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developing countries. First, increasing intensity decreases
cost effectiveness and does not affect persistence of impacts.

This result can be explained by poverty traps or decreasing
marginal return on investment in a standard buffer stock
model. Second, increasing scope increases impacts and
persistence, but reduces cost effectiveness at commonly
evaluated time horizons and increases heterogeneity. In
summary, larger interventions need not have more persistent impacts, and when they do, this may come at the
expense of cost effectiveness, and poverty traps are neither
necessary nor sufficient for these results.
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1

Introduction

“Big push” interventions are commonly proposed to generate large, sustained increases in
household, community, and national income (Kraay & McKenzie, 2014; Banerjee et al.,
2020). At the household level, two approaches to increasing the size of interventions may,
in theory, enable households to escape poverty traps and produce persistent decreases in
poverty (Ghatak, 2015). When households are in a “scarcity poverty trap”, increasing the
intensity of interventions can push households over a poverty threshold. Alternatively, when
households face “frictional poverty traps”, increasing the scope of interventions can enable
households to overcome multiple constraints. However, formally evaluating increasing intervention intensity and scope requires measures of the impact of these approaches on cost
effectiveness (Banerjee et al., 2015).
Do larger interventions improve longer run outcomes more cost effectively? And should
poverty traps motivate increasing intervention size? The role of intervention size is particularly important in the context of temporary cash transfers, which are increasingly used as
a benchmark for cost effective poverty reduction (Haushofer & Shapiro, 2016; McIntosh &
Zeitlin, 2018). Cash transfer intensity corresponds to increasing transfer size — standard
theory (Deaton, 1991; Carroll, 2019) suggests larger cash transfers should increase household consumption relatively more cost effectively over longer time horizons. Cash transfer
scope corresponds to adding complementary interventions to target multiple constraints1 —
a growing body of evidence suggests adding interventions that target multiple constraints
complements temporary cash transfers (Banerjee et al., 2018; Bossuroy et al., 2021). For
both approaches to increasing size, evidence on the dynamics, and therefore the persistence,
of cost effectiveness is limited. Producing this evidence requires variation in size, timing of
estimates, and a large sample for statistical power (Muralidharan et al., 2019).
In the context of temporary cash transfers, we find that increasing intensity reduces cost
1

These notions of size are distinct from scale, the impacts of which are reviewed and analyzed at length
by Muralidharan & Niehaus (2017).
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effectiveness, while increasing scope increases persistence but reduces cost effectiveness at
commonly evaluated time horizons. To produce these results, we leverage a deep literature
that has experimentally estimated the impacts of temporary unconditional cash transfers
and multifaceted graduation programs. We pool across studies, and exploit variation in
both intervention size and timing of estimates. We present theory that suggests these results are fully consistent with the presence of both scarcity and frictional poverty traps,
or alternatively with decreasing returns to investment, in a standard buffer stock model.
This challenges the conventional wisdom that the presence of poverty traps implies larger
interventions are more cost effective.
Our analysis includes 38 estimates of impacts on household consumption from 17 randomized control trials (RCTs) of temporary unconditional cash transfers (UCT) and multifaceted graduation programs that include temporary unconditional transfers as a component
(“Targeting the Ultra Poor”, or TUP) in 14 developing countries. We focus on household
consumption for three main reasons. First, economic theory makes strong predictions on the
persistence of UCT of varying sizes (Carroll & Kimball, 1996). Second, impacts of UCT on
consumption are valuable for disciplining key parameters in economic models of interest (Kaplan & Violante, 2014; Auclert et al., 2018). Third, UCT and TUP programs are commonly
motivated as targeting poverty reduction through increasing consumption (Banerjee et al.,
2015; Bedoya et al., 2019). For each estimate, we collect impacts on annualized household
consumption and standard errors, transfer size, and program cost in USD PPP.2 To measure
cost effectiveness, we focus our analysis on effects on consumption normalized either per
dollar of transfer or program cost. We further leverage variation both within and across
trials to estimate the effects of the size of transfers and the time since transfers occurred,
and we compare estimates across UCT and TUP programs.
We begin by aggregating UCT estimates across contexts, and find the average UCT
increased consumption by 0.35 per unit of transfer. We use tools from the metaänalysis
2

We convert reported estimates, transfer size, and costs from each study in USD PPP indexed to 2010
dollars to enable comparison across studies, following Meager (2019).
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literature to aggregate estimates that account for both the sampling variance in estimated
effects and the variance of true effects across contexts and interventions (Baird et al., 2014;
Burke et al., 2015; Vivalt, 2020). We estimate a tight standard deviation of true effects
across contexts relative to estimates for other types of interventions (Vivalt, 2020), with a
coefficient of variation of true effects of 0.34, in line with the relative homogeneity of UCT
interventions. We find consistent results across methods.
We provide a theory of UCT size and persistence building on Carroll & Kimball (1996), to
derive predictions under different assumptions on households’ production technologies. We
begin by showing that, in a benchmark model with constant returns to scale technology and
no poverty traps, larger UCT should have relatively larger impacts as time since transfers
grows. This is because, in a broad class of models of intertemporal optimization that includes
ours, households’ marginal propensity to consume is decreasing in income. We present two
extensions that weaken this prediction. First, if households face decreasing returns to scale,
larger transfers decrease households’ marginal return on investment, reducing their optimal
investment and potentially leading to smaller impacts as time since transfers grows. Second,
if households face poverty traps, larger transfers may lead to smaller impacts as time since
transfers grows if the density of the distance of households from a scarcity poverty threshold
is decreasing in transfer size (Balboni et al., 2020).
We find that larger UCT have smaller impacts on consumption per unit of transfer, at
both short and long time horizons. These results are robust to the inclusion of controls,
and using either randomized within variation or both within and across study variation in
transfer size and time since transfers. If anything, across specifications, point estimates
suggest more persistent impacts of smaller UCT. These results contrast with the prediction
from our benchmark constant returns to scale model, that larger UCT should have more
persistent impacts. However, either decreasing returns to scale or poverty traps can explain
these results in our theoretical model. In the case of poverty traps, explaining our results
would require smaller cash transfers to push more households out of poverty per unit of
5

transfer – this is consistent with findings from Balboni et al. (2020), who estimate a poverty
threshold of 504 USD PPP in Bangladesh, half the size of the average transfer in our sample.
To further motivate the geographic focus of this metaänalytic effort and interpret these
magnitudes, we compare our estimates to comparable ones from richer countries (Auclert
et al., 2018; Fagereng et al., 2019). UCT impacts are more persistent in developing countries
– one year impacts of UCT on household consumption in developing countries are smaller,
while impacts at three or more years are larger. In our model, this result is consistent with
a larger marginal return on investment in developing countries, a well documented stylized
fact (De Mel et al., 2008; McKenzie & Woodruff, 2008; Hussam et al., 2020). To provide
additional context for our estimates, we note that cumulative impacts on consumption over
the first three years are larger than the size of transfers. Following the approach of Banerjee
et al. (2015), this provides strong evidence that UCT pass a cost-benefit analysis.
We next consider the impacts of adding complementary interventions in multifaceted
graduation programs. Our estimates imply that TUP complementary interventions increase
impacts on consumption. These complementary interventions are relatively expensive in
our sample, and as a result the average TUP is 5%-43% less cost effective at increasing
consumption than the average UCT. However, we also find evidence of greater heterogeneity
in the impacts of TUP relative to UCT interventions, suggesting TUP may be more cost
effective than UCT in a range of contexts. Lastly, the relative cost effectiveness of TUP
increases over time, and our estimates imply TUP increases cumulative consumption per
unit of program cost by more than UCT after 3.4-7.7 years; we note that only 4 of the
20 TUP estimates in our metaänalysis sample are more than 3 years since last transfer,
highlighting the need for additional long run estimates.3
This study makes three central contributions. First, we contribute to a large literature on
3

Viewed in isolation, this increasing cost effectiveness is potentially consistent with perfect markets for
TUP complementary interventions through the lens of a standard buffer stock model, as the implied internal
rates of return from these estimates are similar to estimates of marginal returns to investment in developing
countries. However, contrasted with our estimates of the impacts of increasing transfer size, it instead
suggests a role of failures in the markets for these complementary interventions, and potentially also for
frictional poverty traps.
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the impacts of temporary cash transfers on household consumption. In this literature, a large
body of work has leveraged random and quasi-random income shocks to estimate short run
impacts in richer countries (Jappelli & Pistaferri, 2010) and developing countries (Haushofer
& Shapiro, 2016). More recent work in Norway has taken advantage of high frequency
household balance sheet data to estimate dynamic impacts leveraging natural experimental
variation in cash transfers (Fagereng et al., 2019). Aggregating across experimental UCT
studies meets the data requirements to produce comparable dynamic estimates for developing countries. These impacts can also be interpreted as intertemporal marginal propensities
to consume, key parameters for disciplining models of intertemporal optimization subject
to constraints (Auclert et al., 2018). Second, we contribute to a deep literature that investigates the role of poverty traps and implements empirical tests (Carter & Barrett, 2006;
Kraay & McKenzie, 2014; Balboni et al., 2020). Complementarily, recent work leveraging
experimental variation has consistently found large UCT and TUP programs increase household consumption 4 or more years after initial transfers, suggesting these programs enable
households to escape from poverty (Bandiera et al., 2017; Blattman et al., 2020). Through a
metaänalytic lens, we provide a relatively powered test of the relationship between intervention size and the impacts of cash transfers on household consumption over time. In addition,
we theoretically link this relationship to the existence of poverty traps. Third, we contribute
to a growing literature in economics that uses metaänalysis to aggregate estimated program
impacts across studies (Baird et al., 2014; Burke et al., 2015; Meager, 2019; Vivalt, 2020).
We do so by providing a template for future “metabenchmarking” of the cost-effectiveness
of one intervention (here, the cost-effectiveness of either large UCT or TUP at increasing
household consumption) against UCT.
In summary, we present a nuanced view of the impacts of intervention size on cost effective sustained poverty reduction in the context of temporary cash transfers and their theoretical underpinnings. We produce evidence that increasing intervention intensity, through
increased transfer size, reduces cost effectiveness in the short and medium run. In our model,
7

one plausible explanation is that smaller transfers push more households across the poverty
threshold per unit of transfer — scarcity poverty traps may therefore provide a justification
for lower, rather than higher, intensity interventions. On the other hand, we find increasing
intervention scope, through complementary interventions, increases long-run cost effectiveness; the contrast between this result and the effect of increasing intervention intensity is
consistent with the presence of frictional poverty traps. The long-run cost effectiveness of
complementary interventions only manifests at relatively distant time horizons; while frictional poverty traps may justify increasing intervention scope, high costs of complementary
interventions can undermine cost effectiveness. While targeted larger interventions may
be desirable from a policy standpoint, our results highlight that poverty traps are neither
necessary nor sufficient to justify larger interventions.
This paper is organized as follows. Section 2 describes the metaänalysis sample and data
extraction. Section 3 estimates average effects. Section 4 estimates the impacts of increasing
transfer size, Section 5 compares our estimates to those from richer countries, and Section 6
estimates the impacts of complementary interventions. Section 7 concludes.

2

Data and Context

In this section, we describe the construction of the tables of studies, interventions, and estimates, including impacts of UCT and TUP interventions on consumption and intervention
characteristics.4

2.1 Study inclusion
Our metaänalysis focuses on randomized control trials of temporary unconditional cash transfers (UCT) and multifaceted graduation programs that include unconditional cash and/or
4

The full extracted data from the studies, including both the reported point estimates and
the impacts on consumption in 2010 USD PPP that we use for analysis, are made available at
https://docs.google.com/spreadsheets/d/1txIOHFWQcLjmHllUv2b-AzmyhcnvxtOALLXdbG5KDjs.
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asset transfers as a component (TUP) from lower and middle income countries. We classify programs as “UCT” when they include cash or mobile money transfers, and do not
include any conditionalities stricter than attendance at meetings at the frequency of transfer
payments. We allow for attendance requirements because these are in principle similar to
distribution of cash at a centralized location.5
We restrict our analysis to studies that meet the following criteria:6
1. Consumption over a defined reference period is an outcome
2. Value of transfers and program cost are reported
3. The time of estimates is after transfers are completed
4. Includes a randomized control group that did not receive the intervention at the time
of the estimate
5. Treatment is randomized across households, or authors argue that spillover effects are
small
We require (1) and (2) to construct our primary outcomes of interest, impacts on household
consumption per unit of transfer and per unit of cost. We require (3) because continuing
and temporary transfers both empirically and theoretically have different types of impacts
(Pennings, 2021). In addition, temporary transfers are the relevant benchmark for a wide
range of temporary development interventions, including the TUP programs we consider
in Section 6. We require (5) because our primary interest is in partial equilibrium effects.
Empirically, a majority of candidate studies satisfied this requirement, while a much smaller
number of studies argued their estimates reflect both partial and general equilibrium effects.
5

We provide two examples of programs that provide unconditional cash transfers with meetings or
trainings, one we classified as UCT and another as TUP, that clarify the distinction. Blattman et al. (2016),
which we classify as TUP, study a program that provided a one time cash grant of 150 USD cash, eight days
of training covering business and group dynamics, and five supervisory visits from program staff. Carneiro
et al. (2020), which we classify as UCT, study a program that provided 25 months of 22 USD cash transfers
to women during and following pregnancy, along with community level messaging on health information,
and for a subset of households optional monthly meetings on child feeding support and options to request
one-on-one counseling.
6
To identify studies, we follow the approach of Croke et al. (2016). We began with the sample from
GiveDirectly Cash Research Explorer (primarily UCT) and articles cited by or citing Banerjee et al. (2015)
(primarily TUP). We then included any additional studies we could find that satisfied our inclusion criteria.
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Theoretically, as we discuss in Section 4.1, partial equilibrium effects allow us to test standard models of household intertemporal optimization, and recover intertemporal marginal
propensities to consume that are useful targets for calibration of macroeconomic models.

2.2 Data extraction
Total transfer size and total program cost

To calculate total transfer size, we calcu-

lated the average sum of the value of all transfers made to beneficiary households. Program
costs were similarly calculated by adding the total value of all transfers to any additional
reported costs of implementation per beneficiary household.
Years since last transfer

To capture the dynamics of the impacts of cash transfers, we

use years since last transfer as our standardized measure of time for each estimate to enable
comparisons across studies. We use years between the average time households received their
last transfer and the average time of the survey wave. We use time since last transfer, rather
than, for example, time since first transfer, to be conservative with respect to finding large
persistence of impacts of cash transfers on consumption. This choice is also impactful when
we compare across interventions with different transfer durations — we therefore include
robustness to the inclusion of transfer duration as a control for specifications comparing
across interventions.
Impacts on household consumption per unit of transfer and per unit of cost
There is substantial variation in how papers report impacts on household consumption. To
construct consistent measures of impacts on household consumption, some conversions were
necessary. We applied the following set of rules (in order) to construct impacts on household
consumption from each paper:
1. Impacts on household consumption were prioritized over impacts on log household
consumption or per capita household consumption
10

a. Impacts on log household consumption were multiplied by control mean household
consumption (or baseline household consumption when control mean household
consumption was not reported)
b. Impacts on per capita household consumption were multiplied by baseline mean
household size (or average household size from a representative survey from the
same country when mean household size was not reported)
2. Impacts on household consumption were prioritized over impacts on non-durable household consumption
3. When impacts of multiple distinct aggregations of treatment arms were reported, estimates with more disaggregated treatment arms were prioritized, and estimates with
disaggregation by transfer size were prioritized
4. Estimates from the authors’ preferred specification were prioritized
5. Impacts on household consumption were annualized if reported over a different reference period
Intent-to-treat and treatment-on-the-treated Compliance for both UCT and TUP
programs were almost always near universal, as the programs studied by papers in this
analysis typically offered large transfers relative to household income and contamination was
rare, but there is meaningful variation in compliance. To ensure appropriate comparison,
in all cases we therefore use treatment-on-the-treated instead of intent-to-treat estimates,
scaling intent-to-treat impacts on household consumption by the inverse of the impacts of
assignment on participation. When transfer sizes and program costs were reported per
household assigned to treatment (instead of per beneficiary), transfer sizes and program
costs also needed to be scaled.
Standardization of monetary units

As a final step, all monetary values were converted

to 2010 USD PPP to facilitate comparison across contexts. In addition, this conversion was
done before impacts on household consumption per unit of transfer or cost were constructed;
11

this was intended to avoid bias towards finding growth of impacts on household consumption
per unit of transfer over time in the presence of inflation.

2.3 Descriptive statistics
Descriptive statistics on the UCT and TUP interventions, and on the estimated impacts on
consumption of these interventions, are reported in Table 1. As much of our analysis focuses
on impacts of UCT, we begin our discussion of these interventions. The average transfers in
these studies are quite large, representing 0.62 years of consumption on average, but there is
meaningful variation in transfer size across interventions. Transfers last 8 months on average,
so any increase in consumption during those 8 months caused by the UCT will not typically
be accounted for in our results. The transfers in UCT are relatively low cost to deliver, with
the average UCT in our sample reporting 18% overhead. The 14 interventions from 7 RCTs
comprising our sample represents a large base of evidence compared to many other categories
of interventions in development economics — Vivalt (2020) identifies more estimates only
for micronutrient supplementation, conditional cash transfers, and deworming, while using
less strict inclusion criteria.
The average estimated effect of UCT is 0.58 per unit of transfer, with a standard deviation
of estimates across studies of 0.57. This variation could be explained either by variation in
true effects of UCT across contexts or by sampling error. The average standard error of
estimates is 0.28, heuristically suggesting sampling error is responsible for a large share of
the variation in estimated effects. We revisit this formally and interpret these magnitudes
in Section 3.
As an alternative approach to understand variation in our estimates, we plot point estimates and 95% confidence intervals for UCT and TUP interventions in Figure 1.7 The
UCT estimates appear tightly clustered, with confidence intervals for only 6 of the 18 UCT
estimates excluding 0.4. This is despite the heterogeneity across interventions in size and
7

Figure 1 also contains posterior mean estimates and credible intervals for these estimates, which we
discuss in Section 3.2.
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Table 1: Descriptive statistics
UCT

Panel A: Interventions
Total transfer size (2010 USD PPP)
Total transfer size (Years of baseline consumption)
Baseline annualized consumption (2010 USD PPP)
GDP per capita (2010 USD PPP)
Africa
Transfer duration (Years)
Year of last transfer
Total intervention cost (2010 USD PPP)
Intervention cost per unit of transfer

TUP

Mean
(1)

SD
(2)

# of obs.
(3)

963
0.62
1573
2384
0.93
0.66
2015.4
1102
1.18

689
0.42
475
2132
0.27
0.55
3.3
751
0.11

14
13
13
14
14
14
14
14
14

416
157
0.58
0.28
0.06
1.5
1620

251
86
0.57
0.30
0.08
2.2
942

18
18
18
18
18
18
18

Mean
(4)

SD
(5)

952
496
0.29
0.23
4188 2504
3464 2340
0.36
0.50
1.35
0.78
2011.5 2.6
3315 1778
3.93
2.04

# of obs.
(6)
11
11
11
11
11
11
11
11
11

Panel B: Estimates
Effect on annualized consumption (2010 USD PPP)
Standard error (2010 USD PPP)
Effect on annualized consumption per unit of transfer
Standard error
Inverse variance weight
Years since last transfer
Sample size

509
201
0.50
0.21
0.05
2.6
3127

515
125
0.45
0.12
0.04
2.0
5411

20
20
20
20
20
20
20

Notes: Descriptive statistics for interventions are presented in Panel A, and for their associated estimates in Panel B. Statistics
for UCT interventions and associated estimates are in Columns 1 through 3, while statistics for TUP interventions and associated
estimates are in Columns 4 through 6. For each variable, Columns 1 and 4 present sample means, Columns 2 and 5 present
sample standard deviations, and Columns 3 and 6 present the number of non-missing observations.

duration, and heterogeneity across estimates in time — estimates are on average 1.5 years
after the last transfer, with a standard deviation of 2.2 years, providing a range of estimates
at both short and long time horizons. We also note that the estimates with tighter confidence
intervals typically come from studies with relatively larger cash transfers; we revisit this in
our discussion of power in Appendix D.1.
Lastly, we compare characteristics of TUP and UCT interventions and estimates. TUP
and UCT interventions provide similar size transfers on average, but differ in a number of
important characteristics. TUP interventions are typically implemented with higher consumption households in higher income countries, and are much less likely to be in Africa.
Transfers last 16 months on average, twice as long as for UCT interventions. In addition,
TUP interventions are typically much more expensive, with additional components complementary to cash transfers — the average TUP intervention includes 2.7 units of costs per
13

Figure 1: Estimates and posterior estimates

Notes: Estimates of the impact of UCT and TUP interventions on annualized consumption per unit of transfer are presented
in this figure. Raw estimates and 95% confidence intervals are presented in black. Bayesian posterior means and 95% credible
intervals from the model in Column 5 of Table 2 are presented in purple, with dotted lines to mark the average effect.
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unit of transfer more than the average UCT intervention. In addition, the TUP interventions in our sample preceded the UCT interventions by 4 years on average, and as a result
estimates are on average 1.1 years since last transfer later. In Section 6, we conduct analysis benchmarking the impacts of TUP against UCT interventions, and test robustness to
adjusting for key differences between the TUP and UCT interventions in our sample.

3

Metaänalysis

3.1 Estimation strategy
Our objective is to aggregate estimates of the impacts of UCT from a set of randomized
control trials (RCTs), each of which may have multiple UCT arms and multiple survey
waves. Before testing for evidence of nonlinearities, we begin with a traditional metaänalysis,
estimating both the average impact of UCT across estimates and heterogeneity in impacts
across contexts. We let r index RCTs, a index experimental arms within RCT, and t be years
since the last transfer for each estimate. We observe a set of estimates τ̂rat of the impact of
UCT on household consumption per unit of transfer for arm a of RCT r, t years since the
ˆ rat .
last transfer, in addition to the standard error on each estimate se
We model these estimates as reflecting a combination of both sampling error and true
variation in impacts across contexts. Following recent metaänalyses in economics (Baird
et al., 2014; Burke et al., 2015; Meager, 2019; Vivalt, 2020), we specify
ˆ 2rat )
τ̂rat |τrat ∼ N (τrat , se
τrat ∼

(1)

N (β, στ2 )

where τrat is the true impact of arm a of RCT r, t years since the last transfer. The first line
of Equation 1 states that the estimated effect is normally distributed, is unbiased for the
true effect, and has variance equal to the reported standard error squared.8 The normality
8

We note that this implicitly imposes no within RCT correlation between estimated effects, while within

15

assumption is motivated by a central limit theorem, and each estimate coming from a large
sample. The second line of Equation 1 states that the true effect is normally distributed
with mean β and variance στ2 . While the true effects are unlikely to be normally distributed,
this model in its limit nests both assuming full external validity, with an identical impact
across all contexts (στ = 0), and assuming no external validity, with the average impact
being completely uninformative about the impact in any context (στ → ∞). In this sense,
this approach is agnostic about the source of variation in heterogeneity of impacts across
estimates, which could be driven by characteristics of interventions, experimental samples,
contexts, aggregate shocks (Rosenzweig & Udry, 2019), or their interaction.
We take three approaches to estimating parameters of the above model, with a focus on
estimating β, the average impact of UCT on consumption per unit of transfer.
First, we begin by estimating β by taking the inverse variance weighted average of estimated impacts τ̂rat , which we estimate using weighted least squares.9 This is equivalent to a
pooled regression across estimates under homoskedasticity. It is also equivalent to maximum
likelihood estimation of β when fixing στ = 0, and is therefore efficient when the true impact
is identical across contexts.
Second, we estimate (β, στ ) jointly by maximum likelihood. The estimated β can still
be interpreted as a weighted average of the estimated impacts τ̂rat , but the weights are now
the inverse of unconditional variance of the estimated effects, which is the sum of both the
ˆ 2rat ) and the estimated variance of true effects (στ2 ). The estimated
sampling variance (se
variance of true effects, in turn, reflects the difference between the empirical variance of
estimated effects, and what one would expect the variance of estimated effects to be only
accounting for sampling error.
Third, our preferred approach, we closely follow Burke et al. (2015) and Vivalt (2020)
and estimate Equation 1 using Bayesian methods. Specifically, we impose a uniform prior
RCT estimated effects are correlated both through the control group (across treatment arms) and due to
serial correlation (across time). Later in this section, we discuss how these correlations may affect inference.
9
For inference with this approach, we calculate robust standard errors clustered at the RCT-level.
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on στ with wide support10 and a uniform prior on β|στ , while Equation 1 provides the prior
for τ |β, στ . Together, these provide a joint prior on the unknown parameters (β, στ , τ ).
ˆ rat ). To facilitate
We then estimate our posterior over (β, στ , τ ) given the observed (τ̂rat , se
comparison between Bayesian posteriors of (β, στ ) and weighted least squares and maximum
likelihood point estimates and standard errors, we report posterior means, posterior standard
deviations, and 95% credible intervals for (β, τ ) in place of point estimates, standard errors,
and p-values, respectively.
Our maximum likelihood and Bayesian estimates can then be used to produce more
efficient estimates of each true treatment effect, τrat . With maximum likelihood, with point
estimates for (β, στ ), this involves shrinking each estimate τ̂rat towards the average effect
β. Specifically, the conditional expectation of the true effect given the estimated effect is
ˆ 2rat ] =
E[τrat |β, στ , τ̂rat , se

ˆ 2rat
se
β
ˆ 2rat
στ2 +se

+

στ2
τ̂ ,
ˆ 2rat rat
στ2 +se

a weighted average of the average effect β

and the estimated effect τ̂rat , with more weight on the estimated effect when the variance of
true effects is large and when the estimated effect is precisely estimated. We can similarly
calculate the asymptotic variance of the error of this shrunken estimate to construct tighter
confidence intervals on the true effect. Alternatively, the Bayesian approach described above
yields a posterior for each τrat , which can be used to construct posterior means and credible
intervals.
Regarding inference, we note that Equation 1 leaves unmodeled correlation in estimated
effects within RCT, both across arms because of a common control group and over time
because of serial correlation. These correlations are not typically reported by studies, although they could be estimated with microdata from each RCT. To test robustness of our
inference, when estimating Equation 1 by weighted least squares or by maximum likelihood,
we report both analytical standard errors and standard errors estimated by block bootstrap
at the RCT-level for estimates of (β, στ ).
10

We follow Vivalt (2020) and specify the support from 0 to 10 times the standard deviation of τ̂rat .
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3.2 Results
We present our estimates of average effects on consumption per unit of transfer from Equation
1 in Table 2. While we focus our discussion in this section on estimates for UCT in Panel A,
we also report estimates for multifaceted graduation programs (TUP) in Panel B to support
our comparison between UCT and TUP in Section 6. We focus the discussion primarily on
our Bayesian estimates in Column 5, except when we discuss the robustness of our results
to alternative approaches to estimation and inference.
First, our preferred estimate of the average impact of UCT on consumption per unit of
transfer in Column 5 implies that for every unit of transfer, annualized consumption increases
by 0.35. We make three observations regarding this estimate. First, our estimate is smaller
than the average impact of ongoing cash transfers from safety nets on consumption per unit
of transfer (0.74, from Ralston et al. (2017)). However, our estimates are for completed
transfers, and are therefore likely to be smaller, as households may save more out of a
temporary income shock than a more permanent income shock. Second, our estimate is
smaller than estimates of the one year impacts of cash transfers in richer countries (0.5, from
Auclert et al. (2020)). We rationalize this result through the lens of a model of intertemporal
substitution and discuss it further in Section 4.1. Third, our estimates are likely to be
heterogeneous, as they may vary by time horizon, transfer size, and context.
Second, our preferred estimate of the standard deviation of impacts of UCT on consumption per unit of transfer in Column 5 is 0.12. Taking seriously the assumption of normality of
the distribution of effects, it implies that 95% of the impacts of cash transfers on household
consumption per unit of transfer are between 0.12 and 0.58. We note that this estimate
implies a coefficient of variation for impacts of cash transfers of 0.34 — this is smaller than
all of the estimates for a range of interventions from Vivalt (2020), suggesting that impacts
of unconditional cash transfers on consumption are relatively generalizable, consistent with
the homogeneity of the intervention.11
11

In Appendix B.1, we show that our results on the mean and standard deviation of effects of UCT on
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Table 2: Average effects and standard deviation of effects
Effect on consumption per unit of transfer
WLS
Panel A: UCT
β: Intercept (Mean effect)

(1)
0.298
(0.014)
[0.000]

MLE
(2)

0.298
0.335
(0.029) (0.048)
[0.000] [0.000]

στ : Std. dev. of effects

# of RCTs
# of observations

(3)

7
18

7
18

Bayes
(4)

(5)

0.335
0.347
(0.074)
(0.054)
[0.000] {0.259, 0.471}

0.083
(0.060)

0.083
(0.083)

0.117
(0.067)
{0.011, 0.269}

7
18

7
18

7
18

Panel B: TUP
β: Intercept (Mean effect)

0.469
(0.071)
[0.000]

0.469
0.517
(0.072) (0.091)
[0.000] [0.000]

στ : Std. dev. of effects

# of RCTs
# of observations
Bootstrapped standard errors

10
20

10
20
X

0.517
0.516
(0.118)
(0.102)
[0.000] {0.314, 0.719}

0.350
(0.080)

0.350
(0.134)

0.395
(0.096)
{0.240, 0.614}

10
20

10
20
X

10
20

Notes: Estimates of the model of impacts of interventions on household consumption per unit of transfer in Equation 1 are
presented in this table. Estimates for UCT interventions are in Panel A, and estimates for TUP interventions are in Panel B.
Columns 1 through 4 report estimates of each parameter, with standard errors in parentheses and p-values in square brackets,
while Column 5 reports Bayesian posterior means of each parameter, with posterior standard deviations in parentheses and
95% credible intervals in curly brackets. Column 1 uses robust standard errors clustered at the RCT-level, while Columns 2
and 4 use standard errors block bootstrapped at the RCT-level.

Our estimates of the average effect of unconditional cash transfers are robust to the
choice of methods. We estimate an average impact of 0.30 under weighted least squares
and 0.34 using maximum likelihood, in comparison to a posterior mean estimate of 0.35
using Bayesian methods. As these approaches appear to yield comparable estimates in our
context, we report our preferred estimates using Bayesian posterior means for the remainder
of this paper. For inference, Bayesian posterior standard deviations are comparable to block
consumption per unit of transfer are robust to the exclusion of any individual RCT in our sample.
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bootstrapped standard errors from maximum likelihood – they are 27% smaller for UCT
in Panel A, and 14% smaller for TUP in Panel B. We interpret this as evidence that the
bias in inference from unmodeled within-RCT correlation between estimates mentioned in
Section 3.1 is relatively small, and focus our discussion in the remainder of the paper on our
Bayesian estimates.
The estimated average impacts on consumption per unit of transfer is meaningfully
smaller in UCT than in TUP studies; we explore this dimension of heterogeneity further
in Section 6.
Leveraging our estimates of the average impact and the standard deviation of impacts
of UCT and TUP per unit of transfer, we plot the full set of posterior estimates and 95%
credible intervals for each of the estimates in our metaänalaysis in Figure 1. The posterior
estimates are equal to the reported estimates, but shrunken towards our estimates of average
impacts, as described in Section 3.1. As we estimate a relatively tight standard deviation
of impacts of UCT, most estimates are shrunken quite close to the posterior mean (and
particularly those estimates with wide standard errors). As more precise estimates receive
higher weight when estimating the average impacts of UCT and TUP, Figure 1 visualizes
which estimates drive our result.
With the average impacts of cash transfers on household consumption per unit of transfer
analyzed, we now return to our motivating question: how do the effects of large and small
cash transfers differ over time? In particular, are the impacts of large cash transfers more
persistent per dollar transferred? In the next section, we model consumption responses to
cash transfers to identify a theory consistent test of the relative persistence of larger cash
transfers and implement this test.
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4

Transfer size (“Intensity”)

In this section, we model and estimate the differential persistence of the impacts of larger
UCT on consumption per unit of transfer. In Section 4.1, we show that a decreasing marginal
propensity to consume implies that larger UCT should have relatively larger impacts on
consumption per unit of transfer as time since last transfer increases, and link this to models
of intertemporal optimization. In Section 4.2, 4.3, 4.4, and 4.5, we test this prediction using
variation in transfer size and time since last transfer within and across randomized control
trials of UCT.

4.1 Model
4.1.1 Environment
We consider a discounted expected utility maximizing household deciding, in each time
period, how much of its available resources to consume and how much to invest. To simplify
exposition, we assume the household lives for two periods, indexed 0 and 1. In period 0, the
household begins with cash-on-hand w0 + h, where w0 is the household’s own resources and
h is a UCT the household receives. The household consumes c0 , and invests the remainder;
the household cannot borrow, so investment w0 + h − c0 ≥ 0. The household has a stochastic
constant returns to scale investment technology — in period 1, the household has total
resources R(w0 +h−c0 )+y1 , where R is the stochastic return on investment with expectation
ρ, and y1 is the household’s stochastic income from other sources.12 The household then
consumes its full resources in period 1.
We assume the household solves the following optimization problem:

c0 (h, ρ) ≡ arg max u(c0 ) + βE [u(R(w0 + h − c0 ) + y1 )]
c0

(2)

12
We make the technical assumption, as in Carroll & Kimball (1996), that R is not perfectly correlated
with y1 . Implicitly, we use R in place of R(ρ) = ρ + R̃, where R̃ is a mean 0 stochastic shock to the return
on investment.
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We refer to the household’s choice of consumption as a function of the size of the UCT it
receives and its expected return on investment, c0 (h, ρ), as the household’s initial period
consumption function. We equivalently define the household’s future period consumption
function c1 (h, ρ) ≡ R(w0 + h − c0 (h, ρ)) + y1 , which is stochastic through its dependence
on R and y1 . As is common practice, we refer to dc0 (h, ρ)/dh as the marginal propensity
to consume, and following Auclert et al. (2018) we refer to dct (h, ρ)/dh as the period t
intertemporal marginal propensity to consume.
In analyzing this optimization problem, we leverage the result from Carroll & Kimball
(1996) that households will have a strictly decreasing marginal propensity to consume with
a utility function exhibiting hyperbolic absolute risk aversion, a class that nests common
functional forms including constant relative risk aversion with a subsistence constraint. That
is, d2 c0 (h, ρ)/dh2 < 0. One can draw the intuition underlying this result from the buffer
stock model in Deaton (1991), which excludes uncertainty in R. In Deaton (1991), poorer
households consume hand-to-mouth (so their marginal propensity to consume is 1), while
richer households hold precautionary savings (so their marginal propensity to consume is
less than 1).
We next consider the dynamic treatment effects of UCT on consumption in this framework. In Section 3, we observed estimates of the period t impacts of cash transfers on
consumption per unit of transfer, which we call τt (h, ρ). In this framework, τt (h, ρ) ≡
(ct (h, ρ) − ct (0, ρ))/h.
4.1.2 Comparative statics
Next, we generate 3 key predictions on comparative statics of the impacts of UCT on consumption per unit of transfer with respect to transfer size, the time since the transfer, and
the return on investment. Formal derivations for all results are in Appendix A.
Proposition 1. The initial period impacts of UCT on consumption per unit of transfer are
decreasing in transfer size.
22

That is, dτ0 (h, ρ)/dh < 0. This follows immediately from concavity of the household’s
initial period consumption function. The economic intuition follows from the household’s
decreasing marginal propensity to consume – the initial period impacts of UCT on consumption per unit of transfer are equal to the “average propensity to consume” over the
transfer, which will decrease in transfer size whenever the marginal propensity to consume
is decreasing in transfer size.13
Proposition 2. The future period impacts of UCT on consumption per unit of transfer are
increasing in transfer size.
That is, dτ1 (h, ρ)/dh > 0. To produce this result, we rewrite the household’s intertemporal budget constraint in terms of the impacts of UCT on consumption per unit of transfer:
τ0 (h, ρ) + R1 τ1 (h, ρ) = 1. As the return on investment R is not affected by h, when initial
period impacts per unit of transfer are decreasing, future period impacts per unit of transfer
must be increasing. Alternatively phrased, when household consumption is concave in transfer size, household savings must be convex in transfer size, and this causes the impacts of
cash transfers on consumption per unit of transfer to be increasing in transfer size in future
periods.14
These two predictions formalize the claim that the impacts of larger interventions should
be more persistent — the impacts of larger interventions, when expressed per unit of transfer, should increase over time relative to the impacts of smaller interventions. This definition
suggests a natural test of the greater persistence of the impacts of larger interventions predicted by this model. Specifically, it motivates a regression of the dynamic impacts of UCT
on consumption per unit of transfer, τt (h, ρ), on transfer size h, time since transfer t, and
their interaction h × t. Our two predictions suggest that the coefficient on transfer size
should be negative (as impacts should be decreasing in transfer size in initial periods), but
13

This consequence of a decreasing marginal propensity to consume, along with models that generate it,
is discussed in Fagereng et al. (2019).
14
In an extension with T periods, the same result holds both for the net present value of future consumption and for consumption in the last period.
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the coefficient on the interaction should be positive.
However, our predictions hinge on the decreasing marginal propensity to consume implied
by the model, and the constant returns to scale investment technology we assumed. We
consider two extensions to our model, through alternative investment technologies that are
particularly relevant in developing countries, that weaken our predictions – decreasing returns
to scale, and non-convexities that generate a poverty trap.15
Proposition 2a. Introducing decreasing returns to scale decreases the effect of transfer size
on the future period impacts of UCT on consumption per unit of transfer.
With decreasing returns to scale, as transfer size grows, households increase their investment, but their marginal return on investment also falls. The fall in the marginal return
on investment causes households to reduce their investment, which causes the future period
intertemporal marginal propensity to consume to decrease in transfer size. As a result, with
decreasing returns to scale, the sign of the effect of transfer size on future period impacts of
UCT on consumption per unit of transfer becomes ambiguous. While constant or decreasing
future period impacts on consumption per unit of transfer with respect to transfer size (that
is, dτ1 (h, ρ)/dh ≤ 0) is not consistent with our base model with constant returns to scale, it
can be rationalized with decreasing returns to scale.
Proposition 2b. Introducing non-convexities that generate a poverty trap increases the
effect of transfer size on impacts of UCT on initial (future) period consumption per unit of
transfer when the density of households at a poverty threshold is decreasing (increasing) in
transfer size.
To introduce a simple form of non-convexities, we consider households deciding whether
or not to make a lumpy investment. When the household does not make this investment, it
has less resources in the future period, and as a result is less able to make this investment in
the future period. This generates a poverty trap, often used to explain persistent poverty in
15

For parsimony, we consider these extensions in a simplified deterministic version of our model.
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developing countries (Carter & Barrett, 2006; Banerjee et al., 2019; Balboni et al., 2020). As
initial period resources are required to make this investment, each household has a “poverty
threshold” of initial resources, above which they make the investment and below which they
do not. When transfer size increases, a household just below the poverty threshold will now
make the lumpy investment, and as a result discontinuously decrease their initial period
consumption (while discontinuously increasing their future period consumption). As a result, larger transfers will have relatively larger impacts on consumption per unit of transfer
in future periods when the density of households at the poverty threshold is increasing in
transfer size, and relatively smaller impacts when the density is decreasing in transfer size.
Therefore, alternative densities of distances of households from the poverty threshold can
rationalize any pattern of effects of increasing transfer size on impacts of UCT on consumption, including a decreasing impact of UCT on future consumption per unit of transfer with
respect to transfer size.
Lastly, we consider the role of the return on investment in determining the impacts of
transfers on consumption.16 A large body of research has found high marginal returns to
investment in developing countries relative to richer countries (De Mel et al., 2008; McKenzie
& Woodruff, 2008; Hussam et al., 2020). Our results from Section 3 are focused on developing
countries, in contrast to existing work estimating intertemporal marginal propensities to
consume in richer countries. Differences between our results and existing work are therefore
likely to be partially driven by differences in the marginal return on investment between
developing countries and richer countries.
Proposition 3. The future period impacts of UCT on consumption per unit of transfer are
increasing in the return on investment.
That is, dτ1 (h, ρ)/dρ > 0. To provide the intuition underlying this result, we can revisit
the household’s intertemporal budget constraint written in terms of impacts of UCT on
consumption per unit of transfer. Rewriting with future impacts as the numeraire, and
16

For parsimony, we consider this comparative static in a simplified deterministic version of our model.
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abstracting from uncertainty in the return on investment (i.e., assuming R = ρ), ρτ0 (h, ρ) +
τ1 (h, ρ) = ρ. We can then interpret a change in the return on investment ρ as having two
effects – a price effect, and an income effect.17 The price effect causes future consumption
to be cheaper, so the impact on future consumption increases while the impact on present
consumption decreases. The income effect increases the net present value of the transfer
in units of future consumption, so the impacts on both present and future consumption
increase.
We summarize these predictions in Table 3. Our base model in Equation 2 generates the
prediction that initial period impacts per unit of transfer should decrease in transfer size
(Proposition 1), while future period impacts per unit of transfer should increase in transfer
size (Proposition 2). Introducing decreasing returns to scale weakens the prediction that
future period impacts should increase in transfer size (Proposition 2a), while introducing nonconvexities that generate poverty traps weakens both predictions (Proposition 2b). While
any impacts are potentially consistent with non-convexities that generate poverty traps,
other models provide testable predictions. Lastly, increases in the return on investment
should increase future period impacts per unit of transfer (Proposition 3).
Table 3: Summary of predictions on impacts on consumption per unit of transfer τt
Transfer size h

Base model
with DRTS
with Poverty traps

Period 0
dτ0 (h, ρ)
dh
−
−
?

Period 1 - Period 0
d2 τt (h, ρ)
dhdt
+
?
?

17

Return on investment ρ
Period 0
dτ0 (h, ρ)
dρ
?

Period 1 - Period 0
d2 τt (h, ρ)
dρdt
+

We note that this intuition is heuristic and not formal, as it does not account for the remainder of the
household’s budget.
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4.2 Descriptive evidence
To begin this analysis, we plot posterior estimates of the impacts of small UCT, large UCT,
and TUP on consumption per unit of transfer from Section 3 against years since last transfer
in Figure 2. The area of each point in the figure is proportional to the inverse posterior
variance of the associated estimate. We see that there is meaningful variation in relatively
high weight estimates in time since last transfer for both large and small UCT up to 2.5
years since last transfer; this variation is the source of our identification of the effect of log
transfer size and time since last transfer on the impacts of UCT on consumption.
Figure 2: Variation in posterior estimates with respect to transfer size and years since last
transfer

Notes: This figure presents Bayesian posterior means for each estimate of the impact of an intervention on consumption per
unit of transfer, and plots these means against years since last transfer. Areas of circles corresponding to each estimate are
proportional, within each group of interventions, to inverse posterior variances. Estimates from UCT interventions with transfer
size smaller than 1000 USD PPP are plotted in black, estimates from UCT interventions with transfer size larger than 1000
USD PPP are plotted in orange, and estimates from TUP interventions are plotted in pink.

We make four observations. First, we show in Figure 2 that the effects of UCT on
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consumption per unit of transfer appear relatively persistent over time, with some evidence
of small decreases over time. Second, there is limited evidence that the effect of smaller UCT
on consumption per unit of transfer decreases over time relative to the effect of larger UCT.
In Section 4.1, we showed that larger UCT should have larger impacts on consumption per
unit of transfer at longer time horizons, which we do not observe in the data. Third, we
note that these estimates may be relatively short term, as we only have common support for
small and large UCT out to two and a half years. However, in Section 5, we show this time
frame is sufficient to see differences between the persistence of our estimates and estimates
from richer countries. Fourth, smaller UCT appear to have larger effects on consumption
per unit of transfer than larger UCT. We formalize this analysis in Section 4.5, building on
this descriptive evidence and leveraging variation both within and across RCTs, and discuss
our results.

4.3 Empirical strategy
To test how the impacts of cash transfers on consumption vary with transfer size and time
since last transfer, we estimate Equation 1 but with the introduction of controls. Specifically,
we estimate the following model using the Bayesian approach described in Section 3.1.
ˆ 2rat )
τ̂rat |τrat ∼ N (τrat , se
τrat ∼

(3)

0
N (Xrat
β, στ2 )

We consider two primary specifications of the observable characteristics of each estimate
Xrat , both of which include a constant. First, we use years since last transfer, to test whether
impacts of UCT vary over time, and log transfer size, to test whether larger UCT have larger
impacts per unit of transfer. Second, we use years since last transfer, log transfer size, and
their interaction. As discussed in Section 4.1, in this second specification, buffer stock
models generate the prediction that the coefficient on log transfer size should be negative
while the coefficient on the interaction should be positive. For robustness, we also consider
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specifications where we include additional control variables, including RCT fixed effects. The
inclusion of RCT fixed effects isolates within RCT variation in years since last transfer (from
multiple survey waves) and in log transfer size (from variation in transfer size across arms).
In estimating β in Equation 3, our parameter of interest is a weighted average causal
effect of shifting transfer size at different time horizons. We note that this interpretation
of β rests on an exogeneity assumption; we use balance tests to test this assumption in
Section 4.4. However, we also note that this is distinct from the parameter estimated by
any individual estimate of the differential effect of larger cash transfers, which estimates
the effect of increasing transfer size in a single context. Estimation of the average effect
requires a large number of studies, and this is reflected in reduced precision of our estimates
in Section 4.5.

4.4 Balance
In Equation 3, which leverages variation in years since last transfer and log transfer size
across studies, one might be concerned that years since last transfer and log transfer size are
correlated with other characteristics of the RCT or the intervention. However, we note that
if most of the variation in years since last transfer and in log transfer size is within RCT, we
should expect to find balance with respect to these variables.
To test balance, we estimate by OLS
0
Yrat = Xrat
η + rat

(4)

for important characteristics of RCTs or interventions Yrat , with the same specification of
the right hand side as in Equation 3. We report the results of these balance tests in Table
4, with robust standard errors clustered at the RCT-level.
Across our two specifications, we fail to reject the null of balance for 14 of 18 coefficients.
We now consider the 4 rejections, and note that 2 of them are relatively mechanical. First,
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Table 4: Balance: Transfer size and persistence
log baseline
consumption

log GDP
per
capita

Africa

(1)

(2)

(3)

(4)

(5)

(6)

Years since last transfer

0.093
(0.051)
[0.089]

0.010
(0.038)
[0.795]

0.014
(0.016)
[0.403]

-0.084
(0.025)
[0.004]

-1.03
(0.19)
[0.000]

-0.003
(0.008)
[0.659]

log transfer size

0.153
(0.168)
[0.377]

-0.141
(0.178)
[0.442]

0.045
(0.059)
[0.456]

-0.290
(0.161)
[0.093]

0.60
(1.07)
[0.583]

-0.074
(0.030)
[0.025]

-0.126
(0.131)
[0.357]

-0.012
(0.130)
[0.928]

-0.028
(0.038)
[0.470]

-0.126
(0.269)
[0.646]

-0.98
(0.985)
[0.336]

-0.008
(0.036)
[0.822]

X
X
7.358
6
16

X
X
7.644
7
18

X
X
0.944
7
18

X
X
0.676
7
18

X
X
2014.83
7
18

X
X
1.179
7
18

Panel A: No interaction

Transfer Year of
duration
last
(years) transfer

Intervention
cost per unit
of transfer

Panel B: Interaction
Years since last transfer *
log transfer size
Controls
Years since last transfer
log transfer size
Mean dep. var.
# of RCTs
# of observations

Notes: Columns 1 through 6 present regression coefficients, with robust standard errors clustered at the RCT-level in parentheses
and p-values in brackets.

a one year increase in years since last transfer is associated with a 1.05 year decrease in
the year of the intervention. This is because longer run estimates (with larger years since
last transfer) must come from interventions that occurred more years ago. Second, a 10%
increase in transfer size is associated with a 0.009 decrease in cost per unit of transfer. This
is because many of the costs of UCT are fixed with respect to transfer size, such as targeting
and delivery, so larger transfers are cheaper to deliver per unit of transfer. Third, a one
year increase in years since last transfer is associated with approximately one month shorter
duration of transfers. This correlation is potentially because UCT with longer duration
often have the objective of increasing consumption at shorter time horizons, and so often
include relatively short run follow up surveys. For robustness, we therefore also estimate
specifications that include transfer duration as a control. Fourth, a one year increase in
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years since last transfer is associated with a 9% increase in baseline household consumption;
this magnitude is relatively small and unlikely to bias our estimates.

4.5 Results
Table 5: Transfer size and persistence
Effect on consumption
per unit of transfer
β1 : Years since last transfer

β2 : log transfer size

(1)
-0.029
(0.017)
{-0.062, 0.004}

(2)
0.191
(0.395)
{-0.502, 1.063}

(3)
-0.024
(0.019)
{-0.061, 0.014}

(4)
0.235
(0.425)
{-0.518, 1.179}

(5)
-0.036
(0.038)
{-0.114, 0.036}

(6)
-0.003
(0.599)
{-1.106, 1.280}

-0.151
(0.051)
{-0.254, -0.052}

-0.128
(0.070)
{-0.263, 0.015}

-0.136
(0.058)
{-0.252, -0.022}

-0.107
-0.246
(0.080)
(0.093)
{-0.259, 0.061} {-0.433, -0.065}

-0.241
(0.142)
{-0.514, 0.057}

0.053
(0.047)
{0.003, 0.175}

-0.032
(0.058)
{-0.159, 0.069}
0.069
(0.058)
{0.003, 0.215}

0.061
(0.054)
{0.003, 0.201}

-0.038
(0.062)
{-0.176, 0.072}
0.080
(0.066)
{0.006, 0.246}

0.076
(0.065)
{0.003, 0.242}

-0.005
(0.085)
{-0.190, 0.151}
0.098
(0.082)
{0.005, 0.307}

X

X

7
18

7
18

X
5
16

X
5
16

β3 : Years since last transfer *
log transfer size
στ : Std. dev. of effects
Controls
Transfer duration
RCT fixed effects
# of RCTs
# of observations

7
18

7
18

Notes: Estimates of the model of impacts of UCT interventions on household consumption per unit of transfer in Equation 3
are presented in this table. Columns 1 through 6 report Bayesian posterior means of each parameter, with posterior standard
deviations in parentheses and 95% credible intervals in curly brackets.

Bayesian estimates of Equation 3 are presented in Table 5. In Columns 1 and 2, we do
not include any additional controls; Columns 3 and 4 include transfer duration as a control,
while Columns 5 and 6 include RCT fixed effects.
First, in Column 1, we regress the effect of cash transfers on consumption per unit of
transfer on years since last transfer and log transfer size. This corresponds closely with the
descriptive analysis presented in Figure 2. The point estimate on years since last transfer
implies strong persistence of the effects of cash transfers on consumption: a one year increase
in years since last transfer corresponds with a 0.029 decrease in the effect of cash transfers on
consumption per unit of transfer, or a 8% annual decrease relative to the average effect. This
estimate is precise, as the 95% credible interval excludes fade out of effects any faster than
18% of the average effect per year. The point estimate on log transfer size implies a doubling
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of transfer size causes a 0.105 decrease in effects on consumption per unit of transfer, 30%
of the average effect. While this magnitude is large, our theory in Section 4.1 suggests that
this could be a consequence of our average estimates capturing relatively short run impacts
of UCT on consumption, as larger UCT are predicted to have relatively larger impacts per
unit of transfer at longer time horizons.18
Second, in Column 2, we regress the effect of cash transfers on consumption per unit of
transfer on years since last transfer, log transfer size, and their interaction. Our base model
now makes two predictions on these coefficients. First, the coefficient on log transfer size
should be negative, as when years since last transfer is 0, increasing transfer size should
decrease the effect of cash transfers on consumption per unit of transfer. Second, the coefficient on the interaction of years since last transfer and log transfer size should be positive,
because the effects of larger cash transfers on consumption per unit of transfer should grow
relative to the effects of smaller cash transfers as time since last transfer increases. Instead,
while we continue to find a negative coefficient on log transfer size, we also find a negative
coefficient on the interaction, inconsistent with our base model.19
We note that the 95% credible intervals for the coefficients on both log transfer size and
its interaction with years since last transfer do not exclude 0 in the interacted model. To
clarify our statistical precision, we plot posterior mean predicted impacts on the effect on
consumption per unit of transfer of log transfer size as a function of years since last transfer
along with 95% credible intervals in Figure 3. When years since last transfer is 0, this
corresponds to the coefficient on log transfer size. In our base specification, our 95% credible
intervals for the effect of increasing transfer size at any time from 0.2 to 2.5 years since last
18

While our analysis in this section focuses on effects on consumption per unit of transfer to link closely
to our theory, it is instead the effects on consumption per unit of cost that may be most relevant concerning
optimal policy. In addition, as noted in Section 4.4, larger transfers have lower costs per unit of transfer
because of fixed overhead costs. We therefore replicate our results in Table 5 using effect on consumption per
unit of cost as our outcome of interest in Appendix B.2. While coefficients on log transfer size shrink, our
results and precision remain qualitatively similar, as even the smallest transfers in our sample have relatively
low overhead.
19
In Appendix B.1, we show that our results on the effect of increasing log transfer size, and its interaction
with years since last transfer, are robust to the exclusion of any individual RCT in our sample.
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transfer exclude any positive effect; we note that only 4 of our 18 point estimates for UCT
are more than 2.5 years since last transfer. This highlights that relatively larger impacts of
larger UCT would need to manifest at relatively long time horizons for our results to remain
consistent with our base model.
Figure 3: Transfer size and persistence

Notes: This figure presents Bayesian posterior means for predicted impacts of log transfer size on effects on consumption per
unit of transfer from Table 5, and plots these predicted impacts as a function of years since last transfer. Solid lines are posterior
means, while dotted lines are 95% credible intervals. Estimates from Column 2 (“No controls”) are plotted in black, estimates
from Column 4 (“Transfer duration control”) are plotted in purple, and estimates from Column 6 (“RCT fixed effects”) are
plotted in pink.

Comparing our result — increasing transfer size decreases impacts on consumption per
unit of transfer at both short and medium time horizons — to our predictions in Table 3
suggests our results are potentially consistent with either a decreasing marginal return on
investment, or non-convexities in the investment technology that generate a poverty trap.
That the results are consistent with a decreasing marginal return on investment is intuitive
— decreasing returns to scale in the household’s investment technology might reasonably
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generate decreasing returns to scale in consumption impacts with respect to transfer size.
That the results are consistent with poverty traps may be less expected, as poverty traps
are commonly used to motivate larger interventions. However, as noted in Section 4.1,
introducing a simple form of a poverty trap yields the prediction that medium run impacts
of UCT on consumption per unit of transfer will decrease with respect to transfer size when
the density of the distance of households to the poverty threshold is decreasing, consistent
with our point estimate. Adding additional complexity to our model, such as multiple
poverty thresholds or heterogeneous technologies, could further weaken this prediction. In
all cases, the fundamental conclusion is that the presence of poverty traps may either increase
or decrease the impact of transfer size on cost effectiveness, and therefore the relationship
between intervention size and consumption impacts remains an empirical question even given
knowledge of the presence of poverty traps. Our estimates provide an answer to this question
on average across a range of developing countries.
Lastly, in Columns 3 through 6, we test the robustness of these results to the inclusion of
either transfer duration or RCT fixed effects as controls. The qualitative patterns we describe
above are in general unchanged. Controlling for transfer duration does not meaningfully
affect our estimates, while controlling for RCT fixed effects increases magnitudes of point
estimates but also increases the width of credible intervals.
We interpret our estimates in Table 5 as reflecting average impacts of increasing transfer
size across contexts and interventions, and therefore these estimates do not speak to the
possibility that increasing transfer size may have heterogeneous effects across contexts. If
we had a sufficient number of RCTs where transfer size was randomly assigned and multiple
waves of post-baseline consumption were collected, we could also estimate heterogeneity in
dynamics and the effect of increasing transfer size on dynamics. Our sample contains 2
RCTs which both randomly vary transfer size and collect multiples waves of post-baseline
consumption; additional such RCTs would allow estimation of heterogeneity in the relative
impacts of larger cash transfers at different time horizons.
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Lastly, we note that the credible intervals on many of these estimates are economically
wide. As discussed in Abadie et al. (2020), these intervals reflect sampling error across RCTs:
in other words, they are credible intervals for the conditional average effect of a randomly
sampled RCT from the population of potential RCTs. However, we note that we would
gain significant precision if we instead provided credible intervals on the conditional average
effect of a randomly sampled RCT from our sample of RCTs. The former parameter is
subject to both sampling and measurement error, while the latter parameter is only subject
to measurement error. When confidence intervals are provided for estimates from a single
RCT, these confidence intervals only account for measurement error. However, the credible
intervals we report are for the parameter of interest: the conditional average effect of a
random RCT.

5

Persistence relative to richer countries

We now turn to the relative persistence of UCT in developing countries and richer economies.
In Section 4.1, we predicted that cash transfers should have larger effects at longer time
horizons in developing countries relative to richer economies, because marginal returns to
investment are higher in developing countries. In Section 5.1, we describe our empirical
strategy to compare our estimates in developing countries to estimates from Auclert et al.
(2018) and Fagereng et al. (2019) in richer countries, and implement this comparison in
Section 5.2.

5.1 Empirical strategy
We compare our results to estimates of the impacts of UCT per unit of transfer on consumption over time from richer countries. We primarily use estimates from Fagereng et al. (2019),
who estimate impacts on annual consumption up to 5 years since last transfer using lottery
winnings in Norway. Auclert et al. (2018) notes that these estimates can be interpreted
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as intertemporal marginal propensities to consume, and that these are key parameters for
disciplining models of intertemporal optimization.
To facilitate comparisons, we estimate Equation 3, using indicators for years since last
transfer being less than 1, between 1 and 2, and greater than 2 as our observable characteristics of estimates. The coefficients on these variables estimate weighted averages of estimated
effects of cash transfers on consumption per unit of transfer that are less than one year,
between one and two years, and greater than two years since last transfer, respectively. We
then compare these estimates to the estimated impacts of cash transfers on consumption
per unit of transfer at less than 1 year, between 1 and 2 years, and between 2 and 3 years
from richer countries, respectively. We note that some of the estimates that contribute to
estimating the impacts of UCT greater than 2 years since last transfer are more than 3 years
after last transfer; this yields a conservative estimate of the impacts of cash transfers at
longer time horizons in developing countries if the impacts of cash transfers on consumption
are decreasing over time.
As a last step, we use these estimates to implement a simple cost-benefit analysis of
cash transfers following the methodology in Banerjee et al. (2015). Banerjee et al. (2015)
conduct a cost-benefit analysis of multifaceted graduation programs by comparing the net
present value of their impacts on consumption to their cost. We similarly calculate the net
present value of three year impacts of cash transfers on consumption per unit of transfer as
P3 t
t=1 δ βt . We use δ = 1 for ease of interpretation, as modestly smaller discount factors will
not meaningfully affect our point estimate over just 3 years.

5.2 Results
In Table 6, we present our estimates of the impacts of cash transfers on consumption per
unit of transfer at one, two, and three or more years, with estimates from Fagereng et al.
(2019) for comparison. First, all of our estimates are close to our estimates of the average
effect of cash transfers from Section 3, consistent with our finding that impacts of UCT are
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persistent over time in Section 4. Second, our 95% credible intervals exclude estimates from
Fagereng et al. (2019) at both year one and year three — our year one estimate in developing
countries is smaller than in Norway, while our year three estimate is larger. As discussed in
Section 4.1, this larger persistence of impacts is consistent with a larger marginal return on
investment in developing countries than in Norway.
Table 6: Intertemporal marginal propensities to consume
Effect on consumption
per unit of transfer

Fagereng
et al. (2020)

(1)
0.358
(0.065)
{ 0.250, 0.505}

(2)
0.52

β2 : 1 < Years since last transfer ≤ 2

0.768
(0.416)
{-0.050, 1.585}

0.17

β3 : 2 < Years since last transfer

0.316
(0.103)
{ 0.132, 0.541}
0.129
(0.074)
{0.014, 0.300}
1.442
(0.435)
{0.596, 2.304}
7
18

0.10

β1 : Years since last transfer ≤ 1

στ : Std. dev. of effects

β1 + β2 + β3
# of RCTs
# of observations

Notes: Estimates of the model of impacts of UCT interventions on household consumption per unit of transfer in Equation 3
are presented in Column 1 of this table. Column 1 reports Bayesian posterior means of each parameter, with posterior standard
deviations in parentheses and 95% credible intervals in curly brackets. Column 2 reports comparable point estimates from
Fagereng et al. (2019), as reported by Auclert et al. (2018).

Lastly, we use these results to conduct a cost-benefit analysis of UCT over the first three
years. We estimate the net present value of the consumption impacts of UCT over the first
three years is 1.44 per unit of transfer, statistically indistinguishable from the average cost
of UCT in our sample. We interpret this result as evidence that UCT pass a cost-benefit
analysis following Banerjee et al. (2015), even without any assumptions on the persistence
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of effects beyond three years.

6

Multifaceted graduation programs (“Scope”)

6.1 Descriptive evidence
We begin by making some simple comparisons between UCT and TUP estimates based on
our initial metaänalysis results in Table 2 and Figure 1, descriptive statistics of interventions
in Table 1, and comparisons of UCT and TUP estimates over time in Figure 2. First, as
seen in Table 2, TUP interventions on average increase consumption by more per unit of
transfer than UCT interventions. Our preferred estimate is 0.52 per unit of transfer for
TUP, compared to 0.35 per unit of transfer for UCT. This result is consistent with findings
of positive impacts on consumption of add-on interventions in TUP programs (Banerjee
et al., 2018; Bossuroy et al., 2021). Second, these results are likely to reverse per unit of
cost. While TUP interventions increase consumption on average by 50% more per unit of
transfer than UCT interventions, Table 1 highlights that they cost on average more than
three times as much per unit of transfer. Third, these averages are likely to mask important
heterogeneity. While the coefficient of variation of impacts of TUP on consumption of 0.77 is
small relative to almost all interventions in Vivalt (2020), this is sufficiently large to suggest
some TUP programs may have much larger impacts than the average UCT intervention per
unit of transfer, while others may have no impact at all. This heterogeneity is visible in
Figure 1, where posterior estimates for TUP estimates are substantially more dispersed than
for UCT — the largest posterior mean estimate of TUP impacts on consumption per unit
of transfer is more than three times as large as for the average UCT, while the smallest
posterior mean estimate is negative. Lastly, in Figure 2, the impacts of TUP and small
UCT appear comparable per unit of transfer up to 2.5 years singe last transfer. However,
TUP estimates at longer time horizons are larger than at short time horizons, suggesting
the effects of TUP may grow over time relative to UCT. In Section 6.4, we implement these
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tests using specifications defined in Section 6.2.

6.2 Empirical strategy
To test the differences in impacts of UCT and TUP on household consumption, we now
estimate Equation 3, but with the inclusion of an indicator that a particular estimate is of
the impacts of a TUP program. Specifically, we estimate
ˆ 2rat )
τ̂rat |τrat ∼ N (τrat , se
τrat ∼ N (βTUPra +

(5)

0
Xrat
γ, στ2 )

where Xrat includes a constant and, in some specifications, other important characteristics,
and the coefficient β recovers the difference between UCT and TUP.
In estimating β in Equation 5, our parameter of interest is a weighted average causal effect
of shifting a given program from UCT to TUP by adding complementary interventions. We
note that this interpretation of β rests on an exogeneity assumption; we use balance tests
to test this assumption in Section 6.3. However, we also note that this is distinct from
the parameter estimated by any individual study comparing UCT to TUP, which estimates
the effect of shifting a single program from UCT to TUP; in light of the heterogeneity we
estimate in Table 2, these effects are likely to vary meaningfully across contexts. Estimation
of this weighted average effect requires a large number of studies, and this is reflected in the
precision of our estimates in Section 6.4. We also note that with sufficient RCTs comparing
the impacts of UCT to TUP, we could also estimate the variance across contexts of the effect
of shifting from UCT to TUP.
Lastly, we test for heterogeneity in differences between UCT and TUP with respect to
two important characteristics. First, it is often proposed that non-cash components of TUP
programs enable more persistent impacts on household consumption (Banerjee et al., 2015).
Given this, we would expect that the impacts of TUP are relatively larger over longer time
horizons. In some specifications, we therefore interact the TUP indicator with years since
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last transfer, to test the null hypothesis that there is no difference in the changes in the
impacts of TUP and UCT over time. Second, the standard deviation of cost per unit of
transfer of TUP programs is roughly 20 times larger than for UCT programs, suggesting
cost may be an important determinant of differences between TUP and UCT in impacts on
consumption per unit of cost. In some specifications, we therefore interact the TUP indicator
with an indicator that the TUP intervention had costs per unit of transfer greater than 4,
roughly the average in our sample.

6.3 Balance
One possible concern when estimating Equation 5 is that differences in impacts of UCT and
TUP per unit of transfer are caused by differences in characteristics between the UCT and
TUP interventions we study that are not intrinsic to the distinction between UCT and TUP,
such as beneficiary characteristics or the size of transfers. To alleviate this concern, we test
for balance of important characteristics between UCT and TUP programs, and include a
specification that controls for important characteristics for which we fail to find balance. To
test balance, we estimate by OLS
0
Yrat = µTUPrat + Xrat
η + rat

(6)

This is similar to our balance tests in Section 4.4, but with the same specification of the
right hand side as in Equation 5. We report the results of these balance tests in Table 7,
with robust standard errors clustered at the RCT-level.
In an initial specification that does not include any controls, balance across UCT and
TUP interventions is quite poor. TUP interventions target households with 69% higher consumption and in higher income countries, they are 64pp less likely to be in Africa, transfers
last 9 months longer, and the programs took place 4 years earlier. However, TUP and UCT
estimates are not significantly different in years since last transfer, and transfer sizes are
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Table 7: Balance: Multifaceted graduation programs

Panel A: No controls
TUP

log baseline
consumption

log GDP
per
capita

Africa

Transfer Year of
duration
last
(years) transfer

Years
log
since last transfer
transfer
size

(1)

(2)

(3)

(4)

(5)

(6)

(7)

0.692
(0.253)
[0.010]

0.421
(0.271)
[0.128]

-0.644
(0.167)
[0.000]

0.774
(0.335)
[0.027]

-3.88
(1.57)
[0.018]

1.139
(0.851)
[0.189]

0.179
(0.268)
[0.509]

0.498
(0.262)
[0.067]

-0.301
(0.343)
[0.387]

-4.31
(1.14)
[0.001]

1.560
(0.993)
[0.125]

0.158
(0.455)
[0.731]

X
X
7.743
16
36

X
X
7.866
17
38

X
X
2012.79
17
38

X
X
2.081
17
38

X
X
6.732
17
38

Panel B: Controls
TUP

Controls
Africa
Transfer duration
Mean dep. var.
# of RCTs
# of observations

0.605
17
38

1.083
17
38

Notes: Columns 1 through 6 present regression coefficients, with robust standard errors clustered at the RCT-level in parentheses
and p-values in brackets.

similar.
We therefore also consider a specification that includes controls for an Africa indicator
and transfer duration. Conditional on these controls, TUP interventions continue to target
households that have significantly higher consumption, but the TUP coefficient decreases by
one third. However, the TUP coefficient for year of last transfer remains at 4 years earlier.
These differences highlight the challenges in comparing across interventions, and we interpret
differences in results with and without these controls included as a test of the robustness of
our results.

6.4 Results
Estimates of Equation 5 are presented in Table 8. In Panel A, we estimate the impacts of
TUP programs on consumption per unit of transfer relative to UCT programs. In Panel
B, we estimate the impacts of TUP programs on consumption per unit of cost relative to
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UCT programs. Columns 1 and 3 estimate differences between UCT and TUP programs,
Columns 2 and 4 allow for heterogeneity with respect to years since last transfer, while
Column 5 allows for heterogeneity with respect to TUP costs.
Table 8: Multifaceted graduation programs and persistence
(1)
(2)
Panel A: Effect on consumption per unit of transfer
β1 : TUP

0.111
(0.114)
{-0.122, 0.329}

β2 : TUP *
Years since last transfer

-0.056
(0.170)
{-0.401, 0.273}

(3)

(4)

(5)

0.464
(0.170)
{ 0.116, 0.789}

0.324
(0.193)
{-0.070, 0.693}

0.099
(0.129)
{-0.160, 0.350}

0.078
(0.056)
{-0.032, 0.190}

0.090
(0.050)
{-0.007, 0.190}

β3 : TUP * (Cost per
unit of transfer ≥4)
στ : Std. dev. of effects

0.031
(0.165)
{-0.302, 0.349}
0.277
(0.060)
{0.171, 0.409}

0.280
(0.064)
{0.168, 0.419}

0.235
(0.057)
{0.136, 0.362}

0.223
(0.059)
{0.123, 0.354}

0.283
(0.063)
{0.173, 0.419}

-0.018
(0.062)
{-0.152, 0.094}

-0.130
(0.068)
{-0.279, -0.008}

-0.089
(0.059)
{-0.205, 0.028}

Panel B: Effect on consumption per unit of cost
β1 : TUP

-0.150
(0.054)
{-0.258, -0.045}

β2 : TUP *
Years since last transfer

-0.317
(0.077)
{-0.473, -0.170}
0.082
(0.028)
{ 0.027, 0.138}

0.076
(0.022)
{ 0.033, 0.122}

β3 : TUP * (Cost per
unit of transfer ≥4)
στ : Std. dev. of effects
Controls
Years since last transfer
Africa
Transfer duration
# of RCTs
# of observations

-0.130
(0.062)
{-0.258, -0.013}
0.123
(0.027)
{0.077, 0.183}

0.114
(0.024)
{0.075, 0.166}
X

17
38

17
38

0.070
(0.030)
{0.015, 0.135}

0.056
(0.025)
{0.010, 0.110}

0.116
(0.026)
{0.073, 0.173}

X
X
17
38

X
X
X
17
38

17
38

Notes: Estimates of the model of impacts of UCT and TUP interventions on household consumption per unit of transfer or per
unit of cost in Equation 5 are presented in this table. Columns 1 through 5 report Bayesian posterior means of each parameter,
with posterior standard deviations in parentheses and 95% credible intervals in curly brackets.

First, in Column 1 of Panel A, we compare the effects of TUP and UCT on consumption
per unit of transfer across our sample. Consistent with our estimates in Table 2, TUP have
a 0.11 larger impact on consumption per unit of transfer than UCT. However, 95% credible
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interval for the difference includes zero. In Column 3 of Panel A, with controls included, the
estimate increases to 0.46, and the 95% credible interval now excludes zero. We interpret
these results as evidence that TUP interventions generate larger increases in consumption
per unit of transfer than UCT, suggesting that the impact of TUP on consumption cannot
be fully explained by the value of the included cash and asset transfers.
Second, in Columns 1 and 3 of Panel B, we compare the effects of TUP and UCT on
consumption per unit of cost. With and without controls, TUP programs decrease consumption by 0.02 and 0.15 per unit of cost, respectively, relative to UCT, with the latter 95%
credible interval excluding 0. In contrast to our results in the previous paragraph, these
results suggest complementary TUP interventions increase consumption less cost effectively
than basic transfers.
Third, in Columns 2 and 4, we interact the TUP indicator with years since last transfer,
to estimate how the effects of TUP change over time. Posterior mean estimates imply
effects of TUP on consumption per unit of transfer grow by 0.08 to 0.09 per year relative
to UCT, while effects on consumption per unit of cost grow by 0.08 per year relative to
UCT. These magnitudes are large — as reference, the 95% credible interval in our base
specification in Table 5 for the annual change in impacts on consumption per unit of transfer
for a 10% increase in UCT size was from -0.016 to 0.007. To interpret the implication of
these magnitudes for cost effectiveness, we ask how many years it would take the cumulative
effect of TUP on consumption per unit of cost to catch up with UCT. Despite these large
magnitudes, our estimates with and without controls imply TUP programs take 3.4 years
and 7.7 years, respectively, to catch up to the cumulative impacts of UCT on consumption
per unit of transfer.20 In contrast, the average TUP estimate in our sample is 2.6 years since
last transfer, highlighting the importance of additional long run estimates of the impacts of
20

Alternatively, in Appendix C, we use these results to calculate the internal rate of return on shifting
the average UCT to TUP as a function of the number of years we are willing to extrapolate our estimates to,
following Banerjee et al. (2015). Specifications with and without controls imply a 5 year IRR of -57% and
50%. In contrast, specifications with and without controls imply a 10-year IRR of 15% and 78%, although
these estimates extrapolate beyond the support of the majority of our sample.
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TUP on consumption in order to inform these comparisons.21
Fourth, in Column 5, we allow for heterogeneity in the impacts of high and low cost
TUP interventions. Our point estimates imply high and low cost TUP interventions have
approximately identical impacts on consumption per unit of transfer, while high cost TUP
interventions have much lower impacts on consumption per unit of cost. Restricting to low
cost TUP interventions, the gap in impacts on consumption per unit of cost between UCT
and TUP decreases by 41%. To visualize these relative magnitudes, we plot our estimates
from Column 5 in Figure 4. This Figure highlights that the reversal in sign of the relative
effect of TUP on impacts on consumption per unit of transfer and per unit of cost that we
observed in Columns 1 and 3 are driven by the much higher costs per unit of transfer of
TUP relative to UCT, and that differences in costs of implementation across TUP programs
are just as important as differences in costs between UCT and TUP.
Finally, we note that consumption is one of many outcomes a social planner may place
weight on when deciding whether to implement a given intervention instead of UCT. As
discussed in Section 1, we focus on consumption because of the tight link between theory
and the impacts of UCT, and because consumption is a common metric for success for many
development programs, including TUP. However, this does not disqualify extending this
exercise to benchmark the cost effectiveness of TUP in shifting other outcomes of interest,
including weighted averages of consumption and other outcomes. Our benchmarking exercise
for consumption impacts of TUP against UCT could then be interpreted as estimating the
effective “price”, in units of consumption impacts, of outcomes that TUP increases more
cost effectively than UCT.
21

In Appendix B.1, we show that our results on the effect of TUP and its interaction with years since
last transfer, relative to TUP, are robust to the exclusion of any individual RCT in our sample, with the
exception of Banerjee et al. (2020). In particular, the coefficient on the interaction between TUP and years
since last transfer shrinks to 0 when Banerjee et al. (2020) is excluded, further highlighting the importance
of additional long run estimates.
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Figure 4: Multifaceted graduation programs and program costs

Notes: Estimates of impacts of UCT and TUP interventions on consumption per unit of transfer or per unit of cost are presented
from this figure. Posterior mean estimates and 95% credible intervals on differences relative to UCT impacts are from the model
with estimates reported in Column 5 of Table 8.

7

Conclusion

In this paper, we innovate by providing theory and formal tests of the impacts of increasing intervention size on cost effectiveness, in the context of temporary unconditional cash
transfers (UCT). To implement these tests, we synthesize evidence from a deep literature
on the consumption impacts of UCT and TUP programs to provide point estimates for cost
effectiveness, external validity, and heterogeneity across contexts. This fills an important
gap in a large literature in development economics that has studied the potential of targeted
interventions to push households out of poverty. Existing work has documented the impacts
of both large and small interventions, increasing intervention scale, intervention type, and
complementarities across interventions, while focus on the dynamic impacts of increasing
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intervention size through increasing intensity or scope.
We produce three key results. First, we estimate that UCT increase household consumption by 0.35 per unit of transfer. Consistent with the homogeneity of the intervention
itself, these estimates are remarkably consistent across contexts compared to other development interventions, and therefore offer a useful benchmark for a broader set of interventions
in developing countries. In addition, these impacts are meaningfully more persistent than
comparable estimates from richer countries. Second, we find that increasing UCT intensity
(through transfer size) reduces cost effectiveness and does not affect persistence. We argue
these results are not consistent with predictions from a standard buffer stock model, but can
be explained by poverty traps or decreasing returns to scale. Third, we find that increasing
UCT scope (through adding complementary graduation program interventions in TUP) reduces cost effectiveness at commonly evaluated time horizons and increases persistence and
heterogeneity. This highlights the importance of context-specific estimates of the long run
impacts of TUP to inform policy.
These theoretical and empirical results on the impacts of increasing intervention size on
cost effectiveness discipline a debate on the need for “big push” interventions. In particular,
the presence of poverty traps alone does not justify increasing intervention size. Instead, the
distribution of poverty thresholds conditional on targeting is crucial. We note that there are
justifications for increasing intervention size beyond cost effectiveness — increasing transfer
size or providing complementary programs to the poorest households, for example, can be a
powerful tool for poverty reduction.
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Appendix A

Model appendix

0 (0)
Proof of Proposition 1 First, we rewrite τ0 (h) = c0 (h)−c
, omitting the argument ρ.
h
h
i
0 (0)
Taking derivatives yields τ00 (h) = h1 c00 (h) − c0 (h)−c
. As h is positive, the term inside the
h

brackets is strictly negative because c00 (h) is strictly decreasing by strict concavity of c0 (h).
It follows that τ00 (h) < 0.
Proof of Proposition 2

First, rewriting our definition of c1 (h), omitting the argument

ρ, we have c0 (h) +

= w0 + h +

1
c (h)
R 1

1
y.
R 1

Substituting h = 0, we can write c0 (h) −

c0 (0) + R1 (c1 (h) − c1 (0)) = h. Dividing by h yields τ0 (h) + R1 τ1 (h) = 1. Differentiating yields
τ10 (h) = −Rτ00 (h), and therefore τ10 (h) > 0.
Proof of Proposition 2a We consider the following simplified and deterministic version
of Equation 2, with the introduction of decreasing returns to scale.
c0 (h) ≡ arg max log c0 + β log ρ(w0 + h − c0 )α
c0

where α < 1 introduces decreasing returns to scale. Differentiating the objective function
with respect to c0 yields a closed form solution for the household’s consumption functions.

(c0 (h), c1 (h)) =

1
(w0 + h), ρ
1 + βα



βα
1 + βα

α

α



(w0 + h)

Taking second derivatives of the consumption functions yields
(c000 (h), c001 (h))


=


0, −ρα(1 − α)

βα
1 + βα

α

−(2−α)



(w0 + h)

Note that c001 (h) = 0 when α = 1, and c001 (h) < 0 when 0 < α < 1. Noting as above that
RhRm
τt0 (h) = h12 0 0 c00t (n)dndm, this implies that τ00 (h) = τ10 (h) = 0 when α = 1, and τ00 (h) = 0
and τ10 (h) < 0 when 0 < α < 1. Therefore, introducing decreasing returns to scale decreases
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the effect of transfer size on the future period impacts of UCT on consumption per unit of
transfer.
Proof of Proposition 2b

We consider the following simplified and deterministic version

of Equation 2, where the household has a lumpy investment technology.
c0 (h) ≡ arg max log c0 + β log (y1 + 1{w0 + h − c0 ≥ s∗ }ρs∗ )
c0

If the household saves anything less than s∗ , they receive 0 in period 1, but if the household
saves at least s∗ , they receive ρs∗ in period 1. It is therefore always optimal for the household
to either save 0 (since they’ll receive 0 even if they save more, but less than s∗ ) or s∗ (since
they’ll receive ρs∗ even if they save more). As a result, the household’s behavior can be
summarized by a threshold h∗ – the household saves s∗ if and only if h is above h∗ . This
yields the consumption functions
(c0 (h), c1 (h)) = (w0 + h − 1{h ≥ h∗ }s∗ , y1 + 1{h ≥ h∗ }ρs∗ )
The threshold h∗ is determined by the household’s indifference between saving 0 and
saving s∗ , that is
log(w0 + h∗ ) + β log y1 = log(w0 + h∗ − s∗ ) + β log(y1 + ρs∗ )
Solving for the threshold yields

h∗ = −w0 + 

1+

1+

ρs∗
y1

ρs∗
y1

β

β

s∗
−1

Next, let the expectation operator E denote the expectation across households, which vary in
their resources (w0 , y1 ). The consumption functions c0 and c1 are now random variables, as
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is the threshold h∗ . Assume the resources (w0 , y1 ) are continuously distributed with convex
support, yielding a continuous distribution with convex support for h∗ , and let f and F
denote the density and cumulative distribution function, respectively, of h∗ . We can now
write
(E [c0 (h)] , E [c1 (h)]) = (E [w0 ] + h − F (h)s∗ , E [y1 ] + F (h)ρs∗ )
Taking second derivatives yields

d2
Ec0 (h)
dh2

= −f 0 (h)s∗ and

d2
Ec1 (h)
dh2

= f 0 (h)ρs∗ . Substi-

tuting these expressions into Eτ0 (h) and Eτ1 (h) completes the proof.
Proof of Proposition 3

We consider the following simplified and deterministic version

of Equation 2.
c1−η
(ρ(w0 + h − c0 ) + y1 )1−η
c0 (h, ρ) ≡ arg max 0
+β
c0 1 − η
1−η
This problem is equivalent to CES preferences over consumption in period 0 and consumption
in period 1, with the budget constraint c0 + ρ1 c1 = w0 + h + ρ1 y1 , which has a well known
solution.

(c0 (h, ρ), c1 (h, ρ)) =

1
1 + ρ(1/η)−1 β 1/η






1
ρ1/η β 1/η
1
w0 + h + y1 ,
w0 + h + y1
ρ
1 + ρ(1/η)−1 β 1/η
ρ

d c0
Differentiating with respect to h and ρ yields Sign( dρdh
) = Sign(1 − η) and
2

Appendix B

d2 c1
dρdh

> 0.

Results appendix

Appendix B.1 Leave one RCT out estimates
We consider the robustness of our results to the set of included studies by replicating our
analysis excluding one RCT. We implement this robustness check for 6 estimates that we
discuss at length: 1) the mean effect of UCT on consumption per unit of transfer, from
Column 5 of Panel A of Table 2, 2) the standard deviation of effects of UCT on consumption
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per unit of transfer, from Column 5 of Panel A of Table 2, 3) the effect of increasing log
transfer size on UCT impacts on consumption per unit of transfer, from Column 1 of Table
5, 4) the interaction effect of increasing log transfer size and years since last transfer on
UCT impacts on consumption per unit of transfer, from Column 2 of Table 5, 5) the effect
of TUP on consumption per unit of cost relative to UCT, from Column 1 of Panel B of
Table 8, and 6) the interaction effect of TUP relative to UCT and increasing years since last
transfer, from Column 2 of Panel B of Table 8. In Figure A1, we present posterior means
and 95% credible intervals for each of these parameters leaving out each RCT, and compare
to posterior means and credible intervals with all RCTs included.
Figure A1: Leave one RCT out estimates

Notes: Posterior means and 95% credible intervals for pararmeters are presented in this figure. “Base” estimates including
the full sample of RCTs are in purple, while estimates excluding individual RCTs are in black (with each row of the figure
corresponding to a particular excluded RCT). Each of the columns of the figure corresponds to a particular parameter, and
headers contain a description of the parameter (along with the Table and Column in which the estimates of the parameter are
reported).

We note that our results in general (and in particular the qualitative patterns we describe
in the paper) change very little with the exclusion of any individual study, but we note two
exceptions to this. First, we lose substantial precision for our estimate of the interaction effect
of increasing log transfer size and years since last transfer on UCT impacts on consumption
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per unit of transfer when we exclude Haushofer & Shapiro (2016, 2018) — this is because this
RCT contains both relatively precise estimates, and contributes a large share of variation in
the interaction. However, excluding it makes the posterior mean estimate somewhat more
negative, while we show in Section 4.1 that a conventional buffer stock model generates the
prediction that this coefficient should be positive. Second, excluding Banerjee et al. (2020)
causes our estimate of the interaction effect of TUP relative to UCT and increasing years
since last transfer to drop substantially, with the posterior mean estimate becoming negative.
This is the only case where the 95% credible interval when we exclude a single RCT no longer
includes the posterior mean estimate with the full sample. This is because, as seen in Figure
1, Banerjee et al. (2020) precisely estimate very long run impacts of TUP in India, and these
estimates are meaningfully larger than their shorter run estimates. This supports our claim
in Section 6.4 that there is a particularly high value to additional long run estimates of UCT
and TUP across multiple contexts in determining the cost effectiveness of TUP at increasing
consumption relative to UCT.

Appendix B.2 Transfer size and persistence per unit of cost
Our theory and empirics on the role of transfer size in determining the dynamic impacts of
UCT on consumption in Section 4 put limited focus on the distinction between transfer size
and cost. In practice, this is because transfers represent the dominant share of costs of UCT;
as noted in Table 1, the average UCT intervention in our sample delivers 1 unit of transfer for
every 1.18 units of cost. However, as shown in Table 4, larger transfers have systematically
lower costs per unit of transfer, as much of the cost of delivering UCT is fixed overhead.
Therefore, although our estimates in Table 5 show that effects on consumption per unit of
transfer are decreasing in transfer size, this does not guarantee that effects on consumption
per unit of cost should also decrease in transfer size. In Table A1, we therefore replicate
our analysis in Table 5, but use effects on consumption per unit of cost as our outcome of
interest instead of effects on consumption per unit of transfer. Although coefficients on log
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transfer size decrease in magnitude, we still find that effects on consumption per unit of cost
are significantly decreasing in transfer size.
Table A1: Transfer size and persistence per unit of cost
Effect on consumption
per unit of cost
β1 : Years since last transfer

β2 : log transfer size

(1)
-0.021
(0.015)
{-0.051, 0.007}

(2)
0.200
(0.318)
{-0.380, 0.881}

(3)
-0.015
(0.017)
{-0.047, 0.017}

(4)
0.250
(0.339)
{-0.369, 0.977}

(5)
-0.030
(0.033)
{-0.097, 0.032}

(6)
0.032
(0.493)
{-0.907, 1.067}

-0.100
(0.042)
{-0.183, -0.019}

-0.078
(0.055)
{-0.184, 0.034}

-0.082
(0.047)
{-0.174, 0.012}

-0.051
-0.153
(0.064)
(0.074)
{-0.171, 0.080} {-0.299, -0.008}

-0.142
(0.114)
{-0.362, 0.095}

0.043
(0.037)
{0.003, 0.140}

-0.032
(0.046)
{-0.132, 0.052}
0.053
(0.045)
{0.003, 0.167}

0.049
(0.043)
{0.003, 0.159}

-0.039
(0.049)
{-0.145, 0.051}
0.060
(0.049)
{0.003, 0.185}

0.063
(0.054)
{0.003, 0.199}

-0.009
(0.070)
{-0.158, 0.124}
0.080
(0.067)
{0.004, 0.250}

X

X

7
18

7
18

X
5
16

X
5
16

β3 : Years since last transfer *
log transfer size
στ : Std. dev. of effects
Controls
Transfer duration
RCT fixed effects
# of RCTs
# of observations

7
18

7
18

Notes: Estimates of the model of impacts of UCT interventions on household consumption per unit of cost in Equation 3 are
presented in this table. Columns 1 through 6 report Bayesian posterior means of each parameter, with posterior standard
deviations in parentheses and 95% credible intervals in curly brackets.

Appendix C

Internal rate of return

To summarize the relative cost effectiveness of TUP, we calculate the internal rate of return
for shifting a UCT intervention to TUP using our estimates in Columns 2 and 4 of Panel B
in Table 8. Specifically, we solve
Z
0

T



1
1 + IRR/100

t
(β1 + β2 t)dt = 0

for the internal rate of return (IRR), where β1 and β2 are the impacts of TUP and TUP
* Years since last transfer, respectively, on the intervention effect on consumption per unit
of cost. The parameter T governs the number of years since last transfer to which we
extrapolate. We plot internal rates of return using our estimates from Column 2 (with no
controls) and Column 4 (with controls) at a range of time horizons in Figure A2.
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Figure A2: Internal rate of return of shifting UCT to TUP

Appendix D Power and optimal experimental designs
Two of our primary findings highlight the importance of increasing the statistical power of
future work — for transfer size, we fail to reject that larger UCT do not have differentially
persistent impacts on consumption, and for complementary interventions, we find evidence
of significant heterogeneity in the impacts of TUP relative to UCT across contexts. To
improve precision in future work, we derive optimal experimental designs for estimating
the cost effectiveness of increasing intervention size through either transfer size or adding
complementary interventions. In addition, we produce a dashboard for implementing power
calculations for researchers implementing experiments to compare cost effectiveness across
interventions of different sizes.22
22

The dashboard is available at https://datanalytics.worldbank.org/connect/#/apps/759.
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Appendix D.1

Intervention intensity

We now consider the problem of a researcher who is designing an experiment to estimate
heterogeneity of impacts of cash transfers per unit of transfer with respect to transfer size.
This general problem of optimal design when the researcher is interested in estimating a
nonlinear model has been studied in the statistics literature (Fedorov & Leonov, 2013), and
our problem is a special case of estimating a nonlinear dose-response function. We consider a
highly tractable version of the problem where the researcher has a linear null hypothesis and
a nesting alternative hypothesis that includes a nonlinear function of cash transfer size in a
linear model, and we restrict the researcher to only use two different cash transfer sizes in
their experimental design to test the null. This version of the problem is empirically relevant,
as the studies in this metaänalysis with multiple cash transfer sizes all used between 2 and
4 different transfer sizes, and any published tests for nonlinearities in these studies took this
form.
We begin with a version of the model we estimate in Section 4.3, where we allow the
impact of cash transfers per unit of transfer to vary by transfer size, although to simplify the
analysis we assume the researcher has access to only a single cross section. For concreteness,
we suppose throughout this section that the researcher is interested in consumption as an
outcome. Letting τa be the average treatment effect on consumption of cash transfer a per
unit of transfer, and Sizea be the size of the cash transfer, we assume

τa = β1 + β2 f (Sizea )

(A1)

for known non-constant f . Multiplying by Sizea implies the following model of household
consumption, where Yi is the consumption of household i
Yi = β0 + β1 Sizea(i) + β2 Sizea(i) f (Sizea(i) ) + i
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where a(i) is the cash transfer received by household i. When Sizea(i) is randomly assigned
across households and Equation A1 holds, then i is a mean 0 error conditional on Sizea(i) ,
with conditional variance σ2 (Sizea(i) ).23
As the average treatment effect of a cash transfer of size Sizea , τa , is not directly observed,
the researcher runs an experiment in which N0 households are randomly assigned to a control
group, N1 households are randomly assigned to receive a cash transfer of size Size1 , and N2
households are randomly assigned to receive a cash transfer of size Size2 ; assume without
loss of generality that Size2 > Size1 . The researcher is primarily interested in estimating
β2 ; rejecting the null that β2 = 0 would correspond to a rejection of a linear model of the
impacts of cash transfers. To estimate β2 , the researcher estimates Equation A2 by least
squares, yielding the least squares estimator β̂2 of β2 .
The researcher is interested in maximizing their precision to test for the presence of
nonlinearities, so they select the number of observations assigned to each arm and the size of
cash transfers, (N0 , N1 , N2 , Size1 , Size2 ), in order to minimize the variance of their estimator
of nonlinearities, Var[β̂2 ]. We solve this problem in three steps. First, we calculate the
variance of this estimator. Second, we solve for the optimal number of households assigned
to each treatment arm conditional on the choice of cash transfer sizes and the total number
of observations. Third, we provide results on the optimal cash transfer sizes.
To begin, we derive the variance of the least squares estimator of nonlinearities in the
impacts of cash transfers on consumption, β̂2 . First, we write β̂2 as a function of the average
outcome in each of the three treatment arms. Letting Y a be the average consumption of
23

To interpret this conditional variance, let Yi (s) denote individual i’s outcome when assigned a cash
transfer of size s. Then σ2 (s) − σ2 (0) = Var [Yi (s) − Yi (0)] + Cov(Yi (s) − Yi (0), Yi (0)), where variances are
taken across individuals. Therefore, larger variances of treatment effects and larger covariances of treatment
effects with baseline outcomes are associated with increasing conditional variance of the average outcome
with respect to transfer size.
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households assigned to treatment arm a,

β̂2 =

1
1
Y2−
Y1
Size2 (f (Size2 ) − f (Size1 ))
Size1 (f (Size2 ) − f (Size1 ))
Size2 − Size1
+
Y 0 (A3)
Size1 Size2 (f (Size2 ) − f (Size1 ))

Taking the variance of both sides, we derive the variance of β̂2 .
Var[β̂2 ] =

σ2 (Size1 )
σ2 (Size2 )
+
N2 Size22 (f (Size2 ) − f (Size1 ))2 N1 Size21 (f (Size2 ) − f (Size1 ))2
σ2 (0) (Size2 − Size1 )2
(A4)
+
N0 Size21 Size22 (f (Size2 ) − f (Size1 ))2

Next, we consider the optimal choice of (N0 , N1 , N2 ) conditional on (Size1 , Size2 , N0 +
N1 + N2 ). This corresponds to a common evaluation problem, where the researcher does
not have control over the sizes of cash transfers, and faces a budget constraint limiting the
total number of observations. Taking the first order conditions of the minimization problem
subject to the constraint that N0 + N1 + N2 ≤ N yields the following optimal choices of
assignments
(N0∗ , N1∗ , N2∗ ) ∝ (σ (0)(Size2 − Size1 ), σ (Size1 )Size2 , σ (Size2 )Size1 )

(A5)

We make a few observations about these optimal choices. First, the assumed f does not
matter for the optimal design — this is because, conditional on f , Size1 , and Size2 , β2 is
linear in the difference between estimated impacts per unit of transfer of the small and the
large cash transfer, so the optimal design minimizes the variance of this difference. Second,
when errors are homoskedastic (so σ (s) = σ ), and the smaller transfer is half the size of the
larger transfer (so Size2 = 2Size1 ), these yield observations assigned to control, the smaller
cash transfer, and the larger cash transfer in the ratio 1:2:1. Third, more observations are
assigned to cash transfer arms when the variance of errors is larger for individuals assigned
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to that arm. For example, if the variance of consumption were larger across households
who receive a large cash transfer, this would suggest assigning relatively more individuals
to larger cash transfers. Fourth, when the larger cash transfer is much larger than the
smaller cash transfer, the rule assigns very few individuals to the large cash transfer. This
highlights that, when a much larger cash transfer is an option, relatively few individuals
may need to be added to the larger cash transfer arm to precisely estimate nonlinearities.
Fifth, the average cash transfer distributed, that is,

N2∗ Size2 +N1∗ Size1
,
N

is approximately Size1

when errors are homoskedastic and Size2 is large. This is because the optimal rule allocates
proportionately fewer observations to the larger cash transfer as the larger cash transfer
increases in size. Therefore, increasing the size of the larger cash transfer may not have large
budget implications when the implementer is constrained.
Lastly, we consider properties of the variance of the estimator of nonlinearities with
respect to transfer size under the optimal assignment. Substituting (N0∗ , N1∗ , N2∗ ) into Equation A4 yields the following expression for the variance of this estimator under the optimal
assignment, which we denote Var∗ [β̂2 ].

N Var∗ [β̂2 ] =

i2
h
Size2
(σ (0) + σ (Size1 )) Size1 + (σ (Size2 ) − σ (0))

(A6)

Size22 (f (Size2 ) − f (Size1 ))2

We make two observations about this variance, considering the case when the variance of
errors is homoskedastic and not affected by transfer size (so σ (s) = σ ), as similar results
hold with sufficient restrictions on heteroskedasticity. In addition, we assume f (s) = sα , so α
is the elasticity of the impacts of cash transfers on consumption per unit of transfer to transfer
size relative to the impacts of a small transfer — although this is not a realistic model, it is
useful to build intuition.24 First, power to detect nonlinearities is increasing in transfer size
(holding fixed the relative size of the larger cash transfer) if and only if α > −1. For negative
α, Equation A1 imposes that for sufficiently large transfer sizes, the impacts of cash transfers
24

Under these assumptions, the above expression simplifies to N Var∗ [β̂2 ] = σ2 Size−2−2α
1
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per unit of consumption approach a constant β1 . When this happens sufficiently quickly,
comparing two relatively large cash transfers will not be informative about nonlinearities,
as the differences in impacts of these two cash transfers will be very similar. Second, power
to detect nonlinearities is increasing in the relative size of the larger cash transfer. This is
driven by two factors. First, by assumption, the difference in the impact of the larger cash
transfer and the smaller cash transfer, expressed per unit of transfer, is increasing in the
size of the larger cash transfer, holding fixed the size of the smaller cash transfer. Second,
increasing the size of the larger cash transfer also increases the precision with which the
impact of the larger cash transfer per unit of transfer can be estimated. Both of these forces
cause power to be increasing in the relative size of the larger cash transfer. As the optimal
budget distributed through cash transfers, expressed as a function of the relative size of the
larger cash transfer, is bounded, these results suggest that increasing the relative size of the
larger cash transfer may be a relatively low cost approach to increasing the power to detect
nonlinearities in the impacts of cash transfers on household consumption.

Appendix D.2

Intervention scope

We next consider the problem of a researcher who is designing an experiment with two sets
of objectives: to estimate the impacts of two given interventions on household consumption,
and to estimate the differences in the cost effectiveness of these interventions at increasing
household consumption. We refer to these two interventions as UCT and TUP, but we
consider this a placeholder for the interventions of interest to the researcher.
Similar to Appendix D.1, the researcher runs an experiment in which N0 households are
randomly assigned to a control group, NU CT households are randomly assigned to receive a
cash transfer, and NT U P households are randomly assigned to receive TUP. We denote, for
notational consistency with Appendix D.1, the cost of the cash transfer arm with SizeU CT ,
and the cost of TUP with SizeT U P . The researcher then estimates the following model of
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household consumption, where Yi is the consumption of household i
Yi = β0 + βU CT UCTi + βT U P TUPi + i

(A7)

where UCTi and TUPi are indicators that the household was assigned to receive a cash
transfer and assigned to receive TUP, respectively. We assume i is a mean 0 error conditional on assignment, and because assignment is random we can interpret βU CT and βT U P
as the average treatment effects of the cash transfer and of TUP, respectively. To simplify
discussion, we assume the variance of i conditional on assignment is σ2 , but as in Appendix
D.1 this is straightforward to generalize. The researcher estimates Equation A7 by least
squares, yielding the least squares estimator β̂ of β.
As stated above, the researcher is interested in three estimands of interest. The first
and second are the average treatment effects of UCT and TUP per unit of cost, which are
estimated by β̂U CT /SizeU CT and β̂T U P /SizeT U P , respectively. The third is the difference
in the cost effectiveness of UCT and TUP at increasing household consumption, which
is estimated by β̂T U P /SizeT U P − β̂U CT /SizeU CT . Letting Y a be the average consumption
of households assigned to treatment arm a, for a ∈ {0, U CT, T U P }, note that β̂U CT =
Y U CT − Y 0 and β̂T U P = Y T U P − Y 0 . Substituting and applying variance formulas yields the
following formula for the variance of the two estimators of interest.
"

#

 2

σ
β̂U CT
1
σ2
Var
=
+
(A8)
SizeU CT
N0
Size2U CT NU CT
"
#
 2

β̂T U P
1
σ
σ2
Var
=
+
(A9)
SizeT U P
N0
Size2T U P NT U P
"
#
β̂T U P
β̂U CT
1
σ2
1
σ2
(SizeU CT − SizeT U P )2 σ2
Var
−
=
+
+
SizeT U P
SizeU CT
N0
Size2T U P NT U P
Size2U CT NU CT
Size2U CT Size2T U P
(A10)
As the researcher is interested in the average treatment effect of UCT, the average treat-
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ment effect of TUP, and also the difference in the cost effectiveness of UCT and TUP, the
researcher wishes to minimize the weighted sum of these variances. The researcher faces a
constraint on the number of observations, N0 + NU CT + NT U P ≤ N . The researcher therefore
solves
"

β̂U CT
min
αU CT Var
N0 ,NU CT ,NT U P
SizeU CT
+(1 − αU CT

#

"

β̂T U P
+ αT U P Var
SizeT U P

#



SizeT U P
− αT U P )Var β̂T U P −
β̂U CT
SizeU CT

(A11)

N0 + NU CT + NT U P ≤ N
where αU CT and αT U P is the weight the researcher places on the variance of the estimated
average treatment effect of UCT and TUP, respectively, and 1 − αU CT − αT U P is the weight
the researcher places on the variance of the cost effectiveness of TUP relative to UCT.
We then take the first order conditions of this minimization problem subject to the
constraint that N0 + NU CT + NT U P ≤ N . Letting A ≡ SizeT U P /SizeU CT , yields the following
optimal choices of assignments

(N0∗ , NU∗ CT , NT∗ U P ) ∝
r
αU CT A + αT U P A−1 + (1 − αU CT − αT U P )

√

A−

√

A−1

2

,
!

p

(1 − αT U P )A,

p

(1 − αU CT )A−1

(A12)

We make a few observations about these optimal choices. First, when the researcher only
cares about the cost effectiveness of TUP relative to UCT (e.g., the researcher is interested
in which intervention is optimal to scale up), and the UCT and TUP are the same cost (so
A = 1), then the optimal design assigns no observations to control, as the estimator of the
difference in cost effectiveness is proportional to the difference in means of the groups assigned
to TUP and UCT. However, when UCT and TUP are difference costs, a control group is
64

appendix
necessary so the effects of UCT and TUP can each be estimated and then standardized by
their costs. Second, when UCT and TUP are equal size, the common design of assigning 1/3
of observations to each arm is justified by weights of αU CT = αT U P = 1−αU CT −αT U P = 1/3
— that is, when the researcher puts equal weight on minimizing the variance of each of the
three estimators. However, in many cases, we would anticipate the average treatment effect of
either UCT or TUP to be larger than the difference in their effects, meaning additional weight
is needed on the variance of the difference in cost effectiveness — in general, this motivates
a design with fewer observations assigned to control. In contrast, when the researcher does
not care about the cost effectiveness of TUP relative to UCT but only about the effects of
each individual intervention, this motivates a design with additional observations assigned
to control.
Lastly, we consider properties of the minimized weighted sum of the variances of the
estimators of the cost effectiveness of UCT, the cost effectiveness of TUP, and the difference
in cost effectiveness of UCT and TUP evaluated at the optimal design, which we denote V ∗ .
Specifically, we substitute (N0∗ , NU∗ CT , NT∗ U P ) into the minimand Equation A11. This yields
1
NV =
SizeU CT SizeT U P
∗

r
αU CT A + αT U P

A−1

+ (1 − αU CT − αT U P )

√

A−

√

A−1

!2
p
p
+ (1 − αT U P )A + (1 − αU CT )A−1

2

(A13)

Here, we note that, an increase in either SizeU CT or SizeT U P will always decrease V ∗ —
intuitively, cost effectiveness is more precisely estimated with larger interventions. Note that
this guidance does not necessarily imply that these estimates will be higher powered for
larger interventions, as changing the size of interventions may also change their impacts.
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