,841 13,682 32 546 35 198
Nigeria, Carneiro (2021) 4,533 13,123 48 0 15 1,434
Uganda, Sedlmayr (2020) 3,804 10,845 36 372 8 545
Uganda, Blattman (2019) 2,677 10,707 108 144 183 1,059
Mexico, Cunha (2019) 5,148 10,296 25 86 18 276
Ghana, Banerjee (2015) 2,598 7,794 40 335 16 219
Honduras, Banerjee (2015) 2,403 7,209 53 889 167 296
Peru, Banerjee (2015) 2,279 6,837 48 4,860 99 575
Sri Lanka, Demel (2009) 617 5,770 36 2,884 139 320
India, Hussam (2022) 1,345 5,354 10 431 355 152
Sri Lanka, Demel (2012) 408 5,304 68 2,820 175 -
Kenya, Gobin (2017) 1,729 5,062 16 221 98 189
India, Banerjee (2021) 991 4,955 120 460 1,811 51
Ghana, Fafchamps (2014) 791 4,746 16 279 84 163
Philippines, Edmonds (2020) 2,296 4,584 24 3,323 404 772
Ethiopia, Blattman (2018) 645 3,179 25 519 23 135
India, Banerjee (2015) 987 2,961 38 165 81 162
Kenya, Haushofer (2016) 1,419 2,831 18 343 19 153
Ethiopia, Banerjee (2015) 915 2,745 40 1,585 46 178
Uganda, Gupta (2024) 1,264 2,528 29 607 52 772
Rwanda, Mcintosh (2020) 1,268 2,457 14 563 36 93
Somalia, Abdullahi (2023) 795 2,349 45 500 50 105
Tanzania, Baird (2024) 588 1,438 32 280 87 78
Overall 74,811 263,292 132 335 81 196

Notes: This table reports outcome summary statistics and the number of total observations for each
study in the final harmonized sample using ‘proxy’ outcomes pooled across income and asset measures.
‘Assets’ refers to the proxy asset measure, ‘Income’ is the best available proxy for household income
per month, and ‘Consumption’ is household consumption per month. All monetary values are sample
medians in 2020 USD.
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Table A.6: Covariate Statistics

Median
Program Household Size  Age (Years) Years Education
Mexico, Gertler (2012) 6 40 3
Bangladesh, Balboni (2022) 4 42 4
Nicaragua, Macours (2012) 5 42 4
Mali, Beaman (2023) 7 33 -
Kenya, Egger (2022) 4 42 7
Nigeria, Carneiro (2021) 7 32 -
Uganda, Sedlmayr (2020) 6 17 5
Uganda, Blattman (2019) 6 25 7
Mexico, Cunha (2019) 4 43 6
Ghana, Banerjee (2015) 7 - -
Honduras, Banerjee (2015) 6 - -
Peru, Banerjee (2015) 5 - -
Sri Lanka, Demel (2009) 5 42 11
India, Hussam (2022) 4 40 9
Sri Lanka, Demel (2012) 1 41 10
Kenya, Gobin (2017) 6 31 6
India, Banerjee (2021) 4 40 -
Ghana, Fafchamps (2014) 3 35 10
Philippines, Edmonds (2020) 6 43 10
Ethiopia, Blattman (2018) 4 21 10
India, Banerjee (2015) 4 - -
Kenya, Haushofer (2016) 5 31 9
Ethiopia, Banerjee (2015) 5 - -
Uganda, Gupta (2024) 8 38 7
Rwanda, Mcintosh (2020) 4 23 7
Somalia, Abdullahi (2023) 6 - -
Tanzania, Baird (2024) 5 - -
Overall 5 37 6

Notes: This table reports median household size, median household age, and median years of education
of adult household members for each study in the final harmonized sample.

60



Table A.7: Sample Balance — Final Harmonized Sample

Variable # Studies  # Observations Wider Sample Mean  Subsample Difference
-189.7
Proxy Income 43 314,391 266.3 [0.348]
77.8
Total Transfer 59 458,893 99.5 [0.052]
) -136.3
Consumption 49 356,377 246.3 [0.231]
-5.1
Income 45 295,091 67.5 [0.851]
-158.5
Wage Income 15 55,782 226.9 [0.243]
1,482.1
Revenue 19 150,759 923.3 [0.508]
-166.1
Profit 26 113,987 197.3 [0.282]
. -3,271.6
Savings 25 140,882 3,644.7 [0.445]
1,726.8
Debt 32 159,724 169.0 [0.307]
' -16.3
Lending 4 5,418 40.0 [0.226]
300.7
Total Hours Worked 31 136,876 77.1 [0.242]
2.6
Number of Cows 25 257,768 0.2 [0.209]
4.3
Number of Goats 22 228,337 0.3 [0.192]
) 0.4
Number of Pigs 16 168,516 0.2 [0.036]
0.4
Metal Roof 22 146,083 0.5 [0.397]
Age (Years) 45 355,040 36.0 [024§1]
' -1.2
Years of Education 35 293,119 54 [0.391]
-0.1
Gender = Female 54 390,611 0.6 [0.723]
) 0.4
Household Size 53 431,760 5.2 [0.376]

Notes: This table reports the sample mean of outcomes and covariates for the wider cleaned sample and
the estimated difference in means between the final harmonized sample and the wider cleaned sample.
p-values are from two-sided t-tests of equality of means in square brackets.

61



Table A.8: Poverty Trap Simulation Metrics — Single Steady State

Dynamic Panel Model Nonparametric Asset Transition Regression

% Correct
# Steady States > 1

% Correct, % Correct,

Ability Quantile  True # Steady States  Estimated # Steady States , ¢/ 0GR o TSR

Estimated # Steady States

0.0 1.0 1.0 100 100 3.5 18 18
0.05 1.0 1.0 100 100 3.5 18 18
0.11 1.0 1.0 100 100 18 18
0.16 1.0 1.0 100 100 18 18
0.21 1.0 1.0 100 100 18 18
0.26 1.0 1.0 100 100 18 18
0.32 1.0 1.0 100 100 18 18
0.37 1.0 1.04 98 98 18 18
0.42 1.0 1.08 96 96 18 18
0.47 1.0 1.04 98 98 18 18
0.53 1.0 1.2 90 90 18 18
0.58 1.0 1.2 90 90 18 18
0.63 1.0 1.24 88 88 18 18
0.68 1.0 1.2 90 90 18 18
0.74 1.0 1.24 88 88 18 18
0.79 1.0 1.08 96 96 18 18
0.84 1.0 1.0 100 100 18 18
0.89 1.0 1.0 100 100 18 18
0.95 1.0 1.0 100 100 18 18
1.0 1.0 1.0 100 100 18 18
Overall - 1.07 97 97 3.5 18 18

Notes: This table shows the performance metrics of the poverty trap estimator on simulated data gen-
erated using the structural model without production technology non-convexities and therefore only a
single steady state. Each figure reports the average result over 100 simulated datasets and each row cor-
responds to a different ability percentile. The overall average is reported in the final row. ‘True # Steady
States’ is the total number of steady states in the asset transition equation using the model, ‘Estimated
# Steady States’ is the average number of steady states estimated by each trap estimator. ‘% Correct
# Steady States’ is the proportion of simulations where the estimator correctly estimates the number
of steady states. ‘% Correct # Steady States > 1’ is the proportion of simulations where the estimator
correctly estimates more than one steady state if there are multiple steady states present. ‘Dynamic
Panel Model’ is the estimator presented in this paper, ‘Nonparametric Asset Transition Regression’ uses
the nonparametric regression of future assets on current assets plus the randomized transfer.

Table A.9: Poverty Trap Simulation Metrics — Multiple Steady States

Dynamic Panel Model Nonparametric Asset Transition Regression

% Correct % Correct % Correct, % Correct

Ability Quantile  True # Steady States Estimated # Steady States 4 Steady States  # Steady States > 1 Estimated # Steady States 4 Steady States  # Steady States > 1

0.0 1.0 1.0 100 100 27 27
0.05 1.0 1.06 94 94 27 27
0.11 1.0 1.0 100 100 27 27
0.16 1.0 1.0 100 100 27 27
0.21 1.0 1.0 100 100 27 27
0.26 3.0 1.02 1 1 38 73
0.32 3.0 1.52 26 26 38 73
0.37 3.0 2.6 80 80 38 73
0.42 3.0 2.96 98 98 38 73
0.47 3.0 2.78 89 89 38 73
0.53 3.0 1.86 43 43 38 73
0.58 1.0 1.08 96 96 27 27
0.63 1.0 1.04 98 98 27 27
0.68 1.0 1.0 100 100 27 27
0.74 1.0 1.0 100 100 27 27
0.79 1.0 1.0 100 100 27 27
0.84 1.0 1.0 100 100 27 27
0.89 1.0 1.0 100 100 27 27
0.95 1.0 1.0 100 100 27 27
1.0 1.0 1.0 100 100 27 27
Overall - 1.35 86 86 30 41

Notes: This table shows the performance metrics of the poverty trap estimator on simulated data
generated using the structural model with production technology non-convexities and therefore multiple
steady states. Each figure reports the average result over 100 simulated datasets and each row corresponds
to a different ability percentile. The overall average is reported in the final row. ‘True # Steady States’
is the total number of steady states in the asset transition equation using the model, ‘Estimated #
Steady States’ is the average number of steady states estimated by each trap estimator. ‘% Correct #
Steady States’ is the proportion of simulations where the estimator correctly estimates the number of
steady states. ‘% Correct # Steady States > 1’ is the proportion of simulations where the estimator
correctly estimates more than one steady state if there are multiple steady states present. ‘Dynamic
Panel Model’ is the estimator presented in this paper, ‘Nonparametric Asset Transition Regression’ uses
the nonparametric regression of future assets on current assets plus the randomized transfer.
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Table A.10: Population Identification Simulations

Instruments Pct. Significant (1%)  Pct. Significant (5%)  Pct. Significant (10%)
Difference instruments, no transfer 1.6 6.9 12.5
Difference instruments, with transfer 1.5 7.3 13.0
Level instruments, no transfer 0.0 0.2 1.1
Level instruments, with transfer 0.0 0.2 1.0
Current assets (Endogenous) 59.8 76.0 82.5
Lagged income (Endogenous) 90.0 99.3 99.8

Notes: This table shows results from simulations using the structural model calibrated against an
example study. Each column shows the proportion of p-values that reject the null hypothesis of mean
independence of the instruments and error terms at the corresponding significance level. Under the null
hypothesis, valid instruments should reject at the nominal rate, whilst endogenous instruments should
reject at a much higher rate. Rows 1-4 show results using the correct, model-based instruments, whilst
rows 5-6 show results using endogenous lagged variables as instruments. Rates are calculated over 500
simulated draws of 100 households over 5 time periods.

Table A.11: Estimated Poverty Trap Summary Statistics

Program Threshold (USD)  Below Threshold (%) Trapped (%)
Ghana, Banerjee (2015) 138 64.2 25.3
Tanzania, Baird (2024) 163 89.9 30.7
Somalia, Abdullahi (2023) 247 48.6 24.6
Honduras, Banerjee (2015) 261 71.1 5.6
Kenya, Egger (2022) 317 0 0
Bangladesh, Balboni (2022) 471 98.4 24.3
Uganda, Sedlmayr (2020) 505 90.9 37.5
Peru, Banerjee (2015) 550 95.5 55.4
Mexico, Gertler (2012) 47 100 0
Kenya, Haushofer (2016) 890 98.7 0
Ethiopia, Banerjee (2015) 907 100 0
Nigeria, Carneiro (2021) 981 0 0

Mali, Beaman (2023) - -
Ethiopia, Blattman (2018) - - _
Uganda, Blattman (2019) - - -
Mexico, Cunha (2019) - - -
Ghana, Fafchamps (2014) - - -
Uganda, Gupta (2024) - - -
Rwanda, Mcintosh (2020) - - _

Notes: This table reports poverty trap statistics, estimated using the calibrated household growth
model, for each study site. The first column reports the program name, whilst the ‘Threshold’ column
reports the average asset threshold a household must cross to move from a low- to high-steady state
in 2020 USD. The ‘Below Threshold (%)’ column shows the proportion of households at baseline with
assets below this threshold. The ‘Trapped (%)’ column shows the proportion of households below the
threshold that are ‘trapped’ — that is, the proportion of households that are productive enough such that
if they were given a transfer to cross the threshold, they would continue to accumulate assets, but are
not so productive that they are predicted to cross this threshold without a transfer.

Table A.12: Production Indivisibility and Consumption Nonmontonicity Confusion Ma-
trix

Consumption monotonic ~ Consumption non-monotonic

No production kinks 50.0% 50.0%
Production kinks 30.8% 69.2%

Notes: This table shows the confusion matrix between production indivisibility and consumption non-
monotonicity classifications. I exclude studies where the production function is entirely flat (Blattman
and Dercon 2018) as predictions about poverty traps are unclear in this case.
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Table A.13: Productivity Dispersion

Study SDof . logA 75-25 logA 90-10 Ratio 75-25  Ratio 90-10
Tanzania, Baird (2024) 0.42 0.55 1.10 1.74 3.00
Ghana, Fafchamps (2014) 0.38 0.50 0.96 1.65 2.62
Ghana, Banerjee (2015) 0.35 0.47 0.91 1.60 2.48
India, Banerjee (2021) 0.35 0.45 0.90 1.56 2.47
India, Hussam (2022) 0.32 0.40 0.81 1.50 2.24
Nicaragua, Macours (2012) 0.32 0.42 0.79 1.52 2.20
Mexico, Cunha (2019) 0.27 0.33 0.70 1.39 2.02
Philippines, Edmonds (2020) 0.23 0.33 0.65 1.39 1.92
Nigeria, Carneiro (2021) 0.26 0.37 0.65 1.45 1.91
Ethiopia, Banerjee (2015) 0.26 0.34 0.63 1.41 1.88
Bangladesh, Balboni (2022) 0.24 0.32 0.61 1.38 1.85
India, Banerjee (2015) 0.25 0.30 0.61 1.35 1.84
Uganda, Gupta (2024) 0.22 0.30 0.57 1.35 1.77
Somalia, Abdullahi (2023) 0.27 0.23 0.56 1.26 1.75
Honduras, Banerjee (2015) 0.22 0.28 0.56 1.32 1.74
Uganda, Sedlmayr (2020) 0.23 0.25 0.50 1.29 1.65
Ethiopia, Blattman (2018) 0.21 0.28 0.46 1.33 1.58
Peru, Banerjee (2015) 0.17 0.22 0.45 1.24 1.56
Kenya, Haushofer (2016) 0.17 0.24 0.43 1.27 1.54
Mali, Beaman (2023) 0.16 0.22 0.41 1.25 1.51
Mexico, Gertler (2012) 0.16 0.21 0.40 1.23 1.50
Kenya, Gobin (2017) 0.15 0.20 0.38 1.23 1.47
Rwanda, Mcintosh (2020) 0.15 0.19 0.36 1.21 1.43
Uganda, Blattman (2019) 0.14 0.18 0.36 1.20 1.43
Kenya, Egger (2022) 0.13 0.17 0.32 1.19 1.38
Unconditional 0.26 0.28 0.58 1.32 1.78

Notes: This table shows summary statistics of the estimated latent ability (fixed productivity) distri-
bution for each study using the stochastic EM algorithm. ‘SD of 5’ is the standard deviation of the
estimated ability distribution, ‘log A 75-25" is the difference between the 75th and 25th percentiles of the
estimated ability distribution on the log scale, and ‘log A 90-10’ is same difference between the 90th and
10th percentiles. ‘Ratio 75-25” and ‘Ratio 90-10” are the corresponding ratios on the raw (i.e. exponen-
tial) scale. ‘Unconditional’ shows the same statistics pooling all studies together.
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Table A.14: Production Parameters

Study P o¢
. . 0.446 0.378

Somalia, Abdullahi (2023) [0.199, 0.604]  [0.187, 0.564]
o 0.351 0.448

Tanzania, Baird (2024) [0.318, 0.383]  [0.158, 0.759]
. 0.478 0.998

Bangladesh, Balboni (2022) [0.47, 0.486]  [0.957, 1.034]
. . 0.349 0.488

Ethiopia, Banerjee (2015) [0.302, 0.392]  [0.192, 0.678]
. 0.357 0.904

Ghana, Banerjee (2015) [0.326, 0.384]  [0.342, 1.153]
. 0.107 0.842

Honduras, Banerjee (2015) [0.095, 0.118]  [0.802, 0.88]
. . 0.265 0.869

India, Banerjee (2015) [0.212, 0.316]  [0.458, 1.109]
. 0.398 1.173

Peru, Banerjee (2015) [0.361, 0.428]  [1.118, 1.217]
. . 0.03 1.415

India, Banerjee (2021) [0.003, 0.083]  [1.341, 1.49]
. 0.275 0.932

Mali, Beaman (2023) [0.266, 0.285]  [0.896, 0.968]
. 0.023 0.604

Ethiopia, Blattman (2018) [0.002, 0.076]  [0.263, 0.894]
0.566 0.928

Uganda, Blattman (2019) [0.545, 0.586] [0.356, 1.18]
- . 0.349 0.766

Nigeria, Carneiro (2021) [0.124, 0.547]  [0.346, 1.101]
. 0.595 0.927

Mexico, Cunha (2019) [0.523, 0.666]  [0.367, 1.201]
. 0.143 0.45

Sri Lanka, Demel (2009) [0.125, 0.162]  [0.277, 0.584]
. 0.105 0.391

Sri Lanka, Demel (2012) [0.089, 0.123]  [0.212, 0.558]
o 0.356 0.556

Philippines, Edmonds (2020) [0.107, 0.531]  [0.211, 0.901]
0.183 0.85

Kenya, Egger (2022) [0.164, 0.201]  [0.336, 1.112]
0.108 0.438

Ghana, Fafchamps (2014) [0.093, 0.126]  [0.231, 0.591]
. 0.161 0.989

Mexico, Gertler (2012) [0.155, 0.169]  [0.969, 1.011]
. 0.02 0.932

Kenya, Gobin (2017) [0.014, 0.026]  [0.867, 0.988]
0.103 1.469

Uganda, Gupta (2024) [0.073, 0.148]  [0.46, 1.743]
0.266 0.88

Kenya, Haushofer (2016) [0.245, 0.285]  [0.286, 1.151]
. 0.007 0.427

India, Hussam (2022) [0.003, 0.012]  [0.196, 0.579]
. 0.655 0.323

Nicaragua, Macours (2012) [0.604, 0.698]  [0.158, 0.466]
. 0.245 0.893

Rwanda, Mcintosh (2020) [0.208, 0.28] [0.357, 1.14]
0.453 1.155

Uganda, Sedlmayr (2020) [0.442, 0.465]  [1.102, 1.205]

0.299 0.794
[0.007, 0.654]  [0.248, 1.489)]

Overall

Notes: This table shows the estimated productivity persistence parameter, p;, approximately annualized

to account for differences in panel length across studies (p1.2/ Survey gap (months) ). The right column shows

the estimated productivity innovation standard deviation, og;. The point estimate is the posterior mean
with 95% credible intervals in square brackets. Overall shows the hierarchical mean estimates across all
studies.
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Table A.15: Correlates of Household-level Poverty Traps: Thresholds

Dependent Variable: Threshold Exists Threshold Size (USD PPP)

1) (2) ®3) (4) (5) (6) (7) (8)

Logit Logit Logit Logit OLS OLS OLS OLS

Below Median HH Size -0.402***  -0.401"**  -0.397"*  -0.397"** 2.24 2.27 2.03 1.99
(0.102)  (0.101)  (0.100)  (0.100)  (6.08) (6.09) (5.98)  (5.99)

Female -0.320 -0.320 -0.326 -3.57 -3.55 -2.22
(0.197)  (0.198)  (0.198) (8.30) (8.32)  (8.47)

Below Median Age -0.030 -0.024 1.96 0.795
(0.058)  (0.061) (6.86)  (6.98)
Below Median Education 0.042 -6.52**
(0.066) (2.71)

Number of Studies 11 11 11 11 10 10 10 10
Observations 39,381 39,381 39,381 39,381 1,491 1,491 1,491 1,491

Notes: This table shows two household-level regressions: a logistic regression of whether a household
faces multiple steady states in their asset transition equation, Columns (1)-(3), on household-level char-
acteristics; and an OLS regression of the threshold size on household-level characteristics, conditional
on facing a threshold, shown in Columns (4)-(6). ‘Female’ is the fraction of household members that
are female, ‘Below Median Age’ is whether the average age of adult household members is below the
study median, and ‘Below Median Education’ is whether the average years of education of adult house-
hold members is below the study median. All regressions include study fixed effects. Standard errors
clustered at the study level in parentheses. Stars denote significance at the 10%, 5%, and 1% levels
respectively.

Table A.16: Correlates of Household-level Poverty Traps: HH Trapped

Dependent Variable: HH Trapped Below Threshold

1 (2) (3) (4)
Below Median HH Size -1.21x107®>  -0.0007  -0.004 -0.004
(0.036) (0.037)  (0.036) (0.035)
Female 0.096*  0.096*  0.083**
(0.034)  (0.033)  (0.029)
Below Median Age 0.028 0.040*
(0.021)  (0.020)
Below Median Education 0.065**
(0.023)

Number of Studies 10 10 10 10
Observations 1,491 1,491 1,491 1,491

Notes: This table shows a logistic regression of a household being classified as ‘trapped’ (i.e. faces an
asset transition equation with multiple steady states and is below the asset threshold) on household-level
characteristics. ‘Female’ is the fraction of household members that are female, ‘Below Median Age’ is
whether the average age of adult household members is below the study median, and ‘Below Median
Education’ is whether the average years of education of adult household members is below the study
median. All regressions include study fixed effects. Standard errors clustered at the study level in
parentheses. Stars denote significance at the 10%, 5%, and 1% levels respectively.

66



Table A.17: Study-level Production Kink Correlates

Dependent Variable: Production Kinks
(1) (2 (3) (4) (5)
Number of Households (100s)  0.003** 0.003* 0.003 0.002 0.002
(0.001)  (0.001) (0.002)  (0.002) (0.002)
Panel Rounds 0.049 0.044 -0.004 -0.001
(0.073)  (0.078)  (0.078) (0.074)
Panel Length (months) 0.0006 0.001 0.0004
(0.004)  (0.004) (0.004)
Mean Transfers (100s) -0.034**  -0.036"**
(0.013) (0.012)
Any Livestock 0.226
(0.214)
Intercept 0.403*** 0.250 0.246 0.598* 0.484
(0.126)  (0.247)  (0.254)  (0.292)  (0.312)
Observations 25 25 25 25 25

Notes: This table shows a study-level regression of whether a study has a kink in the estimated produc-
tion function on study-level characteristics. ‘Number of HH (100s)’ is the number of households in the
study sample in hundreds, ‘Panel Rounds’ is the number of survey rounds in the study, ‘Panel Length
(months)’ is the length of time between baseline and the final endline survey in months, ‘Mean Transfers
(100s)’ is the average transfer size in hundreds of 2020 USD, and ‘Any Livestock’ is an indicator for
whether the study collects data on livestock ownership. Stars denote significance at the 10%, 5%, and

1% levels respectively.

Table A.18: Study-level Consumption Nonmonotonicity Correlates

Dependent Variable: Non-Monotonic Consumption

(1) (2)

(3)

(4)

(5)

Number of Households (100s) 0.002* 0.001 0.0006  0.0006 0.0006
(0.001)  (0.001) (0.001) (0.002) (0.002)
Panel Rounds 0.132™ 0.112* 0.132* 0.133*
(0.056)  (0.054) (0.060) (0.065)
Panel Length (months) 0.003 0.002 0.002
(0.002)  (0.002) (0.003)
Mean Transfers (100s) 0.014 0.013
(0.015)  (0.014)
Any Livestock 0.136
(0.229)
Intercept 0.558"** 0.147 0.130 -0.011 -0.080
(0.124)  (0.249)  (0.253)  (0.313)  (0.325)

Observations 25 25 25 25 25

Notes: This table shows a study-level regression of whether a study has a nonmonotonic average
consumption rule on study-level characteristics. ‘Number of HH (100s)’ is the number of households in
the study sample in hundreds, ‘Panel Rounds’ is the number of survey rounds in the study, ‘Panel Length
(months)’ is the length of time between baseline and the final endline survey in months, ‘Mean Transfers
(100s)’ is the average transfer size in hundreds of 2020 USD, and ‘Any Livestock’ is an indicator for
whether the study collects data on livestock ownership. Stars denote significance at the 10%, 5%, and

1% levels respectively.
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Table A.19: Study-level Multiple Asset Transition Correlates

Dependent Variable:

Multiple Steady States

(1) (2)

(3)

(4)

(5)

Number of Households (100s)  0.003***  0.003** 0.0009 0.0010 0.001
(0.001)  (0.001) (0.002)  (0.001) (0.001)

Panel Rounds 0.086 0.035 0.083 0.082
(0.074)  (0.071)  (0.057) (0.061)
Panel Length (months) 0.007**  0.006**  0.006**
(0.002)  (0.002) (0.002)
Mean Transfers (100s) 0.034**  0.035*"*
(0.010) (0.009)

Any Livestock -0.077
(0.180)

Intercept 0.302* 0.034 -0.012 -0.361 -0.322
(0.125)  (0.248)  (0.244)  (0.216)  (0.251)

Observations 25 25 25 25 25

Notes: This table shows a study-level regression of whether a study has an average asset transition
equation with multiple steady states on study-level characteristics. ‘Number of HH (100s)’ is the number
of households in the study sample in hundreds, ‘Panel Rounds’ is the number of survey rounds in the
study, ‘Panel Length (months)’ is the length of time between baseline and the final endline survey in
months, ‘Mean Transfers (100s)’ is the average transfer size in hundreds of 2020 USD, and ‘Any Livestock’
is an indicator for whether the study collects data on livestock ownership. Stars denote significance at
the 10%, 5%, and 1% levels respectively.

Table A.20: Proportion of Monotonic Optimal Transfer Policies

100 USD 500 USD 1000 USD
Ability Decile (1) (2) (3)
1 95.8 100.0 100.0
2 100.0 100.0 100.0
3 100.0 100.0 100.0
4 95.8 91.7 100.0
5 100.0 91.7 100.0
6 95.8 91.7 100.0
7 91.7 95.8 91.7
8 95.8 95.8 95.8
9 95.8 95.8 91.7
10 100.0 95.8 91.7
All 97.1 95.8 97.1

Notes: This table shows the proportion of optimal transfer policies that are monotonically decreasing in
assets across productivity deciles for three budget levels, $100, $500, and $1000 per head, results average
across all studies.
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Table A.21: Targeting and Welfare Effects of Transfer Programs

100 USD 1000 USD
Untargeted  Consumption Targeted  Optimal Transfer =~ Untargeted Consumption Targeted Optimal Transfer

Program (1) ) 3) ) (5) (©)

Bangladesh, Balboni (2022) 18.2 19.4 19.4 157.7 155.8 160.9
Ethiopia, Blattman (2018) 17.3 17.4 17.5 160.5 160.8 162.0
Uganda, Gupta (2024) 18.2 20.2 20.2 154.7 149.7 154.7
Philippines, Edmonds (2020) 17.9 21.0 21.0 140.4 140.0 140.7
Kenya, Gobin (2017) 17.5 20.7 20.7 120.5 121.9 122.2
Peru, Banerjee (2015) 17.3 20.6 20.6 117.3 119.5 119.8
Uganda, Blattman (2019) 15.5 17.4 18.1 117.3 117.4 117.5
India, Banerjee (2021) 16.8 20.9 21.3 109.4 109.9 111.1
Mexico, Gertler (2012) 15.4 17.5 17.8 112.5 113.6 113.9
Uganda, Sedlmayr (2020) 15.7 16.7 20.1 100.6 88.1 101.7
Somalia, Abdullahi (2023) 14.8 17.5 18.7 99.7 99.8 100.1
Mexico, Cunha (2019) 15.1 19.0 19.6 94.8 96.4 96.7
Honduras, Banerjee (2015) 15.9 21.3 22.9 91.0 92.1 92.5
Nicaragua, Macours (2012) 12.8 15.0 15.4 87.2 88.4 88.7
Ghana, Banerjee (2015) 15.2 20.3 22.5 77.8 78.5 79.1
Kenya, Egger (2022) 13.3 16.4 17.0 80.5 81.0 81.4
Mali, Beaman (2023) 14.1 19.5 19.6 75.9 77.2 77.3
Tanzania, Baird (2024) 14.1 19.2 19.6 73.3 74.3 74.7
India, Banerjee (2015) 12.7 17.9 18.7 63.6 64.5 64.8
Ethiopia, Banerjee (2015) 12.1 15.9 17.2 54.0 54.5 55.1
Ghana, Fafchamps (2014) 11.3 15.6 15.7 54.4 55.2 55.3
India, Hussam (2022) 11.3 15.7 16.4 51.6 52.3 52.5
Rwanda, Mcintosh (2020) 10.7 14.7 14.8 49.5 50.3 50.4
Kenya, Haushofer (2016) 9.3 12.2 12.7 33.1 33.3 33.5
All Programs 14.7 18.0 23.2 94.9 94.8 164.5

Notes: This table presents the welfare effects of three transfer targeting rules: the optimal transfer
policy, a flat transfer policy, and a current-consumption targeting policy. Welfare effects are measured
relative to the value function under a baseline of no transfers, equivalent to the percentage change in the
present discounted value of future consumption streams. ‘100 USD’ indicates a budget of 100 USD per
head, ‘1000 USD’ indicates a budget of 1000 USD per head.

Table A.22: Difference in Policy Targeting Ranks

Average Absolute Rank Difference
Budget (USD/per capita) Consumption Targeted Rank(Assets) Rank(Consumption)

100 12.2 14.1 15.9
500 8.0 3.6 7.9
1000 6.6 2.4 6.6

Notes: This table shows the average difference in targeting ranks between the optimal transfer policy
and alternative targeting policies, across different budget levels.

Table A.23: Best Transfer Policy by Program

10 USD 100 USD 500 USD 1000 USD

Best Policy ~ Welfare Increase (%)  Best Policy ~ Welfare Increase (%)  Best Policy ~ Welfare Increase (%)  Best Policy =~ Welfare Increase (%)
Program 1 (3) (5) (7
Somalia, Abdullahi (2023) Safety net 0.4 One-off 4.3 One-off 15.9 One-off 24.6
Tanzania, Baird (2024) - - One-off 87.2 - - - -
Bangladesh, Balboni (2022) One-off 22.4 One-off 75.0 One-off 94.6 One-off 97.6
Ethiopia, Banerjee (2015) One-off 7.7 One-off 47.1 - - - -
Ghana, Banerjee (2015) One-off 9.8 One-off 48.7 One-off 82.4 One-off 90.9
Honduras, Banerjee (2015) One-off 1.3 - - One-off 36.7 One-off 52.3
India, Banerjee (2015) One-off 50.3 One-off 88.6 - - - -
Peru, Banerjee (2015) Safety net 2.2 Safety net 11.4 Safety net 24.4 One-off 36.7
India, Banerjee (2021) One-off 3.5 One-off 18.4 One-off 43.1 One-off
Mali, Beaman (2023) One-off 26.6 One-off 70.1 One-off 89.4 One-off
Ethiopia, Blattman (2018) One-off 1.3 One-off 6.6 - - -
Uganda, Blattman (2019) Safety net 6.6 Safety net 7.5 Safety net 10.9 Safety net
Nigeria, Carneiro (2021) - - One-off 11.6 One-off 16.8 - -
Mexico, Cunha (2019) Safety net 1.3 Safety net 12.2 - - - -
Kenya, Egger (2022) Safety net 6.8 Safety net 9.1 Safety net 17.9 Safety net 24.1
Mexico, Gertler (2012) One-off 2.8 One-off 17.0 One-off 40.4 One-off 52.6
Uganda, Gupta (2024) One-off 2.3 One-off 13.8 One-off 34.7 One-off 45.8
Kenya, Haushofer (2016) One-off 5.1 One-off 34.9 One-off 68.9 - -
Nicaragua, Macours (2012) One-off 3.2 One-off 22.3 One-off 54.0 One-off 69.3
Rwanda, Mcintosh (2020) One-off 9.9 One-off 43.0 One-off 73.9 One-off 84.0
Uganda, Sedlmayr (2020) Safety net 1.4 One-off 7.7 One-off 24.9 One-off 36.0

Notes: This table shows the optimal transfer policy between three types: ‘One-off’ is a one-time
transfer at the start of the program, ‘Safety Net’ is a guaranteed income floor, chosen to match the
budget constraint in expectation, and ‘Stream’ is a constant transfer every period. The welfare increase
shows the percentage increase in consumption-equivalent welfare compared to no transfers.
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B Appendix Figures

Location of Harmonised Studies

{Democratic Republic of the Congo}

ok - ’

D Not in dataset (yet) . In dataset

Figure B.1: Map of Included Studies — Wider Clean Sample

Notes: This figure shows the map of the wider harmonized sample of 58 RCTs.
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Figure B.2: Production Function Estimates

Notes: This figure shows the estimated production function estimates using the quasi-Bayesian estimator
described in Section 6. The blue line shows the posterior mean production function, while the blue shaded
area shows the 95% credibility interval. Each panel shows results for a different study.
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Figure B.3: Average Consumption Function Estimates

Notes: This figure shows average consumption function estimates using the stochastic EM algorithm
described in Section 6.2. The blue line shows the posterior mean consumption function, while the blue
shaded area shows the 95% confidence interval. Each panel shows results for a different study. Confidence
intervals are calculated using a non-parametric bootstrap of households with 50 bootstrap samples.
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Figure B.4: Average Asset Transition Equation Estimates

shows the expected asset transition equation. Each panel shows results for a different study.
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Figure B.5: Livestock Ownership Placebo Estimates

Notes: This figure shows a histogram of the estimated differences in livestock ownership at the household
poverty trap threshold for placebo thresholds randomly drawn from the distribution of household assets.
The vertical black line shows the estimated difference at the true household poverty trap threshold. I
plot the absolute value of the point estimates and compare how extreme the true estimate is relative to
the placebo distribution to calculate a p-value. I draw distance to the placebo threshold from a uniform
distribution centered at zero with bounds of —5000 and 5000 in USD across 1000 simulations.
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Figure B.6: Livestock Ownership Randomization Inference

Notes: This figure shows a histogram of the estimated differences in livestock ownership at the household

poverty trap threshold for random reassignments of the distance to the threshold, within a program, I
randomly reassign the distance to threshold for each household. The vertical black line shows the
estimated difference at the true household poverty trap threshold. I plot the absolute value of the point
estimates and compare how extreme the true estimate is relative to the randomization distribution to
calculate a p-value. I draw 1000 random reassignments of the distance to threshold.
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Figure B.7: Density of Household Ability (Fixed Productivity) by Study

Notes: This figure shows the estimated density of household ability, n, for each study. I plot the
e exponential of latent ability, so that the x-axis shows multiplicative productivity differences. The
vertical black line shows the median ability level in each study. Results are from the posterior mean of
the ability fixed effect estimated using the stochastic EM algorithm described in Section 6.
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Figure B.8: Consumption Decreases Near Estimated Poverty Trap Thresholds in
Bangladesh, Balboni et al. (2022) and Kenya, Haushofer & Shapiro (2016)

Notes: This figure shows a nonparametric regression of household monthly consumption on assets in
Balboni et al. (2022) and Haushofer and Shapiro (2016) respectively. The price of the fixed-cost asset is
taken directly from the original papers: $488 for a cow in Bangladesh and $774 for a metal roof in Kenya
(after adjusting for inflation from 2012 PPP reported in Haushofer and Shapiro (2016) to 2020 USD). The
vertical dashed line shows the estimated poverty trap threshold from the nonparametric dynamic panel
model in Bangladesh ($547) and the structural model in Kenya ($974). I resort to the structural model
estimates in Kenya since I do not find any households with multiple steady states using the dynamic
panel model in Kenya, where households marginally avoid crossing the y-axis. The structural model
results for Bangladesh ($468) are similar to the nonparametric results and are omitted for visual clarity.
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C Additional Results

C.1 Correlates of Traps

Next, I explore whether the prevalence of poverty traps and their mechanisms, both at
the household level and on aggregate at the study level, are correlated with observable
characteristics.

First, I find that larger households are more likely to face multiple steady states but
little evidence that gender, age, or education predict the existence of a threshold. Since
multiple steady states arise when households are neither too productive nor too unpro-
ductive, this pattern is consistent with larger households being able to pool resources and
afford larger fixed costs, whereas smaller households may be too unproductive to ever face
multiple steady states. I find little evidence that the threshold size is related to household
size, age, or gender composition of the household, and significant but economically small
effects of education (-6.52, p = 0.0395), Appendix Table A.15.

Next, amongst households facing a threshold, I find that trapped households - i.e. those
that face multiple steady states and are below the threshold 1rrappeq,j(k,77) = 1, have a
greater share of women in the households, are younger, and less educated, Appendix Table
A.16. Having below median education is associated with an 6.5 percentage point increase
in the probability of being trapped (p = 0.020), while a greater share of women in the
household is associated with an 8.3 percentage point increase in the probability of being
trapped (p = 0.02). Interpreting these results requires caution, given the small sample
size — only 1,491 households across 10 studies face a threshold and report covariates.

Unfortunately, the small sample size of 25 studies limits my ability to assess the impact
of study-level characteristics, shown in Appendix Tables (A.17)-(A.19). I find the presence
of livestock has a large but imprecise effect on the probability of observing a production
kink (+22.6ppt, p = 0.306). Non-monotonicities in consumption are more common in
studies with more survey waves, (+13.3ppt, p = 0.055) perhaps reflecting the greater
ability to detect nonlinearities as the panel dimension increases. I find studies with longer
follow-up periods and larger transfers are more likely to exhibit multiple steady states
but these effects are small — a one month increase in the final endline is associated with
a 0.6% increase in the probability of finding multiple steady states (p = 0.003), similarly

a $100 increase in the average transfer is associated with a 3.5% increase (p = 0.002).

C.2 Dispersion in Ability and Productivity Persistence

Finally, I explore dispersion in latent ability, i, and the persistence of productivity shocks,
0.

In Appendix Figure B.7 I plot the estimated distribution of time-invariant latent ability,
n, for each study. While I do find substantial differences in the productivity of house-
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holds, my estimates of productivity dispersion, shown in Appendix Table A.13 are slightly
smaller than those found previously in the literature, including more recent papers which
account for measurement error, such as (Gollin and Udry 2021; Bils et al. 2021; Maue
et al. 2020). For instance, pooling across all studies, I estimate a difference in log produc-
tivity of 0.58 between the 10th and 90th percentiles, compared to estimates of 1.25-1.9
in the existing literature. My estimates of productivity dispersion are closer to, but still
below, those of the United States in Hsieh and Klenow (2009), who estimate a value of
1.19 for US manufacturing firms in 2005. It is possible these lower estimates reflect the
fact that households in my sample face kinked production functions, and accounting for
these nonlinearities leads to lower dispersion in productivity residuals.?® However, many
other differences could explain these results, such as differences in data quality or the
unit considered. For instance, my sample consists of household surveys of assets, rather
than detailed firm-level production data, and typically only a single microentrepreneur
or farmer, rather than a firm employing multiple workers.

Turning to productivity persistence, Appendix Table A.14 shows the annualized esti-
mated persistence of the idiosyncratic productivity shock, p, for each study. I find an
average annualized persistence of 0.299 with a range from 0.007 to 0.655 — while below
values typically found in high-income countries (Syverson 2011), these are in line with

estimates focusing on agricultural productivity in Africa (Maue et al. 2020).

28Maue et al. (2020) use a random forest estimator to measure productivity on agricultural plots,
however due to shorter panel lengths, are unable to use dynamic panel methods and must regress inputs
on outputs directly.
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D Robustness Checks

D.1 Alternative Production Function Estimators

In this section, I present robustness checks using alternative production function estima-
tors. First, I re-estimate the production function using a version of the quasi-Bayesian
estimator that fixes the Gaussian process hyperparameters after a burn-in period rather
than estimating them simultaneously with the production function parameters. Second,
I use remove the hierarchical prior over the length scale parameters. Third, I present re-
sults using only studies that have longer panels of at least 3 time periods and incorporate
measurement error in the production function equation. Finally, I re-estimate the model
without the level moments, which require assumptions about initial conditions and the
relationship between household ability and changes in income/assets.

I find very little evidence of differences in the estimated production functions across
these alternative specifications. In most cases, the posterior mean is virtually identical
to the preferred specification in the main text, with occasional differences in the width
of the credible intervals. Figures (D.9)-(D.12) present the production function estimates

for each alternative specification in turn.
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Figure D.9: Production Function Estimates: Fixed Gaussian Process Hyperparameters

Notes: This figure shows production function estimates using the quasi-Bayesian estimator that fixes the

Gaussian process hyperparameters after a burn-in period, rather than estimating them simultaneously
with the production function parameters. The blue line shows the posterior mean production function,
while the blue shaded area shows the 95% credible interval. Each panel shows results for a different
study.
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Figure D.10: Production Function Estimates: No Hierarchical Model

Notes: This figure shows production function estimates using the same quasi-Bayesian estimator as in
the main text, but removes the hierarchical prior over the length scale parameter and estimates each
length scale independently. The blue line shows the posterior mean production function, while the blue
shaded area shows the 95% credible interval. Each panel shows results for a different study.
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Figure D.11: Production Function Estimates: Dynamic Panel with Measurement Error

Notes: This figure shows production function estimates using the quasi-Bayesian estimator that incor-
porates measurement error in the production function equation. The blue line shows the posterior mean
production function, while the blue shaded area shows the 95% credible interval. Each panel shows
results for a different study.
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Figure D.12: Production Function Estimates: No Level Moments

Notes: This figure shows production function estimates using the quasi-Bayesian estimator that removes
the level moments from the model. The blue line shows the posterior mean production function, while
the blue shaded area shows the 95% credible interval. Each panel shows results for a different study.
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D.1.1 Alternative Consumption Function Estimators

In this section, I present results that re-estimate the consumption function by directly us-
ing estimates of households’ ability and productivity shocks from the production function
step, rather than integrating over their distribution using the stochastic EM algorithm.
Figure D.13 presents the average consumption function results. I find very similar
patterns to the main text specification, with some minor discrepancies in the number of
studies with non-monotonic consumption functions. In both the main text and alternative
specification, I find 9 studies with monotonic consumption functions. Overall, the results

suggest that the main findings are robust to this alternative estimation approach.
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Figure D.13: Average Consumption Function Estimates: Fixed Effects Approach

Notes: This figure shows average consumption function estimates where household ability and produc-
tivity shocks are first estimated using a fixed effects approach and the production function residuals,

and then consumption is regressed on these estimates and assets.

The black line shows the average

consumption function. Each panel shows results for a different study.
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D.1.2 Poverty Trap Estimates

Finally, I present poverty trap estimates using the alternative production and consump-

tion estimation approaches outlined above.

Table D.24: Poverty Trap Thresholds: Fixed GP Hyperparameters

Threshold Distance Below Threshold Transfer HHs Below HHs Trapped Below
(USD PPP)  Threshold (USD PPP)  Consumption  (USD PPP)  Threshold (%) Threshold (%)

Program (1) (2) 3) (4) (5) (6)

Ethiopia, Blattman (2018) 159 154 3 1,030 19.23 13.46
Ghana, Banerjee (2015) 229 141 7 406 38.25 3.75
Mali, Beaman (2023) 248 201 11 140 24.50 24.50
Ghana, Fafchamps (2014) 302 193 6 120 54.25 21.00
Mexico, Gertler (2012) 307 251 12 379 59.25 32.50
India, Banerjee (2015) 399 328 9 788 61.75 48.50
Kenya, Gobin (2017) 420 296 12 238 81.00 2.50
Uganda, Sedlmayr (2020) 429 268 4 155 39.75 0.25
Nicaragua, Macours (2012) 491 436 9 485 82.00 71.25
Rwanda, Mcintosh (2020) 522 316 24 328 51.75 0.00
Bangladesh, Balboni (2022) 555 431 12 542 54.00 14.50
Tanzania, Baird (2024) 601 493 40 350 75.00 30.75
Uganda, Blattman (2019) 669 548 3 400 80.00 79.50
Mexico, Cunha (2019) 711 614 11 21 78.38 78.38
India, Banerjee (2021) 753 657 55 547 77.00 23.75
India, Hussam (2022) 780 562 15 100 79.19 34.23
Uganda, Gupta (2024) 842 736 9 2,967 55.13 55.13
Kenya, Egger (2022) 2,436 1,774 49 1,871 96.25 25.00
Peru, Banerjee (2015) 3,795 1,950 33 1,433 74.50 73.50
Honduras, Banerjee (2015) 4,321 3,268 81 754 99.00 0.25
Somalia, Abdullahi (2023) - - - 500 - -

Ethiopia, Banerjee (2015) - - - 338 - -

Nigeria, Carneiro (2021) - - - 528 - -

Philippines, Edmonds (2020) - - - 518 - -

Kenya, Haushofer (2016) - - - 404 - -

Overall 539 433 10 338 55.13 21.00

Notes: This table presents poverty trap thresholds estimated using the quasi-Bayesian production
function estimator that fixes the Gaussian process hyperparameters after a burn-in period, rather than
estimating them simultaneously with the production function parameters.
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Table D.25: Poverty Trap Thresholds: No Hierarchical Model

Threshold Distance Below Threshold Transfer HHs Below HHs Trapped Below
(USD PPP)  Threshold (USD PPP) Consumption (USD PPP)  Threshold (%) Threshold (%)

Program (1) (2) (3) (4) (5) (6)

Somalia, Abdullahi (2023) 186 179 10 500 14.29 0.71
Ghana, Banerjee (2015) 226 139 7 406 37.75 14.50
Mali, Beaman (2023) 239 193 11 140 24.25 24.25
Mexico, Gertler (2012) 304 248 12 379 59.00 32.50
Philippines, Edmonds (2020) 336 319 3 518 39.58 29.17
Ethiopia, Blattman (2018) 384 371 8 1,030 28.85 26.92
Ghana, Fafchamps (2014) 389 253 7 120 63.25 48.50
India, Banerjee (2015) 390 321 9 788 61.00 47.75
Kenya, Gobin (2017) 427 303 12 238 81.00 1.75
Tanzania, Baird (2024) 504 415 33 350 73.00 31.00
Nicaragua, Macours (2012) 507 451 9 485 82.25 73.25
Uganda, Blattman (2019) 524 422 3 400 75.50 75.50
Mexico, Cunha (2019) 534 451 8 21 73.87 73.87
Rwanda, Mcintosh (2020) 571 346 27 328 55.50 1.50
Bangladesh, Balboni (2022) 606 461 13 542 56.00 16.50
Uganda, Gupta (2024) 646 577 7 2,967 48.72 48.72
India, Banerjee (2021) 768 668 56 547 77.25 25.75
India, Hussam (2022) 791 571 16 100 79.19 31.21
Peru, Banerjee (2015) 3,826 1,962 33 1,433 75.50 74.25
Ethiopia, Banerjee (2015) - - - 338 - -

Honduras, Banerjee (2015) - - - 754 - -

Nigeria, Carneiro (2021) - - - 528 - -

Kenya, Egger (2022) - - - 1,871 - -

Kenya, Haushofer (2016) - - - 404 - -

Uganda, Sedlmayr (2020) - - - 155 - -

Overall 504 371 9 338 55.50 25.75

Notes: This table presents poverty trap thresholds estimated using the quasi-Bayesian production
function estimator without the hierarchical prior over the Gaussian process parameters.

Table D.26: Poverty Trap Thresholds: Measurement Error

Threshold Distance Below Threshold Transfer HHs Below HHs Trapped Below

(USD PPP)  Threshold (USD PPP)  Consumption  (USD PPP) Threshold (%) Threshold (%)
Program (1) (2) 3) (4) (5) (6)
Ethiopia, Blattman (2018) 93 90 2 1,030 13.46 13.46
Uganda, Blattman (2019) 183 144 1 400 51.00 2.50
Mali, Beaman (2023) 228 184 10 140 30.75 17.00
Mexico, Gertler (2012) 283 230 11 379 61.00 27.50
Bangladesh, Balboni (2022) 354 267 7 542 53.75 3.75
India, Banerjee (2021) 611 540 45 547 66.75 16.75
India, Hussam (2022) 642 453 13 100 73.49 33.89
Ghana, Fafchamps (2014) - - - 120 - -
Overall 283 230 5 338 52.37 15.11

Notes: This table presents poverty trap thresholds estimated using the quasi-Bayesian production
function estimator restricting the sample to studies with at least 3 time periods and incorporating
measurement error in the production function equation.
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Table D.27: Poverty Trap Thresholds: Consumption Fixed Effects

Threshold Distance Below Threshold Transfer HHs Below HHs Trapped Below
(USD PPP)  Threshold (USD PPP)  Consumption  (USD PPP)  Threshold (%) Threshold (%)

Program (1) (2) (3) (4) (5) (6)

Philippines, Edmonds (2020) 142 140 1 518 29.17 8.33
Uganda, Sedlmayr (2020) 178 114 2 155 15.50 0.25
Ethiopia, Blattman (2018) 304 293 6 1,030 26.92 5.77
Ghana, Banerjee (2015) 404 256 12 406 54.50 9.50
Mali, Beaman (2023) 429 312 19 140 34.00 31.50
India, Banerjee (2021) 429 387 31 547 53.50 10.50
Kenya, Gobin (2017) 436 311 13 238 81.75 6.50
India, Banerjee (2015) 455 374 10 788 66.50 34.00
Mexico, Gertler (2012) 472 397 19 379 67.50 2.25
Uganda, Blattman (2019) 472 379 2 400 73.75 26.25
Ghana, Fafchamps (2014) 480 322 9 120 67.00 26.00
Bangladesh, Balboni (2022) 655 492 14 542 57.50 5.75
Kenya, Egger (2022) 659 352 13 1,871 54.50 3.50
Nicaragua, Macours (2012) 724 653 13 485 85.25 49.00
Mexico, Cunha (2019) 744 643 11 21 78.38 62.16
Tanzania, Baird (2024) 768 624 51 350 82.75 29.75
India, Hussam (2022) 818 594 16 100 80.20 26.51
Uganda, Gupta (2024) 942 820 10 2,967 58.97 52.56
Honduras, Banerjee (2015) 4,074 3,033 76 754 98.75 5.00
Peru, Banerjee (2015) 4,266 2,149 37 1,433 86.00 9.25
Somalia, Abdullahi (2023) - - - 500 - -

Ethiopia, Banerjee (2015) - - - 338 - -

Nigeria, Carneiro (2021) - - - 528 - -

Kenya, Haushofer (2016) - - - 404 - -

Rwanda, Mcintosh (2020) - - - 328 - -

Overall 476 383 8 338 66.75 10.00

Notes: This table presents poverty trap thresholds estimated using the consumption function estimated
via a fixed effects approach that first estimates household ability and productivity shocks from the
production function residuals, and then regresses consumption on these estimates and assets.

Table D.28: Poverty Trap Thresholds: No Level Moments

Threshold Distance Below Threshold Transfer HHs Below HHs Trapped Below
(USD PPP)  Threshold (USD PPP) Consumption (USD PPP)  Threshold (%) Threshold (%)

Program (1) (2) (3) (4) (5) (6)

Uganda, Blattman (2019) 191 149 1 400 52.25 12.25
Ghana, Banerjee (2015) 254 157 8 406 40.25 0.00
Mali, Beaman (2023) 282 231 13 140 24.75 24.75
Ghana, Fafchamps (2014) 284 179 5 120 53.25 19.75
Mexico, Gertler (2012) 294 240 12 379 58.00 33.50
Philippines, Edmonds (2020) 308 294 2 518 35.42 4.17
India, Banerjee (2015) 412 340 9 788 62.50 49.00
Nicaragua, Macours (2012) 502 446 9 485 82.25 65.00
Rwanda, Mcintosh (2020) 522 316 24 328 51.75 0.00
Uganda, Sedlmayr (2020) 528 338 5 155 49.50 0.25
Tanzania, Baird (2024) 573 471 38 350 75.00 28.50
Bangladesh, Balboni (2022) 611 464 13 542 56.00 15.25
Ethiopia, Blattman (2018) 613 575 12 1,030 50.00 48.08
Mexico, Cunha (2019) 620 531 9 21 75.68 73.87
Uganda, Gupta (2024) 665 594 7 2,967 49.36 48.72
India, Hussam (2022) 765 551 15 100 78.86 36.24
Kenya, Gobin (2017) 834 667 24 238 98.75 66.75
India, Banerjee (2021) 892 781 65 547 81.00 30.00
Peru, Banerjee (2015) 3,836 1,965 33 1,433 75.75 74.00
Somalia, Abdullahi (2023) - - - 500 - -

Ethiopia, Banerjee (2015) - - - 338 - -

Honduras, Banerjee (2015) - - - 754 - -

Nigeria, Carneiro (2021) - - - 528 - -

Kenya, Egger (2022) - - - 1,871 - -

Kenya, Haushofer (2016) - - - 404 - -

Overall 528 446 9 338 51.75 19.75

Notes: This table presents poverty trap thresholds estimated using the quasi-Bayesian production
function estimator removing the level moments from the model. Consumption is estimated using the
stochastic EM algorithm as in the main text.
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E Identification

E.1 Production Function

Below I lay out the identification assumptions for the production function, noting that
this problem is a simpler version of the models studied in Su and Lu (2013); Lee (2007).
I drop the study level subscript j and focus on identification in a single study. Consider

the dynamic panel model:

Yir = pYig-1 + f(kir) = pf(kir-1) + (1 = p)n; + Eirs (47)

where n; denotes a time invariant individual effect and &;; is an idiosyncratic innova-
: : : : 2 2 T T T

tion. The goal is to identify {p, f(-), s oy} from panel data {y;,k;,F;}, where
xt = (xi1,...,%;) denotes the history of variable x for individual i up to time ¢. y,k,

and F denote log income, log assets, and randomized transfers, respectively.

Assumption 1 (Sampling and stability) (i) Individualsi = 1,..., N are independent
and identically distributed. (ii) The time dimension T > 3 is fivzed while N — co. (iii)
The process is stationary with finite second moments: |p| < 1, E[&;] =0, and E[fl%] < 00,

Intuition. These conditions ensure well defined population moments and a stationary

AR(1) component, as is standard in dynamic panel models.

Assumption 2 (Timing and shocks) The innovations {&;} are serially uncorrelated

and mean independent of past outcomes, past/current assets, and unobserved heterogene-
1ty
E[é:it | yi"_la kf’ 771] = 0

Assets are predetermined, i.e. chosen att —1.

Intuition. Sequential exogeneity ensures that current shocks do not affect past choices,

so lagged outcomes and other predetermined variables can serve as valid instruments.

Assumption 3 (Initial conditions) The individual effects are mean independent of

the initial changes in income and changes in assets across t:

E[(1-p)n: | Ayi2] =0, (48)
E[(1-p)n; | Aki] = 0.

Intuition. The initial change in income and subsequent changes in assets do not provide

information about the expected value of the unobserved individual effect n;.
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Assumption 4 (Normalization) The individual effects have mean zero:
E[ni] = 0.

Intuition. Because (1 — p)n; and the level of f(-) enter additively the “intercept” of f(-)
cannot be separately identified. Normalizing E[n;] = 0 fixes the location of the model

and pins down the level of f(-).

Assumption 5 (Randomized transfers/instruments) There exist excluded variables
Fy (randomized transfers Fy) that are independent of ability and shocks and affect out-

comes only through assets:
E[gl'l | F'll] = 07 Fit L (771', fil)‘
Intuition. Randomized transfers provide valid instruments for k;; and k; ;1.

Assumption 6 (Support and variation in assets) The joint distribution of (ki kis—1)
has a density and exhibits sufficient variation such that Pr(ky # kis—1) > 0.

Intuition. This condition ensures that there is enough independent variation in current
and lagged assets to recover the function f(-) from the differenced equation via the opera-
tor T, [ f1(kis, kis-1) = f(kir)—pf(kis-1) once the fixed effect is normalized, Assumption 4.

Assumption 7 (Completeness of instruments) Let W;; denote the set of valid in-
struments (lagged differenced variables and randomized transfers). The conditional dis-

tribution of Wi given (ki kis—1) is boundedly complete, so that

Elyit = pyis-1 — L= )i = To [ f1(kie, kig—1) | Wi =0 = f=f*.

Intuition. Bounded completeness ensures that the conditional moment restriction uniquely
determines f(-) for a given value of p (Newey and Powell 2003; Blundell et al. 2007).

Moments for identification. Under Assumptions 1-7, the model generates the fol-

lowing identifying moments:

E [)’it —PYir-1— Tp [f1(kir, ki,z—l) | VVzt] =0. (50)

The remaining moments all depend on the structural function f(-), however, I suppress

this dependence for notational simplicity:

E[&; — Eir1 | yi,t—s] =0
E[fit =&ir1 | ki,t—s] =0, s2>1, (52)
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which use lagged levels as instruments for the differenced equations.

Variance moments for (o2, 0',?)

E[((1=p)ni +&n)*] = (1 - p)°oy + 02, (53)
E[((1 = p)mi + &) (L= p)mi + &1-1)] = (1 - p)Por. (54)

Together with the normalization E[n;] = 0, these moments identify {p, f(-), o2, 0'3}

Joint identification of p and f(-). The conditional moment for f(-) and the orthog-
onality conditions for p form a joint system because both depend on the productivity
innovation, &; = yir — pYii—1 — Tp [ f1(kis, kir-1) — (1 = p)n;. Identification occurs simul-
taneously: for any candidate value of p, Assumption 7 ensures that the function f(-)
satisfying the conditional moment (50) is unique up to normalization, and the true value
of p is the one for which all population orthogonality conditions are satisfied. The vari-
ance components (02,0,?) are then identified from standard GMM moments exploiting

lagged instruments and the covariance structure of the residual.

E.2 Consumption Function - Large T Identification Argument

To build intuition, this section presents a simple identification argument for the con-
sumption function for long panels, T — oo panels - I discuss identification with T fixed
in Section E.3.

With large T, the key is that I can identify the latent productivity components directly
from the income process. Once I have identified the latent components, I can treat
them as observed regressors in the consumption equation, which becomes a standard
nonparametric regression problem.

I treat the production function parameters as known, since they can be identified under

the assumptions above. The joint process is:

yie = f(kit) = ni + wir (55)
eir =Mi + Wi (56)

wir = pwi-1 + &ir (57)

cit = §(Kits Mis wir) + i (58)

kire1 = yie = cir + (1 = O)kir + viy (59)

I term e;; residual income, recognizing that y;; — f(k;;) is income after accounting for
returns to assets. The function g(-) is the unknown consumption function to be identified.
The other variables and parameters are as defined in the main text, u; and v; are i.i.d.

measurement error terms independent of latent variables and observed assets.
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E.2.1 Identification of Latent Income Components

The key to my argument is that the income process in Equations (63) and (64) is “invert-
ible” because p is known.

Identification of Latent Components. Given Equations (63) and (64), and a panel
with T — oo, the latent components n; and w;; (for all ) are identified.

Focusing on the observable term e;; — pe;;—1:

eir — pei—1 = (i + wir) — p(i + wi-1)
=1 — PN + Wit — PWj -1

=n;(1-p) + (Wit — pwi-1)

Substituting the AR(1) process from Equation (64):

eir — peis—1 =ni(1—p) +&; (60)

Let @; = n;(1 — p), which is a time-invariant, household-specific term. Equation (60)
becomes:

eir — peir-1 = + &ir
Since &;; is i.i.d. with E[&;] = 0, I can identify @; by averaging over time. As T — oo,

the sample mean converges to the true value by the law of large numbers:
1 < p
@; = T-1 ;(eit — pei-1) = ;

Given that a; is identified and p # 1 is known, I can recover the permanent component
i

ni = E
Therefore, n; is identified for each household i.

Once n; is identified, recovering w;, is simple. From the income equation (63):
Wijr = €jr —1i
Since e;; is observed and 7; is now identified, w;; is also identified for all i and z.

E.2.2 Identification of the Consumption Function g(-)

With the latent income components 1; and w;; identified, they can be treated as observable

regressors in the consumption equation.
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The model in (65) is:
cit = g(kis, i, wir) + ujy
Where:
e ¢;; 1s observed.
o k;; is observed.
e 77; is identified.
o w;; is identified.
e u; is an i.i.d. measurement error with E[u;] = 0, assumed independent of the
regressors.
This setup is a standard nonparametric regression problem. The function g is identified

as the conditional expectation of ¢;; given the full set of (now identified) regressors:
g(k,n’w) :E[Cillkit = k,r]i = r]’wil :(.U] (61)

This conditional expectation is nonparametrically identified from the joint distribution
of (cir, kir, Mi> Wir).
E.2.3 Summary

The simplicity of this argument hinges entirely on the residual income specification e;; =
n; + w;; and the ability to recover n; by averaging over time.

In short panels with fixed T, this averaging strategy fails due to the incidental param-
eters problem and identification must use knowledge of the full distribution of residual

income over time, as I discuss next.

E.3 Consumption - Fixed-Panel Identification Argument

I restate the model for household i in a panel of finite length T. The observed variables
are income (y;), residual income (e;;), consumption (c; ), and assets (k).

The residual income process is:

eir = yir — f (kir) (62)
ejr =1 + Wiz (63)

where 7; is a time-invariant fixed effect and w;, follows a known AR(1) process:
Wit = PWijr-1 + &ir (64)
The consumption function g(-) is nonparametric:

cit = 8(kir, i, wir) + Uy (65)
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The asset accumulation process is:
kitv1 = yir — cig + (1 = 6) kir + vy (66)

With T fixed and finite, I cannot identify n; by averaging over time. This would
introduce an estimation error (ﬁ > &ir) that does not vanish, leading to inconsistent
estimates (the incidental parameters problem).

Instead, I treat n; and w;; as unobserved latent variables and rely on a nonparametric
instrumental variables (NPIV) strategy, similar to Arellano, Blundell, and Bonhomme
(ABB). The identification argument is sequential. I first identify the distributions of the

latent income components and then use those results to identify the consumption function

g.

E.3.1 Assumptions

Some of these assumptions overlap with those in the production function identification

section, but I restate them here for completeness.

Assumption 8 (Latent Components) Latent ability n; and the innovations th are
mutually independent. The innovations &; are i.i.d. over i and t with E[&;] = 0. The
panel length T > 3. wj;g is drawn from the stationary distribution of the AR(1) process in

Equation (64).

Assumption 9 (Error Exogeneity) The error terms u; and vy are i.i.d. over i and
t, with Elu;] =0 and E[v;;] = 0. They are independent of the initial conditions (k;1, wjo)
and all latent variables (ni,gg;).

Assumption 10 (Initial Conditions) The initial asset stock ki1 is pre-determined. It
1s independent of all future innovations {f,-,,u,-,,vi,}thl. The joint distribution of initial

assets and latent factors (ki1,n;, wig) is unrestricted.

Assumption 11 (Gaussian Residual Income Process) 1. The latent components

are mutually independent and normally distributed: n; ~ N (0, 0',?) and & ~ N (0, 0'§2)

2. The parameters (p,o;?,o?) are known or identified from the production process.

Assumption 12 (Completeness) Let W; = (k;1, E;) be the vector of pre-determined
and instrumental observables. For any function g(-) such that E[|g(ni, wi1)|] < oo, the
condition

E[g(mi, wi1)|Wi] =0 almost surely

implies that g(n;, wi1) = 0 almost surely.
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E.4 Proof of Identification (for r = 1)

The identification strategy is sequential and follows arguments in ABB (Section 4.2).
Step 1: Identification of the Residual Income Process.
By Assumption 11, the distribution of latent residual income is multivariate normal
and its conditional distribution has an analytical form.
Step 2: Identification of the Consumption Function g(-).

The consumption equation at ¢t = 1:
ci1 = g(kit, mi, win) + uin

In this equation, c;; and k;; are observed. The terms n; and w;; are latent. I can treat
this as an NPIV problem where:

e Outcome: c;1

e Observed Regressor: kj;

e Latent/Endogenous Regressors: (n;, w;1)

e Instruments: E; = (ejo, ..., eir)
The instruments E; are valid because they are correlated with the latent productivities
(n:, wi1) (by construction of the production process) and are independent of the error
term u;; (by Assumption 9). Let W; = (k;1, E;) be the full vector of instruments. Take

the conditional expectation of ¢;; given W;:
E[ci1|Wi] = E[g(ki1,mi, win) + uin [Wi]

By Assumption 9, E[u;1|W;] = 0. Using LIE:

El[ca|lW;] = E [E[g(kil,ﬂi,wi1)|Wi,77i,wi1] VVi]

E[Ci1|ki1aEi] = ﬂg(kil, n, a)) : f(n’wlkil’ El) d77 dw

This is a classic NPIV problem.
o E|[ci|ki1, E;], is identified from the joint distribution of observables.

o f(n,wlki1, E;) is identified. By Bayes’ rule, this density is proportional to f(E;|ki1,n, w) f(n, w|k;1)

The first term, f(E;|k;1, 7, w), simplifies to f(E;|n, w) due to the strict exogeneity of
initial assets with respect to future income shocks (Assumption 10) and is identified
from the residual income process in Step 1.

The second term, f(n,w|k;1), is identified following the argument in Arellano

et al. (2017). T observe the conditional density of assets given the income history,
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f(ki1|E;). This observed density relates to the latent variables via the integral:

F(kt|Er) = / Fkinln. @) f (1. w|Ep) dn do

Since f(n, w|E;) is identified (Step 1) and assumed to be boundedly complete, I can
invert this integral operator to uniquely recover the unknown density f(k;1|n,w).
Therefore, the joint density f(n, w, k;1) and the required conditional density f(n, w|k;1)
are identified.
e The unknown function is g(k;1, -, -) for a fixed value of k;;.
By Assumption 12, the linear operator defined by this integral is invertible. Therefore,
the function g(k,n,w) is nonparametrically identified for all (k,n, w) in the support of
the data.
Step 3: Sequential Identification for ¢ > 1.
Once g is identified, the function & and the parameter ¢ in the asset accumulation
equation (66) can be identified at ¢ = 1:

kio — (1 = 68)ki1 = yin —ci1 + v

Elkio — (1 =98)ki1 —yi1 +ci1|Zi] =0

where Z; includes instruments for c¢;;. Once g is identified, the argument can proceed
sequentially to ¢t = 2, where k;2 is now an endogenous regressor. The logic mirrors the

full sequential argument in ABB (Section 4.2).
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F Estimation Details

F.1 Production Function

The production equation in the model is given by:

Vije = f(kije) +1ij + wije (67)
wijr = pWwij-1 +E&ijt (68)
which implies:
Wijt = Yije — pYiji-1 — [ [(kijo) = pf (ki) = (L= p)mij + &je - (69)
Awijr = &ijr — Eija-1 (70)

To form the conditional mean of the residual function, as described in Kankanala
(2025), I use a Hilbert Space Gaussian Process (HSGP) approximation to a Gaussian
process prior over the function f(-). The HSGP approximation uses a basis function
expansion to approximate the Gaussian process reducing the computational burden of

standard Gaussian process regression.

F.1.1 Basis Function Approximation

I use 50 basis functions, which I generate in the probabilistic programming language
Stan (Carpenter et al. 2017) using code adapted from Riutort-Mayol et al. (2022)? The

covariance kernel, k(x,x”), is approximated as:

50

k) = Y 50 (VA ) @ (08 (x) (71)
m=1
2
e (2 o
Gm(x) = \/gsin (\/E(x + L)) (73)
L =2 x 1.2 (max(x) — min(x)) (74)

rule of thumb

Aj and ¢; are all computed in the transformed data block of Stan as they do not vary
across iterations. A key tuning parameter is L which is the “boundary condition”, I set
this to twice the rule of thumb value recommended by Riutort-Mayol et al. (2023) and
find this works well. At this point, I also standardize the input data by its study-specific
mean and standard deviation.

The Gaussian process is then generated using a specific prior over the basis function

2971 find little difference between 50 and 100 basis functions, below 30 the functions appear over-
smoothed.
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coeflicients:

W=y (50 (V) 6O (75)
m=1

Bm ~ N(0,1) (76)

(77)

In practice, I generate 8 and then scale it by sg(-) which is the spectral density of eigen-

values for the 3/2 Matérn covariance function, again using code adapted from Riutort-
Mayol et al. (2023).

D=

B = B X (56 (\/ﬂ)) (78)

50
£~ D bm(x)Bm (79)

m=1

Using this I generate three sets of GPs, using the precomputed basis functions:

50

Fikije) = " $m(kiz)Bjm (80)
m=1
50

filkiji-1) = Z Sm(Kiji-1)Bjm (81)
m=1
50

filkiji—2) = Z Sm(kiji—2)Bjm (82)
m=1

To improve sampling efficiency, I find it helps to centre the prior mean of the GP on
the line y = x — this is effectively using a prior against poverty traps, as this reflects a

constant returns to scale production function:

fj(kijt)
VD

where D = 10 is the dimension of the first stage basis matrix, generated next.

fi(kije) =

+ kijt

F.1.2 First Stage Estimation

To flexibly model the first stage, I generate a matrix of Bernstein polynomials of degree
10 for each instrument + their respective interaction (so kijr-1 X yiji—2, Ayiji-2 X Akiji2,
etc.). T use R’s ‘splines2’ package which automatically handles scaling to the unit interval.
The transfer instrument enters directly that is, I don’t take any expansions of it. An

observation i at time ¢ therefore has the following basis vector, for d = 10 and m = 3
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instruments, z;;:

D\
b (Zijz)
(2)
b (Zijz)
¢ijt — c R(d+1)~m+1
(m)
b (ZJZ )
Fijs

Stacking each observation’s polynomial basis into a single matrix of polynomials we
have BYff and Blevel for the difference and level instruments + the transfer instrument
respectively:

¢1

¢;— nx((d+1)-m+1

B = e R ((d+1) )
$n

F.1.3 Conditional Mean and Objective Function

With the GPs in hand, I can now estimate the residual functions, r;;;, and corresponding

conditional mean functions, m.

If the panel is too short to estimate the differenced residual for a given household, I
eliminate the moment condition for that household.
Next, I project these residual vectors onto the first stage basis matrices, BUff and Blevel

to get the conditional mean functions:

IBdiff — (BlevelTBlevel)_1 BlevelTAWijt (83)

, -1
plevel — ( pdiffT Bdlﬁ) BTy, (84)
ﬁ’ldiﬂ — Blevelﬁdiff (85)
jlevel = pdiff glevel (86)

This gives two N length vectors of conditional mean functions in addition to the moment

vectors for the variances:

~

_ |5 diff slevel
M= |m meYe Wi Wi Withijt—l]
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To generate the objective function, I stack everything into a single vector, effectively

using the identity weighting matrix, and compute:

g:vec(M)
0= Los
_Ngg

N
log target = ) X Q + log prior density

where priors are discussed below.

F.1.4 Priors

The length scale parameters have hierarchical priors:

g] ~ N(Nd’, O'?), O-nj ~ N+ (I’LO',IJJ O-gnj)

2
O-fj ~ N+(:uO'§j7O-0'§j)

With standard normal hyperpriors:

/’lf’ﬂo-q’l'lo-{f ~ N+(O’ 1)
:up ~ N(O, 1)

Oty oy Toe» 0p ~ NT(0,1)

F.1.5 Sampling and Output

(87)
(88)

(89)

I sample from the posterior using Hamiltonian Monte Carlo in Stan. I run 4 chains for

800 iterations each — the most I can run before hitting the server’s time limit. I discard

the first 400 iterations as warmup. I check convergence using the R statistic and effective

sample sizes — all of which indicate good mixing and convergence across estimated results.

To generate posterior estimates of the production function, I report the predicted GP

function evaluated at a grid of 100 points across the support of assets in each study, from

the 1st to the 99th percentile.
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F.2 Consumption and Asset Accumulation Equations

I use a tensor product of fourth order polynomial basis functions, ¢(-), to flexibly estimate

the consumption function, g;(-):

4 4 4
gj(kijt’ Mijs wl-j,) = Z Z Z,Bj,lmn‘Pl (kijt) Om (nij) ®n (wijt) (90)
=0 m=0 n=0
where I restrict the tensor-product basis to unique combinations of polynomial terms by
imposing [ > m > n, to remove duplicate interactions.

The initial asset level and asset transition is given by:

kijo = boj + bimij + bajwij + vijo (91)

exp(kijre1) = exp (f (kije) + i + wije = & (kijes Mij, wije) = 80j + Vije) (92)

This gives the parameter vector: 6; = {,Bj, Oy, Ty, Oe, 00, boj, b1, sz} and yu = {O'gj, Onj» T pj}
are the production parameters estimated in the first stage. o, is a small amount of noise
for the income equation to improve particle filter performance, alternatively, in the spec-

ification with measurement error, this is the measurement error standard deviation.

F.2.1 Likelihood

The likelihood is given by:
f(y,'j, Cij’ kij’ wij’ 77ij|Fl'j s 9)
= l_[ Fijelkijesmij, wije, Fijes o)
teT;

X 1—[ flcijilkijemij, wije, Fijis p, 0)

teT;
X l_[ fwijilwij-1; 1)
teT; t>t;

X fwij|p) X f (i)
X H fkijlkiji-1, yiji-1, Cije-1, Fiji-1)

teT; t>t;

In practice, I fix the production parameters, u, to their posterior mean estimates
from the first stage and the production function, f;(-), to its posterior mean function —

estimating the consumption likelihood conditional on these estimates.?’

30Tn future work, I plan to jointly estimate the production and consumption parameters however the
production model currently uses Hamiltonian Monte Carlo in Stan and cannot be adapted to jointly fit
the consumption model.
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I initialize the consumption parameters, 6;, using naive fixed effects OLS estimates of
the consumption equation which directly estimate the latent states.

Next, I draw an initial 77;.;. for each household from its prior distribution.

F.2.2 Particle Marginal Metropolis-Hastings (PMMH) Sampler

Then, for a given household i in study j, I use a particle filter with S = 50 particles to
target the posterior distribution: p(n;;, wijs, ..., a)ijTlxl.Tj) where xl.Tj = {yg., cl.Tj, kl.Tj} are the
observed data for household i in study j up to time T.

I use an auxiliary particle filter. The particle filter implementation is a guided Sequen-
tial Importance Resampling (SIR) filter designed for a state-space model with AR(1)
dynamics.

The filter is initialized at ¢ = 0 by drawing § particles {w},} from the prior distribution
p(wo;) and performing an initial systematic resampling based on the prior log-densities.
For each subsequent time step r = 1...T, the algorithm uses a guided proposal distribution,
ﬂ(wijtlwl?'jt_l, eij,,n;fj), which incorporates the current observation e;;; to steer particles
toward regions of high likelihood.

This proposal is calculated analytically under a linear Gaussian assumption. Specifi-
cally, it computes the proposal mean u;;; and variance 0'51
update, combining the AR(1) prior E[w,-jtlwfjt_l] = pa)fjt_l with the observation e;j;, the

using a one-step Kalman filter

resulting proposal variance is also inflated by a constant factor ¢. New particles {wfjt} are
then sampled from this guided proposal, N (,uij,,O'l%.t). The incremental log importance

weights are subsequently calculated using the standard correction:
N — N * N N * N N N *
log Wijt = Ing(Xijtlwij,, 77,']‘) + IOgP(wijtlwijt_p 77,']‘) —log ﬂ(wiﬁlwiﬂ_l, €ijts 77,']')

Finally, the marginal log-likelihood is updated, and the particle set is resampled using
systematic resampling before proceeding to the next time step.

The filter returns unbiased estimates of the marginal log-likelihood, log p(n;‘j).

F.2.3 Metropolis-Hastings Update

With the particle filter in place, I use a Metropolis-Hastings (MH) step to update the
latent fixed productivity, n;;. Given the current draw nl’.‘j, I propose a new draw 7; ; from

a normal random walk proposal centered at 7;; with variance O'Srop.

I then run the particle filter to obtain an unbiased estimate of the marginal log-
’

likelihood, log p(7; j) and proposal particles {w] jl}. The MH acceptance probability is

computed as:

@ = min (1, exp (logp(nfj) —log p(n;;) +log p(n;;) — logp(nf-})))
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;."jt = w’.; otherwise, I retain the current

If the proposal is accepted, I set njj = nl’.j,w it

draw.

F.2.4 Stochastic EM Algorithm

[ repeat the MH update for all households in study j for a total of 50 iterations, collecting

the final draws of n;‘j and w;}t, this constitutes the stochastic E-step of the algorithm.
Then, in the M-step I regress consumption and assets on the respective latent states

using the tensor-product basis functions to update the consumption parameters, 6;. For

example, the consumption update is given by:

k %
Cijr = gj(kijt, Mij» w,-j,) + Vijt

-1
=0, = (cDJTcDj) @iy

where ®; is the matrix of tensor-product basis functions evaluated at (k;js, n;‘j, wl’.‘jt) for
all households and time periods in study j.

[ repeat the E and M steps for 5000 total iterations, discarding the first 2500 as burn-in.
After a warm-up period of 10 iterations, I use only 3 iterations of the MH update per
E-step to speed up computation where the initial states are initialized at their previous

draws.
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G Monte-Carlo Simulations

This section provides three Monte Carlo exercises evaluating the proposed estimation
strategy. I first examine estimator performance for the production function, then for the

consumption function, and finally for the asset transition function.

G.1 Production Monte-Carlos

To evaluate the performance of the proposed estimation strategy, I conduct a series of
Monte-Carlo simulations. I begin by calibrating a data-generating process (DGP) using

the estimated parameters from the household growth model in Section 8.1.

G.1.1 Production Data Generating Process

Specifically, I use parameters from the household growth model I calibrated against the
estimated production and consumption functions using data from Balboni et al. (2022).
The calibrated growth model generates a Markov transition matrix, P, for a (300x10x10)
grid of assets, ability, and idiosyncratic productivity shocks. I use this transition matrix
to simulate forwards the joint distribution of variables for a year, assuming the initial
distribution is uniform over the grid. This joint distribution, g, is used to sample initial
conditions for the Monte-Carlo simulations.

Therefore, for each simulation draw, s:

1. Sample initial assets, ability, and idiosyncratic productivity shocks from g to form

: L s 8 8 31
N observations x} = (kj, 17}, wy)-

2. Simulate forward the initial conditions using the policy rules, budget constraint,

and stochastic process for a warmup period of 10 months, generating x! .

3. Simulate forward T periods of data, generating {x;,,y;,c;, thl fori =1,...,N
households.

I vary the number of households, N € {100, 500, 1000, 2000} and the number of time
periods, T € {3,5}, to evaluate the performance of the estimation procedure. I repeat

this process for § = 50 simulation draws.

G.1.2 Estimation and Evaluation

I estimate the production function in each simulated dataset using the quasi-Bayesian

procedure described in Section 6. For computational tractability, I run a single Markov

311 sample abilities and productivity shocks uniformly from between grid cells, to avoid bunch-
ing/unrealistic discretization in the simulated dataset. This weakens the initial condition correlation,

which is why I simulate a warmup period in the next step.
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chain with 2000 iterations and discard the first 1000 as burn-in. Unlike the empirical
application, I treat the simulated data as coming from a single study and therefore omit
the hierarchical prior on the persistence parameter.

To evaluate performance, I construct a grid of 100 evenly spaced points between the
5th and 95th percentiles of the simulated asset distribution. For each simulation s, I then
interpolate the posterior mean production function, f (), and compute the metrics using

deviations from the true log-production function, f(-), that generated the data.

G.1.3 Simulation Results

Figure G.14 shows true versus predicted production for 5000 random draws from the
monte-carlo simulations using the calibrated DGP with N = 2000 households and 7' =5
time periods. The predicted income closely matches the true income, indicating that the
estimator accurately recovers the production function. Similarly, Table G.29 shows the
performance metrics of the production function estimator on the simulated dataset. The
RMSE decreases as the panel length and sample size increase, with a value of 0.742 in
the smallest sample size and 0.28 in the very largest. The posterior credibility intervals
are overly conservative, with coverage rates above 95% in all settings. The mean absolute
error and mean absolute percentage error similarly decrease with larger sample sizes in

most settings.

$10,000 -

$1,000 -

$100

Predicted Income (USD)

$10 $100 $1,000 $10,000
Actual Income (USD)

Figure G.14: True vs Predicted Production: Calibrated DGP

Notes: This figure shows 5000 random samples of true versus predicted income from the calibrated
household production function simulations. Results use the DGP N = 2000 households and T = 5 time
periods. The blue points show the predicted versus true log income for each household-period observation
in the simulated dataset. The black dashed line shows the 45-degree reference line.
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Table G.29: Log Production Function Simulation Metrics: Calibrated

T N RMSE MAE MAPE Coverage
3 100 0.742 0.66 10.2 0.952

3 500 0.356  0.317 4.96 0.999

3 1000 0.412  0.393 6.12 0.993
3 2000 0.388  0.378 5.88 0.99

5 100 0.551 0.501 7.76 0.993

5 500 0.38 0.356 5.54 0.998

5 1000 0.36 0.344 5.34 0.988

5 2000 0.28 0.265 4.11 1

Notes: This table shows the performance metrics of the production function estimator on simulated
data generated using the structural model calibrated against an example study. Each figure reports the
average result over 50 simulated datasets where the integrated error is calculated over a grid of 100 points
for each simulation draw. ‘RMSE’ is the root mean squared error, ‘MAE’ is the mean absolute error,
‘MAPE’ is the mean absolute percentage error, and ‘Coverage’ is the 95% confidence interval coverage.

G.2 Consumption Monte Carlos

To illustrate the importance of accommodating non-linearities in the consumption func-
tion, I construct three data generating processes (DGPs). The first two are designed
to closely mimic the empirical environment, one with a standard, monotonic production
technology and one with a non-monotonic “butterfly” technology that induces poverty

trap dynamics. The third DGP provides a computationally simpler benchmark.

G.2.1 Data Generating Processes

The first DGP (“RCK”) simulates the full structural model from Section 8 using a Cobb-
Douglas production function, with variances and technology parameters chosen to ap-
proximately match the empirical distribution of assets, income, and consumption. The
second DGP (“Skiba”) uses the same structure but replaces the production function with
a butterfly specification that generates a non-monotonic consumption response. Finally,
the third DGP (“Random”) generates assets, income, and consumption from randomly
drawn production and consumption functions formed using a first-order tensor basis with
standard normal coefficients.
I set:

Orck = {A =12.5, @ = 0.3, pag = 0.9, p = 0.05, 01y, = 0.3, oe = 0.2, (93)

o =5.0, 0, = 1.5, y = 3.0}, (94)

Oskiba = {AL = 125X 2, Ay =125, F = 100.0, @ = 0.3, pag = 0.9, p = 0.05,  (95)
Olny = 0.3, ome = 0.2, 0 =5.0, 0y = 1.5, ¥ = 3.0}, (96)

ORandom = {0 = 1.0, 0y, = 1.0, 0¢ = 1.0, 0y, = 1.0, 0 = 0.5, par = 0.9}. (97)

Here, F denotes the fixed cost in the Skiba model, o, the standard deviation of mea-

surement error in consumption, and o the standard deviation of measurement error in
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income.

For each DGP and each sample size N € {50, 100, 500},%? I simulate S = 50 datasets.
As in the production-function simulations, I draw initial conditions from a uniform dis-
tribution and simulate the model forward using the appropriate policy functions with an

initial warmup period.

G.2.2 Estimation and Evaluation

To focus on the estimators’ ability to recover the consumption function, I construct the
income residual under the assumption that the production function is known. I then
estimate the consumption function using three approaches:

e Oracle: Has access to the true latent variables (7;,w;;) and estimates the con-
sumption function by regressing consumption on a basis expansion of assets and
the latent states.

e Fixed Effects (FE): Estimates household ability using the production residual,
imputes productivity shocks, and then regresses consumption on a basis expansion
of assets, the estimated fixed effects, and imputed shocks.

e Stochastic EM (S-EM): Uses the stochastic EM algorithm described in Section 6,
integrating over the distribution of latent states via PMCMC in the E-step.

The RCK and Random DGPs use fourth-order ordinary polynomial bases, while the
Skiba DGP employs a Random Fourier Feature (RFF) expansion to better capture the
non-monotonicity of the consumption response. For the Skiba DGP, I use 50 RFFs and
concentrate frequency mass near the kink in the production function, which is approxi-
mately known from the production function’s properties.

For each simulated dataset, I apply the stochastic EM algorithm from Section 6. Owing
to its computational cost, I run a single initialization for 1000 iterations, discarding the
first 500 as burn-in. The E-step uses 100 particles and 100 Metropolis-Hastings steps per
iteration for the first two DGPs. For the third DGP, I adaptively tune the number of
particles to maintain a standard deviation of the log-evidence near 0.5.

Since the consumption estimators occasionally return negative estimates for predicted
consumption, in contrast to the production metrics I present results in levels rather than
logs. Specifically, to evaluate estimator performance, I compute the root mean squared
error (RMSE) of the estimated consumption function over simulated draws of assets and
latent states. For the RMSE of latent variables, I use posterior means from the PMCMC
procedure in the S-EM algorithm and the imputed fixed effects from the FE estimator.
For the S-EM estimator, I also report the average coverage of the 80% posterior intervals

for the latent variables.

32T use smaller sample sizes and a fixed T due to computational constraints. For the “Random” DGP,
I additionally include a sample size of 1000.
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G.2.3 Simulation Results

Figure G.15 plots the estimated consumption functions in the poverty trap DGP at three
quantiles of the latent state distribution as a function of assets, with the true function
shown as a black dashed line. Figure .16 similarly compares true versus predicted con-
sumption for each estimator. The S-EM estimator closely recovers the true consumption
function and accurately captures the sharp non-linearities induced by the latent states.
By contrast, the FE estimator produces substantially oversmoothed estimates that miss
the true interaction between assets and latent variables. Even the Oracle estimator, de-
spite having access to the true latent states, struggles to match the sharp local curvature
of the consumption function due to the limited flexibility of the basis representation, indi-

cating that more than 50 RFFs may be needed to fully capture the underlying structure.

Fixed Effects Stochastic EM Oracle

$80

$60 4

Consumption

$100 $200 $300 $100 $200 $300 $100 $200 $300
Assets

Figure G.15: Simulated Consumption Function Estimates: Poverty Trap DGP

Notes: This figure shows the estimated consumption functions from the poverty trap DGP with N=500

households and 7T=5 time periods. The light lines show 50 simulated estimates of the consumption
function while the thicker line shows the average across simulations. The black dashed line shows the
true consumption function used to generate the data. Each panel shows results for a different estimator:
FE, S-EM, and the Oracle if ability and productivity were observed.

Tables G.30 and G.31 report performance metrics for the calibrated and non-calibrated
DGPs. Across all settings, the S-EM estimator outperforms the FE estimator on both
the consumption function and latent state recovery. In the calibrated DGPs, the S-
EM estimator is roughly three times better than the FE in recovering the consumption
function. As expected, the Oracle estimator achieves the best performance overall.

As sample size increases, S-EEM performance improves for the consumption function but

shows limited gains in recovering latent variables. Performance is similar in the calibrated
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Figure G.16: True vs Predicted Consumption: Poverty Trap DGP

Notes: This figure shows the true versus predicted consumption from the poverty trap DGP with N=500

households and T=5 time periods. The light lines show 50 simulated estimates of the consumption
function while the thicker line shows the average across simulations. The black dashed line shows the
true consumption function used to generate the data. Each panel shows results for a different estimator:
FE, S-EM, and the Oracle if ability and productivity were observed.
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poverty trap and no poverty trap DGPs, suggesting that the S-EM estimator is robust
to the presence of strong non-linearities in the consumption function.

Coverage of the 80% posterior intervals is poor in the calibrated DGPs, indicating that
the number of particles, Metropolis-Hastings steps, or basis functions may be insufficient
for accurate posterior approximation in these more complex environments. In the simpler,
non-calibrated Random DGP, where the number of particles is tuned to maintain a stable

log-evidence variance, coverage improves substantially.

Table G.30: Consumption Function Simulation Metrics: Calibrated

Consumption Function, g(-) Ability, n7 Productivity Shock, w
S-EM S-EM

N FE S-EM Oracle FE S-EM 80% Coverage FE S-EM 80% Coverage
No Poverty Trap (RCK Model)
50 9.196 3.646 0.600 2.255  0.220 0.241 9.011  0.451 0.471
100  9.379 2.758 0.497 2.236  0.218 0.239 8.953  0.446 0.493
500  9.483 2.854 0.450 2.271  0.268 0.149 8.981  0.541 0.365
Poverty Trap (Skiba Model)
50 14.315  16.654 1.610 2.255  0.246 0.249 8.984  0.515 0.442
100  13.992  6.743 1.188 2.221  0.273 0.330 8.944  0.562 0.526
500 13.451 6.371 1.037 2.272  0.321 0.354 8.989  0.655 0.527

Notes: This table shows performance metrics of the consumption function estimator on simulated data
using the structural model calibrated against an example study. Results show the root mean squared
error from 50 simulated datasets, with a fixed panel length of T = 5 periods, and varying sample sizes.
The ‘Oracle’ estimator knows the true latent variables, whilst the ‘S-EM’ estimator marginalizes over
the latent variables using the stochastic EM algorithm, ‘FE’ is the two-step fixed effects estimator that
first estimates household ability as a fixed effect, and then estimates the consumption function. Metrics
for the latent variables are calculated using the posterior means from the PMCMC algorithm used in the
E-step of the S-EM algorithm. ‘80% Coverage’ shows the average coverage of the 80% posterior intervals
over the latent variables for the S-EM estimator. ‘No Poverty Trap (RCK Model)’ and ‘Poverty Trap
(Skiba Model)’ refer to a stochastic Ramsey-Cass-Koopmans model with no production indivisibilities
and endogenous household consumption, and a model with production indivisibilities and endogenous
household consumption respectively.
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Table G.31: Consumption Function Simulation Metrics: Non-Calibrated

Consumption Function, g(-) Ability, n Productivity Shock, w
S-EM S-EM

N FE S-EM Oracle FE S-EM 80% Coverage FE S-EM 80% Coverage
50 0.251  0.121 0.012 1.170  0.265 0.887 2.067  0.463 0.847
100 0.286  0.107 0.002 1.301 0.284 0.863 1.781 0.434 0.861
500 0.294  0.099 0.001 1.334 0.263 0.894 2.013 0.416 0.876
1000 0.291 0.089 0.001 1.371  0.265 0.882 2.104 0.410 0.872

Notes: This table shows performance metrics of the consumption function estimator on a simulated
data generation process, with latent variables drawn from a standard normal distribution, rather than
the structural model, the consumption rule is a 1st order tensor basis function of assets and the two
latent variables, with standard normal coefficients. Results show the root mean squared error from
100 simulated datasets, with a fixed panel length of T = 5 periods, and varying sample sizes. The
‘Oracle’ estimator knows the true latent variables, whilst the ‘S-EM’ estimator marginalizes over the
latent variables using the stochastic EM algorithm, ‘FE’ is the two-step fixed effects estimator that first
estimates household ability as a fixed effect, and then estimates the consumption function. Metrics for
the latent variables are calculated using the posterior means from the PMCMC algorithm used in the
E-step of the S-EM algorithm. ‘80% Coverage’ shows the average coverage of the 80% posterior intervals
over the latent variables for the S-EM estimator.

G.3 Asset Transition Monte Carlos

To evaluate the performance of the production and consumption function estimators
jointly, I conduct a series of Monte-Carlo simulations where I estimate the full model and

form estimates of the asset transition function.

G.3.1 Data Generating Process

I use the same poverty trap DGP as in the consumption function simulations, with
parameters given by Oskipa. For each simulation, I generate § = 40 datasets with varying

samples sizes and a fixed panel length of T = 5 periods.

G.3.2 Estimation and Evaluation

I estimate the full model using the production and consumption function estimators de-
scribed in Section 6. I run the production function quasi-Bayesian estimator with 1000
iterations, discarding the first 500 as burn-in. I then use the estimated production func-
tion to form income residuals and estimate the consumption function using the stochastic
EM algorithm with only 200 iterations, discarding the first 100 as burn-in.

To evaluate performance, I construct a use the empirical distribution of assets, ability,
and productivity shocks from the simulated datasets. I then compare the estimated asset

transition function to the true transition function.
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G.3.3 Simulation Results

Figure G.17 plots the true and predicted asset transitions for the calibrated DGP. With
only N = 100 households, the predictions are noisy, but they sharpen as the sample grows
and increasingly concentrate around the 45-degree line. Consistently, Table G.32 shows
that estimator performance improves with sample size: the RMSE falls from 61.2 to 38.8
and the MAE from 44.4 to 26.4 as the sample increases from 100 to 10,000 households.

N =100 N =1,000 N = 10,000
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True Change in Assets

Figure G.17: True vs Predicted Asset Transitions: Calibrated DGP

Notes: This figure shows 5000 random samples of true versus predicted asset transitions from the
calibrated household production function simulations. Each panel shows a different sample size, the blue
points show the predicted versus true changes in assets for each household-period observation in the
simulated dataset. The black dashed line shows the 45-degree reference line.
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Table G.32: Asset Transition Function Simulation Metrics

Root Mean Squared Error Mean Absolute Error
N Production  Consumption Change in Assets Production Consumption Change in Assets
100 41.7 50.5 61.2 31.2 36.8 44.4
500 45.6 26.5 55.8 29.3 19.7 38.3
1000 46.7 17.0 49.4 29.6 13.3 32.7
2000 42.7 14.7 42.3 27.4 11.5 28.6
4000 44.9 12.0 42.6 28.0 9.3 27.9
5000 42.1 11.2 39.7 26.7 8.7 26.6
10000 40.2 11.5 38.8 25.4 8.9 26.4

Notes: This table shows the performance metrics of the asset transition function estimator on simulated

data generated using a calibrated structural model. Each figure reports the average result over 40
simulated datasets where the integrated error is calculated over a grid of 100 asset points for each
simulation draw and quantiles of latent productivity. ‘RMSE’ is the root mean squared error, ‘MAE’ is
the mean absolute error.

H Household Growth Model Calibration and Solution
Details

H.0.1 Model Calibration

To calibrate the model, I must estimate two parameters for each site j: the discount rate,
pj, and the coefficient of relative risk aversion, y;. First, I directly take the estimated
production function, f](), to form the growth model’s production function. Next, I match
the mean and variance of the estimated AR(1) productivity process to its continuous
time analogue, {6 s 67}.33 Finally, I use the quantiles of the estimated posterior means
of the latent productivity variables to form a statespace grid covering the support of the
estimated productivity process, {1;;, w;;:}, and plausible asset levels.3*

To find the optimal parameters, I minimize a loss function by grid-searching over a set
values for {p;,y;}. To form the loss function, I solve the model for a given set of param-
eters, {p;,v;}, and form the optimal consumption policy rule, ¢;(k,n, w) and predictions
of next period’s assets, klfj. The loss function is the weighted squared difference between
the estimated consumption policy rule, g;(k,n, w), and the model’s optimal consumption

policy, ¢;(k,n,w), in addition to the squared difference between model predicted assets,

33Specifically, I assume the AR(1) process is an Euler-Maruyama discretization of the continuous time

OU process, which gives the following relationships: 8 = —log(par)/At, o = \/290'3‘R/(1 —exp (—20Ar))

34Specifically, I use the 10th and 90th percentiles of the estimated productivity process for these state
variables and a root-finding algorithm to find the highest investment level a household could plausibly
make at k909,909 w9° where qgg reflects the empirical 90th percentile of each variable. I set the
upper bound of the asset grid to twice the maximum plausible investment level, which is usually many
multiples of the observed empirical asset support.
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kpeor+1 and observed assets, Kpeo.r+1:

B E O . 2
Lj(pj, yj) = Z Z Z/jbeo [(Cj(kb, yre wo) - gj(kb’ Urn (Uo))2 + (kbeo,t+1 - kbeo,t+1) ]
(98)

where fip., is the joint empirical density of assets and latent productivity projected onto

the statespace grid.

H.1 Asset Density

In this section, I use the calibrated household growth model to simulate the distribution
of assets across households over time. To demonstrate the importance of initial condi-
tions, I simulate the model forwards using a uniform distribution of assets and latent
productivity states a month at a time, up to one year, followed by estimates of the sta-
tionary distribution of assets. Figure H.18 shows the density of assets in Bangladesh,
Balboni et al. (2022). The red lines show the estimated distribution of assets in the
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Figure H.18: Simulated Asset Density in Bangladesh, Balboni et al. (2022)
Notes: This figure shows the simulated asset density in Bangladesh using a model calibrated with data
from Balboni et al. (2022). The red lines show the estimated density up to 12 months after initializing
households with a uniform distribution of assets and latent productivity states. The black line shows the

estimated stationary distribution of assets whilst the green line shows the empirical density at baseline.
The blue line shows the empirical density of assets post-transfer.

study a month at a time, with darker lines corresponding to later months. The black line
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shows the estimated stationary distribution of assets, whilst the green and blue lines show
the empirical density of assets pre- and post-transfer, respectively. The figure demon-
strates, in the case of Balboni et al. (2022) at least, that the model is able to reproduce
the empirical density of assets — the stationary distribution captures the large density of
households with close to zero assets, whilst also reproducing a second, smaller peak of
assets around the second model steady state at approximately USD$ 3,500, similar to the

empirical density pre/post-transfer.
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Figure H.19: Simulated Stationary and Baseline Asset Densities

Notes: This figure shows the simulated stationary distribution of assets, in black, compared to the
baseline empirical asset density, in green, across all studies. The stationary asset distribution is calculated
using the fixed point of the Fokker-Planck equation implied by the calibrated household growth model.

Figure H.19 shows similar results using the simulated stationary asset density for all
studies, compared to the baseline pre-transfer asset density observed in each study. The
figure again suggests in general, the model’s stationary distribution aligns well with the
pre-transfer empirical asset density, with the exception of a few studies. The fact that the
model captures the empirical asset density well suggests that the optimal transfer policy

I turn to in Section I is likely to be a good approximation of the true optimal policy.
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I Transfer Policy Optimization

The planner seeks to solve:

T" = arg mTaX/ V(k +T(k,n),n,0)dF, (99)

s.t. By :/T(k,n,(D)dFk,,] (100)

where T'(k,n) is the transfer policy as a function of initial assets and productivity type,
V(-) is the value function from the household growth model, B, is the planner’s budget
for productivity type n, and @ is the median of the idiosyncratic productivity shock
distribution.

This leads to the Lagrangian and first-order condition:

N N
L(T,A,n) = Z,Uiv(ki +T;;n,@) + 4 (Bn - Z/liTi) (101)
i i
0
a—ﬁ = V' (ki +Ti;n, @) = Ap; =0 (102)

Where y; is the weight vector over the initial asset distribution, 7; the transfer to house-
holds at position i on the discretized state grid. For studies with fixed costs in the pro-
duction function, the non-convexities generate a kink in the value function, V(-), which
complicates the planner’s optimization problem — there are potentially multiple T;s that
satisfy the first-order condition.

Intuitively, this corresponds to the planner deciding between a “big-push” transfer, T,
that equates costs (shadow price 1) and benefits on the upper envelope of the value func-
tion, Vi, or a smaller transfer, 7_, that equates costs and benefits on the lower envelope
of the value function, V. One solution strategy could be to evaluate all possible com-
binations of {7; 4, T;_} for each household i and choose the combination that maximizes
the planner’s objective subject to the budget constraint. However, this is computation-
ally infeasible since the number of combinations grows exponentially with the number of
households, N.

Instead, my solution restricts the class of transfer policies the planner can choose such
that when the planner faces two options, {7;,7; -}, they can only choose an interval
of assets, [k_, k4], where the planner picks the higher transfer, 7; ;. Intuitively, fixing
n the planner can order households by their initial assets, k;, and choose a cutoff such
that all households with assets above this cutoff receive the second transfer, 7; ;, and all
households below this cutoff receive the smaller transfer, 7; _. Many households will only
have one solution, which will closely resemble 7; _ or T; + depending on their initial assets.

This reduces the planner’s problem to two, nested one-dimensional problems. First, for
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a given shadow price, A, find the optimal interval [k_, k4] that maximizes the planner’s

objective. Second, update A until the budget constraint is satisfied.?”

35Tt seems plausible that the planner’s optimal transfer policy is not restricted by this interval as-
sumption, however I provide no proof that this is the case. In simulations I find that naive searches for
combinations of {7T; +,T; -} do not yield higher welfare than the interval solution, although this is not
surprising given the dimension of the problem.
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