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Abstract: We use data from a quasi-experimental impact evaluation of the Livelihood Empowerment 

Against Poverty (LEAP) programme, one of Ghana’s largest social protection initiatives, providing 

unconditional cash transfers and free enrolment in the National Health Insurance Scheme to extremely 

poor households in rural areas. Implementation of the programme was inconsistent during the study 

period, as LEAP households did not receive a steady flow of predictable cash with which to smooth 

consumption. Impact results from the evaluation are consistent with behaviour suggesting that the 

programme did not lead to a perceived increase in permanent income. While LEAP did not lead to an 

increase in consumption, there are significant impacts in the reduction of the amount of debt held and 

the increase in loan repayments. We also find what appears to be an important risk reduction strategy 

among households – the re-engagement with informal social networks. This pattern of impacts is 

probably due to the uncertain and lumpy payments from LEAP which enabled households to have 

enough capital on hand to make such ‘investments’, suggesting that rather than crowding out informal 

safety nets, LEAP actually led to ‘crowding in’, allowing beneficiary households to re-establish and re-

engage in local systems of risk reduction and protection. 
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1. INTRODUCTION 

Understanding how household consumption, investment and saving decisions respond to transfer 

income is critical to public policy. Classic saving and consumption theories, like Friedman’s Permanent 

Income Hypothesis (PIH) suggest that saving and spending behaviour should be based on expectations 

for lifetime earnings and not be affected by transitory income shocks. However, in the presence of 

imperfect markets, precautionary savings and liquidity constraints may allow departures from the PIH. 

Other scholars have proposed that agents use “mental accounts” that cause saving and spending 

behaviour to diverge from the patterns predicted by the PIH (Thaler, 1990), so that timing and 

expected duration of shocks can also contribute to determining household consumption. For instance 

individuals may treat income received as a lump sum differently to income received in multiple smaller 

payments. Specifically, lump-sum payments are more likely to be saved or used to pay down debt. 

Landsberger (1996) found that the marginal propensity to consume falls with increasing windfall 

income while Chambers and Spencer (2008) determined that individuals spend less and save more 

from lump-sum tax refunds than monthly reductions in withholding (tax retention). Individuals are also 

more likely to make investments and/or pay down debt with a lump-sum tax refund.  

In developing countries, saving or otherwise investing in the future is difficult for poor households 

which often struggle to meet basic expenses, while high debt burdens are also obstacles to saving. 

However, cash transfers (CTs) offered by government programmes may provide opportunities for 

saving or investment. Depending on their attitude towards risk and debt, households may choose to 

either save more or reduce inefficient precautionary savings as they rely on the transfers as a form of 

insurance. Although the evidence is scant, four studies reviewed by the Independent Evaluation Group 

(2011) demonstrated that households receiving conditional CTs were more likely to save and had a 

higher borrowing capacity, and a recent study of an unconditional cash programme in Zambia finds a 

similar result (Daidone, Davis, Dewbre, González-Flores, et al., 2014). Meanwhile, there is clear 

evidence that predictable cash transfers targeted to poor families in developing countries generate 

immediate increases in consumption (Hoddinot and Skoufias, 2004; Kenya CT-OVC Evaluation Team, 

2012; Handa, Seidenfeld, et al., 2014). 

Poor households in rural areas of developing countries typically manage risk via informal exchanges or 

transfers among extended family, friends and neighbours (Angelucci and De Giorgi, 2009). Remittances 

from household members working from abroad and informal transfers from the community are a 

critical source of support to cope with risks. A potential consequence of any public provision of a safety 

net like a CT is that it can crowd out the traditional, informal ways in which people help each other. 

Evidence on this aspect is mixed. In Mexico, Albarran and Attanasio (2003) found that after six months 

the PROGRESA programme crowded out private transfers to beneficiary households, but this effect 

disappeared after 19 months (Teruel and Davis, 2000). In Ethiopia, Gilligan et al. (2009) found that the 

Ethiopia PSNP programme modestly crowded out private transfers when payments were regular and 

reduced private transfers when the payments were irregular, although in a separate study Berhane et 

al. (2011) found that PSNP did not have adverse impacts on private transfers. In Malawi, Covarrubias 

et al. (2012) found that private transfers to cash transfer beneficiaries decreased by 32 per cent, the 

decline coming mostly from a decline in cash and in-kind gifts from friends and family rather than from 
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remittances. Daidone, Davis, Dewbre, and Covarrubias (2014) found in Lesotho that unconditional cash 

transfers crowded out remittances from household members working abroad, but crowded in informal 

transfer from the community, particularly in terms of food. On the other hand 

American Institutes for Research (2015) do not find any evidence of crowding out in the Zambia 

Multiple Category Targeted Programme. 

In this paper, we analyse the Livelihood Empowerment Against Poverty (LEAP), the flagship 

programme of Ghana’s National Social Policy Strategy (NSPS) which began in 2006. LEAP aims to use 

CTs “to cushion the poor and encourage them to seek capacity development and other empowering 

objectives thus helping them leap out of poverty” (Ministry of Manpower, Youth and Employment, 

2010). The primary goals of the programme are twofold: i) to alleviate short-term poverty by delivering 

direct cash payments; ii) to push long-term human capital development, by providing health insurance 

and encouraging school enrolment. 

LEAP households received between 8-15 new cedis (GH¢) per month depending on eligible 

beneficiaries per household. The payment structure was tripled in 2012 but commenced only after this 

evaluation study was completed. Further details on the programme and the targeting procedure can 

be found in Park et al. (2012) and Handa and Park (2011). Compared to other social CTs, a unique 

feature of LEAP is that aside from cash payments, beneficiaries are provided free health insurance 

through the National Health Insurance Scheme (NHIS). 

During the time period of the evaluation payments to beneficiaries were sporadic with frequent delays 

and back payments. In the 24-month window of the evaluation recipients received a total of 20 

months’ worth of transfers, and in the six months just prior to follow-up, several large double 

payments were made, and a triple payment was made just a few months prior to the follow-up survey 

itself. Consequently, households did not receive small, periodic and predictable cash payments but 

rather unpredictable, large lump-sum payments. A qualitative assessment of LEAP examined the 

impact of the programme on the household, local economy, and social networks 

(Oxford Policy Management, 2013). Two key results emerged: 1) LEAP beneficiaries gained greater 

creditworthiness through increased trust to repay and were able to avoid taking additional credit for 

fear of debt; 2) The LEAP transfer improved beneficiary inclusion in existing social networks, like 

religious and social gatherings and community decision making, through greater self-esteem, visibility 

and raised social status. The programme enabled beneficiaries to re-enter contribution-based social 

networks including extended family risk-sharing arrangements, livelihood/labour farming groups and 

savings groups, strengthening the potential of these networks as agencies for change.  

Motivated by the community dynamics observed in the qualitative assessment of LEAP and the 

unpredictable and lumpy payments made by the programme during the evaluation period, the main 

interest of this paper is to assess within a quantitative framework the impact of LEAP on household 

risk reduction strategies via reintegration in, and strengthening of, social networks and reduction of 

debt exposure. We employ a longitudinal propensity score matching (PSM) design and compare 

programme beneficiaries from three regions in Ghana (Brong-Ahafo, Central and Volta) with a 
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matched comparison group that were also interviewed before the programme began and again two 

years later. 

The rest of the paper is organized as follows. Section 2 presents the analytical methods, with emphasis 

on empirical models and hypothesized relationships. The third section provides a discussion of the 

survey design and data collection methods. The main analytical results are presented and discussed in 

Section 4, followed by the conclusions in Section 5. 

2. STUDY DESIGN AND IDENTIFICATION 

2.1   The Evaluation Problem 

The objective of an impact evaluation is to attribute an observed impact to the programme 

intervention. Specifically in this paper we seek to answer the question: “How would LEAP beneficiaries 

have fared without the programme?” An impact evaluation is essentially a missing data problem, as it 

is impossible to observe a household both participating in the programme and not participating. Let Di 

denote a dummy variable equal to one if a household takes part in the LEAP programme and equal to 

zero otherwise. Similarly, let Yi denote an outcome of interest such that potential outcomes are 

defined as Yi(Di) for every household. We formalize the treatment effect of the programme for 

household i, τi, as the change in the outcome caused by LEAP: 

τi = Yi(1) - Yi(0) (1) 

Since only one outcome is observable, the counterfactual component in equation (1) is unknown. The 

implications are twofold. First, the success of any impact evaluation relies crucially on identifying a 

valid counterfactual. And second, it is not possible to measure unit-specific treatment effects, but 

rather average treatment effects (ATEs) incorporating information from the counterfactual. The most 

direct way of ensuring a comparable control group is via an experimental design, in which eligible 

households are randomly allocated between control and treatment groups. This guarantees that the 

treatment status is uncorrelated with other (observable and unobservable) variables, and as a result 

the potential outcomes will be statistically independent of treatment status. Under these conditions, 

the ATE can be identified simply as the mean difference in outcomes between the two groups: 

E(τ) = ATE = E[Y(1)] – [Y(0)] (2) 

The parameter of interest in our case is the average treatment effect on the treated (ATT), which 

measures the average impact of the cash transfer programme on recipients. This is defined as: 

 ATT = E[τ| D=1] = E[(Y(1)|D=1] – E[Y(0) | D=1] (3) 

In an experimental framework the ATE equals the ATT. However, as we describe below, our study is 

based on a quasi-experimental (QE) design, so that ATE and ATT differ. In a QE framework, using the 

mean outcome of untreated individuals, E[Y(0) | D=0] as the counterfactual runs the risk of comparing 
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apples with oranges if there is selection bias. In our context LEAP is a supply driven programme and 

take-up is universal so household heterogeneity related to programme participation (selectivity bias) is 

not likely to be a major concern. Rather, the main statistical challenge is identifying a sufficient number 

of households that are eligible for LEAP but are not actually in the programme. 

2.2   Identification Strategy 

In 2009 the Ministry of Employment and Social Welfare (MESW) decided to conduct an evaluation of 

the LEAP programme. The initial evaluation design was to be a reflexive (before and after) study that 

would sample a group of new LEAP households that were scheduled to enter the programme in 2010 

as part of the Ministry’s roll-out plan. A baseline was to be collected after selection but prior to 

programme enrolment and then a follow-up survey 24-months later. A social experiment was ruled 

out as infeasible because it would require the Ministry to target and identify households in other 

regions without then enrolling them in the programme, an approach that the Ministry was not 

comfortable with for political and ethical reasons.  

During this period the Institute for Statistical, Social and Economic Studies (ISSER) of the University of 

Ghana in collaboration with Yale University were about to conduct a national panel survey. ISSER and 

Yale agreed to include a sample of future LEAP households in their survey. Funding was obtained from 

3IE through an Open Window Call for Proposals (OW3.1075) to enable the Ministry to include a 

matched group of households from the ISSER/Yale sample in the 24-month follow-up survey of LEAP 

beneficiaries. The final evaluation design is thus a longitudinal propensity score matching (PSM) 

design. The quantitative evaluation was implemented by ISSER and the University of North Carolina at 

Chapel Hill. 

Prior to programme initiation in the first quarter of 2010, 699 future LEAP beneficiaries from Brong-

Ahafo, Central and Volta regions were randomly selected from all eligible LEAP households to 

participate in the study. Baseline data on these households were collected as part of the field work of 

the ISSER/Yale national household survey. Subsequently, a comparison group of 699 households from 

the national ISSER survey were selected by PSM, using one-to-one nearest neighbour without 

replacement and were re-interviewed after 24 months along with LEAP beneficiaries. The matched 

comparison group was drawn from the same three regions as the LEAP households as well as 

bordering regions with similar agro-ecological conditions. An additional 215 households from the ISSER 

sample were also re-interviewed at follow-up in order to generate additional statistical power for the 

study. These were effectively households that had the highest propensity scores and that were 

residing in the same communities already being visited by the enumeration teams, so they could be 

interviewed at low additional cost. More details on the design and analysis of the matched comparison 

group are presented in Handa and Park (2011). 

Of the 1,398 target households, 1,289 were re-interviewed at follow-up, for a 7.7 per cent attrition 

rate. All 215 extra control households were also re-interviewed, so that this left a longitudinal sample 

of 1,504 households (858 ISSER, 646 LEAP). Analysis of follow-up data indicated 15 households from 

the comparison group declared themselves as LEAP beneficiaries and so were excluded from the 
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analysis. Therefore the final working sample for the impact analysis used in this study consists of the 

longitudinal sample of 843 ISSER comparison households and 646 LEAP beneficiaries (see table 1). 

The conditions of this study are virtually ideal for the PSM to approximate the benchmark 

experimental estimator as indicated by Diaz and Handa (2006) and Heckman et al. (1998): 1) a rich set 

of pre-programme information is available from both groups of households; 2) information was 

collected in the same manner, in this case using exactly the same instruments, survey protocols and 

field teams; 3) longitudinal data are available to allow us to account for potential unobserved 

community differences across comparison and intervention sites over time. The main challenge on the 

other hand, is the ability to generate enough observations from the national survey that are on the 

‘thick’ region of common support given LEAP’s unique eligibility criteria. We address this concern 

below.  

2.3   Inverse Probability Weighting 

The baseline evaluation report (Handa and Park, 2011) assesses the performance of the propensity 

score models used to select comparison households for the follow-up survey. However at follow-up we 

lost 43 LEAP households and added 215 additional households from the comparison group which had 

high scores and lived in communities that were already being visited by the enumeration team. In 

order to account for these slight differences in the composition of the sample we employed the 

method of inverse probability weights (IPW) to ensure that our final estimating sample is well-

balanced on observable characteristics. 

The PSM approach assumes that treatment assignment is unrelated to potential outcomes conditional 

on a suitably extensive set of covariates. In addition, Rosenbaum and Rubin (1983) showed that 

conditioning on the vector of covariates X is equivalent to conditioning on Ṗ(X), the estimated 

probability of receiving the programme intervention, or propensity score. Therefore adjusting for the 

propensity score removes the bias associated with differences in observed covariates in treated and 

comparison groups. Inverse Probability Weighting (IPW) works on this idea and consists of using the 

inverse of Ṗ(X) as a weight in estimation in order to make treated and control observations 

representative of the population of interest. Weighting by the inverse of Ṗ(X) can achieve covariate 

balance and, in contrast to matching and stratification/blocking, uses all of the observations in the 

sample (Sacerdote, 2004); this estimator is essentially due to Horvitz and Thompson (1952). 

With IPW, comparison observations are assigned weights equal to the inverse of their propensity 

score, i.e. w = (Ṗ(X)/(1-Ṗ(X)), and treatment observations receive a weight equal to 1. Applying these 

weights to comparison households effectively reweights the distribution of observable characteristics 

included in P(X) to be like that of the treatment group. Intuitively, the IPW estimator will put more 

emphasis on counterfactual observations having a Ṗ(X) closer to 1 while underweighting those for 

which Ṗ(X) is relatively small. A regression of an outcome on treatment and X variables thus amounts 

to a comparison of means and produces an estimate of the ATT. One advantage of the weighting 

approach is that it is considered to be ‘doubly robust’: if either the propensity model or the outcome 

equation is correctly specified, the estimator will be consistent. 
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A key issue with the IPW approach is assessing the performance of the alternative statistical model for 

predicting the propensity score. Typically this is done by checking for pre-treatment balance of the 

weighted (by the IPW) means of key characteristics of the two samples, usually via simple t-tests on 

comparisons of mean. A more defensible test of balance is given by the Hotelling test, which compares 

all mean differences simultaneously. This test is equivalent to the F test from a linear regression of a 

treatment dummy D on X, as in a linear probability model (LPM).  

Balance in baseline variables is, however, a characteristic of the observed sample, not some 

hypothetical super-population. Therefore, as suggested by Ho et al. (2007), these kinds of tests do not 

provide levels below which imbalance can be ignored. Beyond using hypothesis tests for balance, Imai 

et al. (2008) suggest using a statistic having two key features: it should be a characteristic of the 

sample and not of some hypothetical population, and the sample size should not affect the value of 

the statistic. Among other methods, Rosenbaum and Rubin (1985) and Ho et al. (2007) proposed 

standardised differences, which are defined as: 

𝑑 =
|�̅�𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 − �̅�𝑐𝑜𝑛𝑡𝑟𝑜𝑙|

√𝑠𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡
2 +𝑠𝑐𝑜𝑛𝑡𝑟𝑜𝑙

2

2

 
(4) 

where 𝑠𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡
2  and 𝑠𝑐𝑜𝑛𝑡𝑟𝑜𝑙

2  are the sample standard deviations of a covariate in the treated and 

untreated subjects, respectively. The standardised difference is the absolute difference in sample 

means divided by an estimate of the pooled standard deviation (not standard error) of the variable. It 

represents the difference in means between the two groups in units of standard deviation and does 

not depend on the unit of measurement. Rosenbaum and Rubin (1985) suggested that a standardised 

difference of greater than 0.10 represents meaningful imbalance in a given covariate between 

treatment groups. 

Our estimates of the statistical model that we use to derive the IPW are shown in Appendix A. We 

provide evidence of reweighting in figure 1, which shows the kernel density of the estimated 

propensity scores. By applying IPW to the comparison group, the distribution of the propensity score 

looks very similar to the distribution of the LEAP sample. We assessed whether the weighting 

procedure is able to balance the distribution of the variables used in the construction of the propensity 

score. After some trials, we settled on a preferred model where i) based on the Hotelling test, we 

cannot reject the null hypothesis that the vectors of means are equal between (reweighted) control 

and treatment households; ii) after reweighting, probit covariate means are all statistically equal 

except four variables at conventional five per cent significance level; iii) after reweighting, mean and 

median standardised difference collapsed from 16.6 and 16.0 per cent to 4.2 and 3.1 per cent 

respectively; iv) after reweighting, all probit covariates except four show a standardised difference less 

than 10 per cent. In table 2, we show mean characteristics at baseline of the LEAP and ISSER samples, 

before and after reweighting. As we deem the reweighted sample to offer a reasonable 

counterfactual, results presented in this paper rely solely on the weighted regressions. 
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2.4   Difference in Difference Estimator (DiD) 

The simple mean comparisons in equation (2) identify treatment impacts in successful experimental 

designs. Nevertheless, impact estimates can be improved by applying a DiD methodology. The latter 

might occur, for example, if randomization by chance produces baseline differences. Similarly, when 

the data do not come from a randomised design the DiD estimator may be used, often in conjunction 

with other approaches, which is the case for this study. 

When panel data are available with pre- and post-intervention information, then the estimator in (3) 

can be improved by subtracting the difference in pre-programme outcomes between recipients and 

non-recipients, as shown in equation (5) 

ATT = E[τt- τt-1 | D=1] = E[(Y(1)t- Y(0)t)- (Y(1)t-1- Y(0)t-1)|D=1]  

= E[(Y(1)t- Y(1)t-1)|D=1]- E[(Y(0)t- Y(0)t-1)|D=1]  

(5) 

 

where 1t and t  represent time periods before and after the introduction of the CT programme and 

the binary indicator D refers to programme assignment at the baseline.  

By subtracting the differences in outcomes for the treatment and control group before and after 

programme initiation, DiD is able to control for pre-treatment differences between the two groups, 

and in particular the time invariant unobservable factors that cannot be accounted for otherwise 

(Wooldridge, 2002). The key identifying assumption is that differences between treated and control 

households remain constant throughout the intervention – the so-called ‘parallel trends’ assumption. 

If prior outcomes incorporate transitory shocks that differ for treatment and comparison households, 

DiD estimation interprets such shocks as representing a stable difference, and estimates will contain a 

transitory component that does not represent the true programme effect. 

The regression equivalent for the DiD estimator is represented as follows: 

Yit = β0 + β1Dit + β2Rt + β3(Rt* Dit) + εit (6) 

where Yit is the level of the outcome of interest; Dit is a dummy equal to 1 if household i  received the 

treatment; Rt is a time dummy equal to 0 for the baseline and to 1 for the follow-up round; Rt*Dit is the 

interaction between the intervention and time dummies, and εit is the error term. As for the 

coefficients, β1 controls for the time-invariant differences between the treatment and control; β2 

represents the effect of going from the baseline to the follow-up period; and β3 is the DiD estimator.  

When differences between groups at baseline exist, the DiD estimator with conditioning variables has 

the advantage of minimizing the standard errors as long as the effects are unrelated to the treatment 

and are constant over time. Equation (7) presents the regression equivalent of DiD with covariates 
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Yit = β0 + β1Dit + β2Rt + β3(Rt* Dit) + ΣkγkXik + εit (7) 

where we added in ΣkXik, a vector of baseline household characteristics to control for possible 

differences in the composition of the two groups. The regression model is based on the assumptions 

that Yi has normal distribution and the mean is a linear function of the covariates. For nonlinear 

outcomes, a generalized linear model (GLM) assumes that Yi has a distribution belonging to the 

exponential family, while the conditional mean, μ, is a nonlinear function of the linear predictor,  

g(μ) = g(E[Yit|R,D,X])= β0 + β1Dit + β2Rt + β3(Rt* Dit) + ΣkγkXik + εit (8) 

where the function g(.) is called the link function. In the case of a binary outcome, it is reasonable to 

assume a binomial distribution and a logit link, such that g(μ)=log(μ/(1-μ)). The GLM loglinear model 

has instead g(μ)=log(μ), which is not the same as a linear regression of ln(Y) on a set of covariates, 

since the log of the expectation is not the expectation of the log. This is very useful also in the 

continuous case, when Y is zero or negative and a regression of ln(Y) on X does not make any sense, or 

when the dependent variable is highly skewed. In the GLM case, the estimated β3 is not the DiD 

treatment effect, which is given instead by the mean marginal effect for the interaction term. 

2.5   Summary of Statistical Approach 

The LEAP impact evaluation uses a somewhat complex non-experimental design so we summarize its 

key features. The core design is a longitudinal PSM approach, where both treatment and comparison 

groups were administered exactly the same questionnaire using the same protocols and field teams. 

An initial matching was done at baseline using a national household survey in order to pick households 

to follow. In addition to these ‘matched’ households, we included 215 households with the highest 

propensity scores who were living in communities that were to be visited by the field teams in order to 

increase statistical power. To account for the fact that these households were not the ‘best’ matches, 

as well as the fact that there was 7.7 per cent attrition among intervention households, we calculated 

IPW using the final analysis sample and applied these in our impact estimates. The performance of the 

statistical model used to generate the weights was assessed using several criteria including Hotelling’s 

joint test of significance of pre-intervention means and the actual difference in means across study 

arms. 

3. OPERATIONAL ISSUES 

There are two main aspects of LEAP, a cash transfer and free enrolment into the NHIS, whose 

implementation is likely to affect our expected evaluation results. Figure 2 shows the payment of LEAP 

transfers during the period of this assessment. Payments were scheduled bimonthly so that ideally two 

payments would have been made every two months. Payment of grants was fairly regular during the 

first year of the study period up to May 2011, but then no payments were made for eight months. A 

triple payment was made in February 2012 which covered May to October 2011, and a regular 

payment was made in April 2012 which covered November and December 2011. The follow-up survey 

was conducted in May 2012 which was 24 months after programme initiation, but households only 
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received 20 months’ worth of cash during the study period, and eight of these months were provided 

in the three month period just prior to the follow-up survey. Given the gap in payments during 2011 

and the large lump sums, it is unclear how households would respond to the triple payment in 

February 2012 and the regular payment in April 2012. The large lump sum in February 2012 may have 

provided an opportunity for investment or spending on lumpy items or savings rather than an 

opportunity to smooth current consumption. 

The second issue with the LEAP payments is the overall low value of the transfer. Figure 3 illustrates 

that the transfer level is about 11 per cent of consumption among the target group at baseline while 

most successful programmes transfer at least 20 per cent of consumption to beneficiaries. In addition, 

the cumulative inflation rate over the study period was 19 per cent, so an already low transfer level 

was further eroded by inflation so that, by the time of the follow-up in 2012, the value of the transfer 

was about 7 per cent of beneficiary consumption. The Government of Ghana subsequently tripled the 

transfer level as of January 2012 but that payment level did not come into effect during the period of 

this study. Moreover, because of inflation, the new transfer value would now only represent 21 per 

cent of mean consumption, underscoring the need to peg the transfer value to the inflation rate in 

order to maintain its real value. Impact analysis on monetary indicators has been done by using the 

cumulative inflation rate in the period, adjusted for spatial price differences across LEAP and ISSER 

communities. Details of the construction of the spatial price index are provided in Handa, Park, et al. 

(2014). 

Finally, LEAP beneficiaries are to be enrolled automatically into the NHIS and have their fee waived 

through an MOU with the Ministry of Health. This aspect of programme implementation was 

extremely successful, with 90 per cent of LEAP households enrolled in NHIS by 2012, an increase of 25 

percentage points. In contrast, the increase in NHIS enrolment among the comparison group was only 

18 percentage points, so there was a net increase of 7 percentage points in NHIS enrolment, a 

difference which is statistically significant. 

4.  RESULTS 

4.1   Impact on Consumption 

We aggregate all spending on consumption items and express in adult equivalent terms, inflating 2010 

values to 2012 G¢ values. Figure 4 shows the density graphs for consumption by treatment group and 

year: the top and bottom graphs are for LEAP and ISSER households respectively. Both groups appear 

to have improved over this time period. The DiD estimates show that actually the change among LEAP 

households is about GHc 4.4, smaller than among ISSER households, but this difference is not statistically 

significant (see table 3). G¢2.53 of the total G¢4.4 decline in total consumption derives from non-food 

spending, but again none of these differences are statistically significant, implying essentially that there is 

no change in consumption spending between LEAP and ISSER households over this time period. 

To check the sensitivity of these results we estimate these impacts on several different sub-samples: 1) we 

exclude the 215 “extra” ISSER households; 2) we restrict the analysis to only the panel households, that is, 

those households that appeared in both waves of the survey and 3) we restrict the comparison to ISSER 
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households that come from the same three regions as the LEAP sample. Irrespective of the trimming, we 

find no differences in impact estimates for total, food or non-food consumption. 

This is not to say that LEAP households did not spend a portion of the transfer on consumption items, 

particularly food. The qualitative fieldwork reported that the programme permitted households to eat 

more, and better quality foods, including bulk purchases of grains. Moreover, households could now 

purchase food without incurring debt. The results from the quantitative evaluation, however, make it 

clear that the impacts on consumption were not large or consistent enough to be picked up. 

4.2   Impact on Financial Position 

We explore another possible direction towards which the additional funds provided by LEAP might 

have been channelled, as suggested by the qualitative study. We used several indicators to measure 

the impact on the financial position of the households: i) the proportion of households with savings, 

loans and credits; ii) the number of loans and credits; iii) the outstanding amount of debt and credit; 

iv) and the amount repaid and received (measured as a share of adult equivalent (AE) consumption. 

Column 1 of table 4 shows that LEAP households are about 11 percentage points more likely to save 

money relative to the ISSER control households. This result is slightly stronger in small and male-

headed households (15 percentage points). While we see no impact of LEAP on the proportion of 

households with loans held, LEAP led to a reduction in the number of loans as well as a 23 percentage 

point increase in the amount repaid (columns 2, 3 and 4 respectively). Further, we do see a significant 

reduction in the likelihood of holding a loan among smaller households (9 percentage points) and a 19 

percentage point reduction in the amount paid off. Since the LEAP transfer in 2012 represented 7 per 

cent of AE consumption and households received a triple and then a double payment in the six months 

prior to the follow-up survey, it appears as though a large part of these payments were essentially 

used to pay down loans. There is some suggestion that the amount of credit extended (that is, money 

lent out by beneficiary households) as a share of AE consumption has gone up, the DiD estimate is 16 

percentage points, but this is not statistically significant. It is significant, however, among larger 

households where participation in LEAP increases the amount of credit extended (amount owed as a 

share of AE consumption) by 54 percentage points. 

4.3   Impact on Remittances and Gifts Given 

Table 5 explores other non-consumption expenditures as well as remittances to see if they help us 

understand the circumstances of LEAP households during the study period. The specific indicators we 

look at are whether the households received transfers from individuals and the amount received (as a 

share of AE consumption), whether the household has given gifts, and the total value of gifts given in 

the past month (in 2012 AE GHc). While there is no impact on the prevalence of receiving remittances, 

there is a significant increase in the value of remittances received as a share of AE consumption 

(around 19 percentage points). This increase is concentrated on larger and male-headed households. 

These results seem to exclude a crowding-out effect of LEAP. 

The focus group discussions indicated that LEAP plays an important function in helping households ‘re-

enter’ social networks by contributing to funerals, naming ceremonies and other social events, but at 
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the same time the value of the LEAP transfer is not so large that it would displace existing networks 

(Oxford Policy Management, 2013). This is consistent with column 3 of table 5, which shows a 

significant increase in the proportion of beneficiary households giving out food as a gift or spending on 

other non-food consumption items such as funerals, cultural festivals, churches or more generally 

helping other people. 

4.4   Impact on Happiness 

The survey instrument asked each main respondent if s/he was happy with her/his life. DiD impact 

estimates on self-reported happiness show that there is an increase of 16 percentage points in the 

likelihood of feeling happy with one’s life among LEAP households relative to ISSER households; this 

impact is driven primarily by female-headed households and smaller households. This may seem at 

odds with the lack of significant impacts on consumption, but as we have seen, in fact, LEAP had a 

significant positive impact on several other dimensions of household welfare, which explains this 

increase in self-reported happiness. Moreover, in the qualitative focus group assessment LEAP 

beneficiaries spoke about the important effect on ‘self-esteem’ and ‘hope’ that the programme had 

brought about, and how it contributed to an increase in overall happiness (Oxford Policy Management, 

2013); this was viewed as a strong impact of the programme by beneficiaries and is corroborated by 

the household survey. 

5. CONCLUSIONS 

In this paper we evaluated the Livelihood Empowerment Against Poverty (LEAP) programme, Ghana’s 

largest social protection instrument, providing free enrolment into the NHIS and unconditional cash 

transfers to over 100,000 extremely poor households in rural areas. The evaluation design uses a 

longitudinal propensity score matching approach with a baseline and two-year follow-up. A 

complementary qualitative evaluation was also conducted during this 24-month period through focus 

group discussions with beneficiaries and non-beneficiaries in three districts of Ghana. 

Implementation of LEAP has been inconsistent. Over this 24-month evaluation period households 

received only 20 months’ worth of payments. There was a long gap in cash payments to households in 

2011, followed by a triple payment in February 2012 to settle arrears. Thus, LEAP households did not 

receive a steady flow of predictable cash with which to smooth consumption. However, the increase of 

NHIS coverage among LEAP households was impressive, with 90 per cent of LEAP households having at 

least one member enrolled in NHIS at follow-up. 

Impact results from the evaluation are consistent with behaviour suggesting that the programme did 

not lead to a perceived increase in permanent income.  While there is no impact on consumption, 

there are significant impacts in the reduction of the amount of debt held, and an increase in loan 

repayments. We also find what appears to be an important risk management strategy among 

households – the re-engagement with informal social networks, as can be seen in the impact of LEAP 

on increasing the amount of transfers both received and given by the households. A parallel qualitative 

assessment of the programme shows that LEAP allowed beneficiaries to join church groups, funeral 
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societies and other informal safety net systems within their communities, and that the programme 

made them feel less socially excluded and more ‘welcome’ in their communities.   

Both the qualitative and quantitative evaluations tell a consistent story of LEAP households being able 

to re-enter informal social networks, an important risk reduction strategy in rural Africa. This pattern 

of impacts may be due to the uncertain and lumpy payments from LEAP which enabled households to 

have enough capital on hand to make such ‘investments’, suggesting that rather than crowding out 

informal safety nets, LEAP actually led to ‘crowding in’, allowing beneficiary households to re-establish 

and re-engage in local systems of risk reduction and protection. 
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TABLES 

 

Table 1:Sample for the LEAP impact evaluation 

  Year 

Group 2010 2012 

LEAP 699 646 

ISSER matched 685 629 

ISSER extras 214 214 

Total 1,598 1,489 
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Table 2:  Mean baseline characteristics, LEAP and ISSER samples 

    unweighted   IPW 

Indicator LEAP ISSER   bias   ISSER   bias 

  (1) (2)   (3)   (4)   (5) 

hh0_5 0.44 0.51 * 8.74   0.45   1.28 

hh6_12 0.77 0.78   0.9   0.79   1.28 

hh13_17 0.54 0.5   4.78   0.56   2.41 

hh18_64 1.29 1.41 * 9.82   1.35   4.48 

hhm65 0.27 0.21 ** 12.76   0.30   6.72 

hhf65 0.52 0.34 *** 33.68   0.52   0.26 

orph 0.27 0.18 *** 23.54   0.23 * 9.38 

norph 0.68 0.35 *** 28.03   0.61   4.94 

femhd 0.59 0.5 *** 18.49   0.53 ** 12.69 

agehd 61.12 56.74 *** 23.36   61.71   3.13 

wdwhd 0.39 0.26 *** 28.19   0.29 *** 19.91 

schatthd 0.3 0.51 *** 43.51   0.33   6.33 

aeef 41.63 43.34   4.9   43.10   4.18 

hasnhis 0.63 0.58 ** 11.12   0.62   1.77 

crrno 0.34 0.15 *** 54.27   0.36   5.28 

bthno 0.02 0 *** 21.27   0.02   2.53 

farmliv 0.6 0.73 *** 28.86   0.66 *** 13.19 

nfarmen 0.29 0.29   0.22   0.31   5.05 

nocook 0.09 0.06 ** 11.52   0.08   5.10 

nowc 0.29 0.27   4.04   0.31   2.95 

pitlat 0.3 0.34 * 8.95   0.31   3.62 

mtrwlcmn 0.3 0.4 *** 20.38   0.34   7.83 

mtrflcmn 0.62 0.67 ** 11.61   0.64   4.29 

mtrrftht 0.28 0.21 *** 15.49   0.27   1.80 

crowd 0.66 0.77 ** 12.64   0.66   0.07 

shdwll 0.28 0.26   5.99   0.28   1.36 

shrdcrowd 0.22 0.3 * 9.56   0.20   3.61 

hscndtgd 0.15 0.28 *** 33.84   0.16   4.44 

ktch 0.31 0.41 *** 20.33   0.36 ** 11.53 

prtctdwtr 0.1 0.05 *** 18.08   0.09   2.51 

hrvcssv 24.66 45.28 *** 18.84   26.77   2.71 

hrvcca 18.93 85.01 *** 26.12   16.93   1.80 

hrvmze 32.03 60.98 *** 18.76   35.72   2.99 

hrvyam 83.42 117.15   8.53   97.10   4.09 

hrvrce 7.8 9.22   1.76   7.49   0.40 

cprtry 0.51 0.42 *** 17.48   0.51   0.28 

ikprtry 0.49 0.31 *** 37.32   0.50   1.15 

nsheep 0.67 0.61   1.97   0.47   7.18 

ngoats 1.01 1.24   6.86   1.11   2.97 

nchck 3.75 4.77   8.07   3.90   1.50 

lndownop 0.85 1.47 *** 27.69   0.94   4.67 

svdur 215.07 591.28 *** 17.93   268.83 ** 9.98 

svagass 16.88 39.57 *** 17.53   17.07   0.50 
Notes: variable description available in appendix A1. Significance level: *** 1%, ** 5%, * 10%. 
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Table 3:  Impacts on total consumption, food and non-food by samples 

Consumption Total Food Non-food Total Food Non-food 

  Full Sample Original Matched Sample1 

Impact -4.37  -1.84  -2.53  -4.68  -2.10  -2.59  

  (0.88) (0.47) (1.00) (0.86) (0.49) (0.94) 

Observations 2,979  2,979  2,979  2,566  2,566  2,566  

LEAP Baseline Mean 63.29  44.83  18.46  63.29  44.83  18.46  

ISSER Baseline Mean 61.62  43.36  18.26  60.52  42.43  18.09  

  Panel2 Three Regions3 

Impact -4.67  -2.13  -2.54  -0.43  1.38  -1.82  

  (0.86) (0.50) (0.92) (0.07) (0.39) (0.46) 

Observations 2,467  2,467  2,467  2,093  2,093  2,093  

LEAP Baseline Mean 62.44  44.24  18.20  63.29  44.83  18.46  

ISSER Baseline Mean 60.57  42.29  18.29  58.05  39.77  18.28  

Notes: Cluster-robust t-statistics below each estimate. All expenditures measured in 2012 GHc adult equivalent. The mean value of the 
dependent variable at baseline is shown below each set of estimates. 1 This does not include the extra 215 households from the ISSER 
sample; 2 Only households observed in both waves; 3 Only households from Brong Ahafo, Central and Volta. 
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Table 4: Impacts on household financial position 
  Savings     Loans       Credits   

  
Any 

savings 

Hold 

loan 
# loans 

Amount 

repaidA 

Amount 

outstandingA 

Hold 

credit 
# credits 

Payments 

receivedA 

Amount 

owedA 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

          Full Sample         

Impact 0.108  -0.032  -0.124  0.234  -0.191  -0.007  0.018  0.048  0.157  

  (1.73) (-0.80) (-2.33) (1.73) (-0.47) (-0.26) (0.45) (1.35) (1.47) 

Observations 2,978  2,978  2,978 2,978  2,978  2,978  2,978 2,978  2,978  

LEAP Baseline Mean 0.207  0.240  0.308 0.122  1.281  0.094  0.128 0.024  0.232  

ISSER Baseline Mean 0.352  0.199  0.235 0.168  0.930  0.102  0.157 0.038  0.348  

    Female-headed Households         

Impact 0.070  -0.065  -0.101  0.304  -0.280  0.000  -0.020  0.019  0.143  

  (1.10) (-1.35) (-1.73) (1.94) (-0.56) (-0.00) (-0.36) (0.44) (1.09) 

Observations 1,608  1,608  1,608 1,608  1,608  1,608  1,608 1,608  1,608  

LEAP Baseline Mean 0.182  0.237  0.289 0.102  0.850  0.095  0.132 0.020  0.188  

ISSER Baseline Mean 0.338  0.158  0.173 0.170  0.511  0.095  0.119 0.027  0.209  

      Male-headed Households           

Impact 0.147  -0.004  -0.135  0.022  -1.003  -0.009  0.064  0.045  0.306  

  (1.79) (-0.09) (-1.62) (0.12) (-1.70) (-0.23) (1.10) (1.66) (1.50) 

Observations 1,370  1,370  1,370 1,370  1,370  1,370  1,370 1,370  1,370  

LEAP Baseline Mean 0.244  0.244  0.335 0.151  1.896  0.094  0.124 0.029  0.294  

ISSER Baseline Mean 0.369  0.247  0.310 0.167  1.432  0.109  0.204 0.052  0.513  

          Size≤4         

Impact 0.112  -0.093  -0.163  0.192  -0.238  -0.013  -0.023  0.024  0.124  

  (1.83) (-1.80) (-2.29) (1.96) (-0.81) (-0.46) (-0.50) (0.69) (1.26) 

Observations 1,888  1,888  1,888 1,888  1,888  1,888  1,888 1,888  1,888  

LEAP Baseline Mean 0.169  0.229  0.289 0.083  0.614  0.077  0.107 0.013  0.118  

ISSER Baseline Mean 0.286  0.137  0.146 0.078  0.296  0.082  0.125 0.035  0.221  

          Size≥5         

Impact 0.089  0.012  -0.099  0.133  -0.909  0.018  0.088  0.068  0.544  

  (1.02) (0.26) (-1.28) (0.42) (-0.85) (0.44) (1.24) (1.93) (2.31) 

Observations 1,090  1,090  1,090 1,090  1,090  1,090  1,090 1,090  1,090  

LEAP Baseline Mean 0.270  0.258  0.340 0.187  2.380  0.123  0.164 0.042  0.419  

ISSER Baseline Mean 0.460  0.300  0.382 0.318  1.975  0.134  0.210 0.043  0.557  
Notes: Cluster-robust t-statistics below each estimate. A/ As share of AE expenditure.
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Table 5: Impacts on remittances and gifts given 

  
Remittances  

(% receiving) 

Remittances  

(Amount AE share) 

Gifts  

(% giving) 

Gifts  

(Amount given)1 

  (1) (2) (3) (4) 

    Full sample     

Impact -0.020 0.186 0.099 -0.149 

  (-0.38) (2.04) (2.68) (-0.26) 

Observations 2,978 2,978 2,978 2,978 

LEAP Baseline Mean 0.500 0.283 0.681 2.390 

ISSER Baseline Mean 0.498 0.406 0.891 3.161 

    Female-headed Households   

Impact -0.098 0.084 0.106 0.432 

  (-1.53) (1.05) (2.72) (0.66) 

Observations 1,608 1,608 1,608 1,608 

LEAP Baseline Mean 0.574 0.290 0.658 2.196 

ISSER Baseline Mean 0.553 0.388 0.909 2.792 

    Male-headed Households   

Impact 0.032 0.305 0.082 -0.551 

  (0.51) (2.53) (1.75) (-0.59) 

Observations 1,370 1,370 1,358 1,370 

LEAP Baseline Mean 0.395 0.272 0.714 2.666 

ISSER Baseline Mean 0.432 0.427 0.869 3.603 

    Size≤4     

Impact -0.088 0.019 0.231 0.438 

  (-1.46) (0.31) (4.99) (0.54) 

Observations 1,888 1,888 1,888 1,888 

LEAP Baseline Mean 0.592 0.293 0.607 2.723 

ISSER Baseline Mean 0.579 0.388 0.928 3.942 

    Size≥5     

Impact 0.086 0.438 -0.031 -1.041 

  (1.49) (2.72) (-0.66) (-2.14) 

Observations 1,090 1,090 1,080 1,090 

LEAP Baseline Mean 0.348 0.265 0.803 1.841 

ISSER Baseline Mean 0.364 0.435 0.829 1.875 

Notes: Cluster-robust t-statistics below each estimate. 1 Measured in adult equivalent
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Figure 1: Kernel density of propensity scores for treatment and control groups 
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Figure 2: LEAP payment frequency 

 

Source: Handa et al. (2013) 
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Figure 3:  Transfer as a share of per capita consumption of beneficiary households 

 

Source: Handa et al. (2013) 
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Figure 4: Distribution of per adult equivalent consumption, 2010 and 2012 

 

 

Source: Handa et al. (2013)  
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APPENDIX A - ESTIMATION OF PROPENSITY SCORE 

We estimated selection into treatment at baseline using a simple probit model. Similar results are 

obtained with a logit. The set of covariates on the right hand side of the estimating equation was 

chosen based on the targeting protocol and includes household composition, like size and number of 

OVCs in the household; participation by family members to the NHIS scheme; head of household 

characteristics such as age, gender and education; welfare indicators such as income sources, housing 

characteristics, adult equivalent food consumption; household wealth and financial position such as 

value of durables and agricultural assets, value of savings and outstanding loans and credits; plus 

additional information on farming activities. Coefficients’ estimates are available in table A-1. 

Unfortunately in these regressions we cannot include regional/district fixed effects. As we show in 

Table 2, more than half the control households live in different regions compared to LEAP recipients, 

so that by including regional or district effects we would completely determine selection into 

treatment. In order to deal with this limitation, which could potentially affect the impact estimates due 

to bias from observable characteristics that were not controlled for, we included community level 

indicators, such as price of main commodities, connection to electricity grid and circumstance of 

negative shocks.  
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Table A-1: Probit of selection into treatment at baseline, 1,598 observations 
variable description coeff std.err   
hh0_5 # hhld members under 5 -0.0905 0.0919   
hh6_12 # hhld members 6-12 0.0866 0.0815   
hh13_17 # hhld members 13-17 0.0131 0.0988   
hh18_64 # hhld members 18-64 0.2269 0.0852 ** 
hhm65 # male hhld members over 64 0.8224 0.2470 *** 
hhf65 # female hhld members over 64 0.5982 0.1676 *** 
orph orphan living in hh -0.1221 0.2769   
norph # orphans living in hhld 0.3202 0.1034 ** 
femhd female headed hh -0.0844 0.2030   
agehd head of hhld age -0.0205 0.0061 *** 
wdwhd head of hhld widow 0.2075 0.1970   
schatthd head of hhld attended school -0.6526 0.1532 *** 
aeef food expenses per AE -0.0012 0.0022   
hasnhis at least one member has NHIS 0.4135 0.1389 ** 
crrno % hhld members cannot at all carry a heavy load 1.9158 0.2523 *** 
bthno % hhld members cannot at all bath him/herself 2.3516 1.0485 * 
farmliv cropping and/or livestock farming -0.6200 0.1614 *** 
nfarmen hhld run a non-farm enterprise 0.2577 0.1507   
nocook hhld does not cook 0.3964 0.2904   
nowc =1, no toilet facilities 0.0911 0.1757   
pitlat =1, pit latrine -0.1370 0.1654   
mtrwlcmn =1, material of wall: cement -0.3282 0.1656 * 
mtrflcmn =1, material of floor: cement -0.1685 0.1598   
mtrrftht =1, material of roof: thatch/palm 0.1449 0.1812   
crowd # rooms per hhld member -0.8951 0.2996 ** 
shdwll =1, hhld shares dwelling -0.0593 0.2317   
shrdcrowd shared dwelling * # rooms per hhld member 0.3931 0.2579   
hscndtgd House conditions: good -0.6775 0.1764 *** 
ktch =1, hhld uses a room exclusively for cooking -0.4639 0.1431 ** 
prtctdwtr drinking water from protected well 0.7839 0.2716 ** 
hrvcssv value of cassava harvest -0.0014 0.0007   
hrvcca value of cocoa harvest -0.0012 0.0004 ** 
hrvmze value of maize harvest -0.0003 0.0005   
hrvyam value of yam harvest -0.0001 0.0002   
hrvrce value of rice harvest 0.0011 0.0007   
cprtry hhld received private cash transfer -0.4126 0.1677 * 
ikprtry hhld received private inkind transfer 0.7783 0.1682 *** 
nsheep # sheep 0.0245 0.0234   
ngoats # goats -0.0050 0.0206   
nchck # chickens 0.0569 0.0241 * 
lndownop cropped land - hectares -0.0515 0.0377   
svdur value of durables -0.0005 0.0001 *** 
svagass value of agricultural assets -0.0062 0.0061   
age_nchck head of hhld age * # chicken -0.0010 0.0004 * 
age_nrooms head of hhld age * # rooms 0.0038 0.0014 ** 
age_svagass head of hhld age * value of agricultural assets 0.0001 0.0001   
ctyffw9 fire/flood/wind in community, 2009 1.6219 0.1470 *** 
ctylnd9 land dispute in community, 2009 -1.5820 0.3602 *** 
ctyepd9 epidemic disease in community, 2009 0.4238 0.2112 * 
pcassva price cassava 0.1625 0.0579 ** 
pmaize price maize 0.1897 0.0573 *** 
pyam price yam -0.0120 0.0107   
pbean price bean -0.0122 0.0105   
ctyelphh % hh connected to electricity in the community -0.0060 0.0033   
ctyelhd # hrs per day electricity is available in the community 0.0354 0.0118 ** 
_cons constant -0.6688 0.5481   

Note: * p<0.1, ** p<0.05, *** p<0.01 
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Table A-2: Distribution of households by region and treatment status at baseline 

  ISSER LEAP Total 

Western 100 0 100 

Central 115 176 291 

Volta 179 82 261 

Eastern 134 0 134 

Ashanti 178 0 178 

Brong Ahafo 126 441 567 

Northern 67 0 67 

Total 899 699 1,598 

 

 

 


