Impacts of Rural Electrification Programs –

Ex-ante Evidence from Rwanda 

Gunther Bensch (RWI Essen)

Jochen Kluve (RWI Essen and IZA Bonn)

Jörg Peters (RWI Essen) 

14 December 2009

++ Preliminary and incomplete – not to be quoted without permission ++

Abstract. This paper analyzes impacts of rural electrification in Rwanda. Based on a specifically designed baseline study, the ex-ante impact assessment proceeds in three steps. First, an in-depth descriptive analysis points out likely impacts of the intervention, distinguishing between merely having access to a grid and actually being connected to one. Second, we predict impacts for not-yet-connected households that are likely to connect once provided with access, on the basis of quantitative information on already-connected households. Third, we estimate the impact of grid-connection for connected households using propensity score matching. The results indicate that connection to electricity results in the usage of that energy source, that educational outcomes are somewhat likely to be positively affected by electrification, and that households that connect are very likely to benefit in terms of household income.
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1. Introduction
Electrification is widely believed to contribute to various dimensions of economic and social development. It is expected to contribute to the Millennium Development Goals (MDGs) via different channels, based on the assumption that sustainable access to modern energy services fosters economic and social development, leads to improvements in the quality of life, and minimizes the negative external effects on the environment on both local and global scales. Empirical findings that provide evidence on the connection between electricity access and expected impacts, however, are rare. A more solid basis of empirical knowledge is of particular relevance in light of the recently growing interest in electrification measures by development agencies (cf., for instance, EnPoGen 2003a and 2003b, ESMAP 2003, World Bank 2006).
Against this background, electrification projects under the Dutch-German Energy Partnership Energising Development (EnDev) have dedicated much effort to the appropriate design of baseline studies. Implemented by Deutsche Gesellschaft für Technische Zusammenarbeit (German technical cooperation, GTZ), EnDev envisages the sustainable provision of access to modern energy for five million people in developing countries. For the analysis in this paper we use baseline data of the EnDev rural electrification project implemented in Rwanda, called "Private Sector Participation in Micro-hydro Power Supply for Rural Development", in short "PSP Hydro". One goal of the PSP Hydro baseline was to collect data that allow for an impact assessment or impact prediction, respectively, before the intervention is implemented. The results of such an ex-ante analysis are presented in this paper. In addition, naturally, the baseline data can be used to document the socio-economic conditions in the project’s target regions prior to the intervention and will serve as a basis for the ex-post evaluation of the intervention impacts. 
The remainder of the paper is organized as follows. Section 2 presents the background against which the analysis is set, describing core features of the Rwandan context and the PSP Hydro project. Section 3 focuses on the design of the baseline survey, and section 4 gives a first descriptive analysis identifying potential electrification impacts. The fifth section analytically predicts intervention impacts, complemented by a propensity score matching analysis in section 6. Section 7 concludes.
2. Project background 
Rwanda is a country located at the heart of the African continent, with a current (2009) population of about 10.5 million people. Given its small territorial size, Rwanda is the most densely populated country in Africa. It is a rural country with approximately 90 per cent of the population engaged in agriculture, mainly subsistence farming. Rwanda has few natural resources and its main exports are coffee and tea. Even though the current annual GDP per capita reaches only around USD 900, the country – averaging growth rates of 4.9 per cent per annum since 2000 – has made substantial progress over recent years in stabilizing and rehabilitating the economy to pre-genocide, i.e. pre-1994, levels.

In its "Vision 2020", the government has set a framework of key policies for Rwanda’s development based on good governance and leapfrogging. Progress has also been observed in areas such as access to education and health, and gender equality. Rwanda's achievements in establishing an aid coordination, harmonization, and alignment framework are being recognized as international best-practice. The latest Rwanda National Human Development Report (UNDP 2007) points out that agriculture, demography and income distribution pose major problems on a sustained growth path. Moreover, Rwanda, like the majority of Sub-Saharan Countries, faces a serious lack of electricity supply, which is part of a general energy shortage.

Specifically, energy generation from wood fuels dominates with an estimated 95 percent of the total Rwandan energy supply. The country lost 50.2 percent of its forest and woodland habitat between 1990 and 2005, which has led to a lack of wood for other economic activities (e.g. construction), erosion, and the drying up of rivers and lakes (UNDP 2007). Replanting and sensitization programs have come up in recent years to address this problem. 
Accordingly, only about 5 percent of Rwandan households have access to grid-supplied electricity, making it one of the countries with the lowest per capita electricity consumption in the world. Furthermore, electricity is almost entirely consumed in the main cities. Only about 1 percent of the rural population is connected, while the capital Kigali alone accounts for more than 70 percent of the total national low-voltage electricity consumption. One target of the "Vision 2020" for the energy sector is thus defined in terms of per capita electricity consumption, due to be raised from 30 kWh per year in 2004 to about 60 kWh in 2010 and at least 100 kWh per year in 2020 (MINECOFIN 2000). 
Investments in new generation or network capacities have been very limited in the past, such that energy sector reform advances only slowly. Supply consists of hydroelectric power stations (that partly operate at only 25 percent capacity), generators acquired in 2004 (with estimated daily cost of diesel of 50,000 EUR (EIU 2006)), and imports from neighboring countries. Before 1994, less than 20 micro-hydro plants existed. Of these, only one was operational in 2008. Adding to these supply constraints, traditional energy options in rural areas are even more limited as the territorial expansion of the public electricity grid in a mainly hilly developing country is almost prohibitively expensive.

Hence, in order to tackle part of the persistent problem of rural energy poverty in Rwanda, GTZ has been implementing PSP Hydro since mid 2006 as part of the Dutch-German Energy Partnership "Energising Development" (EnDeV, project timeline 2005-2012, see Bensch and Peters (2009) for details), which aims at providing 5 million people in developing countries with sustainable access to modern energy, i.e. (reliable) grid electricity, solar panels, generators or – to a limited extent – car batteries. Its advantages over traditional energy sources (candles, kerosene, batteries, wood, etc.) become manifest in terms of versatility, power and lower prices.

3. The baseline design 
The baseline survey that generated the data for the following analysis has been conducted as preparation of PSP Hydro, which provides financial and technical support to five private Rwandan project developers in establishing and running mini-grids in rural areas. RWI Essen was assigned by GTZ to establish and implement a concept for impact assessment of PSP Hydro. GTZ intended to use the collected baseline data to reduce uncertainty regarding assump​tions about connection rates and loads that determine the projects’ economic viability. The private project developers – small local enterprises and coopera​tives – did not have much expertise in the realization of micro-hydro plants and mini-grids. Furthermore, potential complementary activities for the target population were to be determined as well. Finally, the data should comply with the monitoring requirements of the output-oriented EnDev framework (cf. Bensch and Peters 2009). 
In general, service interventions are difficult to evaluate, since simply comparing outcomes (such as income, education, health indicators) of participants and non-participants in the program – or individuals exposed and not exposed to the intervention – may suffer from substantial biases due to selection processes. PSP Hydro will construct electrification via mini-grid in five rural villages over the next few years. Given a particular village with a mini-grid electricity source, it still remains a decision of the individual household in that village to connect to the grid or not. Households that decide to connect may do so for potentially unobservable – to the researcher – reasons that, at the same time, affect the outcomes of interest. In electrification projects, such simultaneity effects cannot be ruled out when simply comparing connected to non-connected households. 

To address this methodological challenge, the present baseline study surveyed both PSP Hydro's not-yet-electrified project sites and a second group of already electrified villages. This approach has three advantages in comparison to relying on regions with electricity access only: First, the set-up allows for investigating two types of "treatments": being actually connected to the grid, and merely having access in principle to the grid. Second, while the "connection" impact likely cannot be examined without selection biases on the basis of data on the electrified region only, this set up enables the comparison of connected households from the already electrified region to comparable non-connected households from the non-electrified region. Thereby, selection and simultaneity biases can be eliminated to an arguably large extent. Third, surveying two regions will allow for rigorous ex-post evaluation using techniques such as difference-in-difference once the project sites have been exposed to the intervention. 
One precondition in the survey set-up that has to be taken into account from the outset is that the two regions – project and baseline comparison – are sufficiently similar in their basic socio-economic conditions. The comparability indicators applied to choose the comparison regions comprise the geographical location, the rural agricultural structure, and access to (i.e. distance to, and frequency of) markets and tarmac roads. In order to actually represent a suitable comparison site, the electrified regions should furthermore have disposed of electricity access for at least four years, and enjoy unrestricted access to electricity. The latter criterion implies that the electricity provider should not, e.g. owing to limited power available, preclude claims of households interested in getting connected or prohibit the use of energy-intensive appliances and machines. Finally, metered billing should be in place in order not to have unmetered, "flat rate" clients distort the data on electricity consumption patterns. 
For the baseline, a total of ten sites were surveyed in 2007 and 2008, each site comprising four to ten agglomerations within an area of roughly 15 to 30 sq km (cf. Figure 1). RWI research team members worked on the ground during the whole survey cycle in close cooperation with a local Rwandan NGO. In total, 735 households were inter​viewed using structured questionnaires; 400 in the target and 335 in the electrified regions. To complement these data, key informants like local chiefs, NGOs, or project staff were visited for open interviews. 

< Figure 1 about here >

4. Data analysis 
Since some of the villages were included in the survey for project reasons while not entirely fulfilling the above men​tioned comparability criteria, only seven out of the ten visited regions could be considered for the final ex ante impact analysis. Initially (cf. again Figure 1) the PSP Hydro project villages comprised Kavumu, Mpenge, Musarara, Mazimeru, and Murunda, while the set of already electrified comparison villages consisted of Gasarenda, Nyamyotsi, Nyanga/Cyanika, Rutsiro, and Base. In fact, Mpenge and Gasarenda are semi-urban, and the Nyamyotsi mini-grid has no metering, such that these three sites were excluded from the analysis. Moreover, it turned out that Murunda is already electrified, such that it switched groups.

Note that for the purpose of the ex-ante analysis, the role of project and comparison villages will be interchanged. That is, at this point in time prior to the PSP Hydro intervention, it is the PSP Hydro comparison villages for whom the impact of electrification can be assessed, since they were subjected to electrification at a point in time at least four years in the past. Hence, in our analysis in this paper these villages with electricity constitute the treatment group. These are Nyanga/Cyanika, Rutsiro, Base, and Murunda. The PSP Hydro project sites that will receive grids in the future and are therefore without electricity at this point in time constitute the control group. These are Kavumu, Musarara, and Mazimeru.
Table 1 contains summary statistics on this evaluation sample for the ex-ante impact analysis. The treatment group consists of villages with access to electricity, whereas the control group consists of villages with no access. Within the treatment group, it is then a decision of the household whether to actually connect to the available grid and use the modern energy source or not. We observe this decision for 272 households in the treatment group, of which 129 are connected, and 143 are not. In the control group, as expected, almost all (259) households are not connected. Regarding the 6 households in the control group that report being connected, their use of electricity is an individually arranged energy source like a generator, but not a connection to a mini-grid. 
< Table 1 about here >

The table distinguishes between variables describing the household (panel 1), the living conditions ("house", panel 2), and the employment situation (panel 3) of household members. Looking at the t-statistics on tests of differences-in-means, age variables for father and mother as well as the fraction of households with female head are balanced. Differences between treatment and control groups, however, exist in household size and in educational background, despite the careful selection of comparable regions (see section 3 above). The household variables are those variables that can be seen as strictly pre-determined prior to the treatment. Given that treatment, i.e. electrification, occurred at a point in time at least four years in the past, it is not clear if – and if indeed, which – variables describing living conditions and employment have been determined either a) prior to electrification, b) simultaneously with electrification, or c) after electrification. Also the "house" and "employment" variables are not particularly well balanced between treatment and control groups.
Finally, the bottom panel of Table 1 presents summary statistics on the outcomes that we will consider in our analysis. The first outcome is "total lighting hours per day". This measure combines all lighting sources in the household, which comprise – apart from electrical lighting – traditional tin lamps, hurricane lanterns and candles. a measure that should immediately be influenced by electrification. Indeed, a substantial and statistically significant difference can be observed between access and non-access villages. Within the treatment group, the difference is even larger between connected and non-connected households. Whereas the former report an average of 24.5 hours per day (), for the latter it is only 2.9 hours, clearly showing the impact of connection on electricity usage.

The second outcome "kids studying home" gives the daily hours that a child in the household is reported to spend studying at home. Yet, only studying hours of primary school children are taken into account in the analysis, since secondary education in Rwanda is commonly provided at boarding schools. This variable proxies the educational outcomes of electrification measures, since it might directly be influenced by electricity availability and usage in the home. No significant difference, however, can be observed between treatment and control villages. Finally, we look at income as a core outcome. Table 1 already hints at a substantial difference in annual household incomes between the two groups (expressed in Rwandan Francs, where 1 USD = 560 RWF). In the following analysis, we will consider specifically the outcome "income per work-age adult in the household". Also, regarding some "household" and "employment" variables reported in Table 1, we will always consider them for the head of the household only, but not for father and mother separately, since in many households – mainly a long-term effect of the genocide – either father or mother are not present. Hence, in the empirical analysis we use the realization of the variables "age", "education", and "employment in services or the civil service" always for the household head, in order to keep all observations.
The first row of Table 2 reiterates the statistical significance of the "raw effect" of having access to electricity – i.e. being in the treatment instead of the control group – on the three outcomes of interest (lighting hours, childrens' studying at home, income per work-age adult), which we reported in the bottom panel of Table 1. Since the two groups are balanced in few covariates only, we regression-adjust the impact of having access by sequentially adding variables on the household (pre-determined) and house and employment (the latter two sets potentially endogenous). Rather than reporting the full regression output for each scenario, the main interest lies in the significance of the "access" coefficient as more and more explanatory variables are included. Regarding "lighting hours", there is clear and persistent impact of access to electricity. Regarding income, the "access" impact disappears once house and employment variables are included, although it remains significant when only the pre-determined household variables are adjusted for. No impact is found regarding childrens' study efforts at home. Both sets of regressions for the outcomes "kids studying home" and "income" show that the main covariate explaining an increase in these outcomes is a higher degree of parental education. The latter variable is persistently statistically significant in all regressions and generally displays the largest t-value and coefficient.  In sum, the results in Table 2 show that providing a region with access to electricity will on average result in a substantial and persistent increase in the usage of that electricity. They also give a first indication that access to electricity may yield beneficial income impacts.
< Table 2 about here >
While Table 2 compares treatment and control villages, Table 3 displays analogous results for the treatment group only, focusing on the impact of actually being connected to the accessible grid. The results show that, unsurprisingly, it is clearly the fact of being connected that drives the strong and significant increase in usage, as measured by the outcome "lighting hours". Indeed, all other variables have virtually no influence on this outcome. This is also the case for the regressions of the outcome "kids studying home", for which the "connected" coefficient is statistically significant for the specifications without covariates and with household variables, and on the margin of significance for the other two specifications. This indicates that the – presumably selective – decision to connect may yield a positive influence on children’s learning activities for those households that chose to connect. Finally, household income is positively correlated with being connected, also when controlling for household background variables. Once living conditions and employment are also controlled for, the significance of the coefficient disappears – again, as in Table 2, educational attainment of the household head is the major parameter influencing income, along with the job type (i.e. working in the civil service, or in the services sector). 
< Table 3 about here >

Relating the findings of Table 3 to the ones in Table 2 suggests that most of the differences between access (treatment) and non-access (control) villages are driven by the households that decided to connect to the grid. Table 4 investigates which covariates are correlated with being connected. It shows that among the pre-determined household variables the education of the household head is the major factor driving the connection decision. While the employment variables show no significant correlation with the dependent variable, such significant correlations exist for the variables describing better living conditions, i.e. having stone walls, glass windows, and a cement floor. These variables, however, are likely simultaneously determined with the dependent variable, i.e. it may be those households that are connected to the grid that then also move towards better living conditions, and not necessarily always those households with better living conditions that decide to connect.
< Table 4 about here >

5. Impact prediction
Following the initial investigation of the correlations of "access" and "connection" with the outcomes of interest in the previous section, we can utilize the information contained in the treatment (access) group, i.e. the fact that we know which households did connect and which ones did not, to predict which households are likely to connect in the control (non-access) group once it is provided with access to a mini-grid. Once these households likely to connect are identified, we can compare their current (i.e. pre-access and therefore pre-connection) outcomes with the outcomes of the connected households in the treatment sample, to predict the likely impact of PSP Hydro on the control villages.
In a first step this analysis requires the prediction of the connection probability for treatment and control group households. We therefore use the treatment sample of connected and non-connected households to estimate a probit model, regressing the binary variable "connected" on household variables.
 We then use the coefficients from this probit regression to predict the probability to connect for households in both the treatment (in-sample prediction) and control groups (out-of-sample prediction). The resulting distributions of the connection probabilities are displayed in figures 2a and 2b.
< Figures 2a, 2b about here >

Both distributions are relatively evenly distributed across the probability range from 0 to 1. This is more strongly the case for the treatment group (Figure 2a) with an average predicted probability of 0.4789 and a median probability of 0.4978. The control group distribution (2b) has an average predicted probability of 0.4053, and a median of 0.3826. We use these predicted probability distributions to construct four "hypothetical treatments", for each of which we predict the impact of the PSP Hydro electrification intervention by comparing outcomes of the hypothetically treated group with the hypothetically non-treated group. These four "hypothetical treatments" are delineated in Table 5, and basically resort to the median values in the distributions of the predicted probabilities, since roughly half the population in the electrified regions is grid-connected. The corresponding impact predictions are given in Table 6.
< Tables 5, 6 about here >

As in the regression analyses in the previous sections, for each of the four hypothetical treatments Table 6 first reports a "raw", i.e. unadjusted, predicted impact, and then sequentially adds sets of covariates. In general, given the only slightly varying assumptions about which parts of the probability distribution to consider, the results are rather similar across hypothetical treatments, in particular regarding hyptreat1, hyptreat2, and hyptreat4. All predict a strong and statistically significant impact on lighting hours, no impact on childrens' studying at home, and some raw impact on household income, whose size strongly diminishes and whose significance disappears once further covariates are included in the regression.
The most interesting hypothetical treatment might be hyptreat3, predicting the electrification impact for households likely to connect in the to-be-provided-with-access region on the basis of those households in the already-provided-with-access region that actually did connect. This exercise predicts large impacts on lighting hours, some indication on potential impacts on childrens' studying, and also indications on beneficial impacts on household income, at least in the specifications without covariates and with pre-determined covariates only. 
6. Impact assessment using propensity score matching
In a final step of our analysis, we focus further on the group of households within the treatment sample that did connect to the grid. That is, we will consider these 129 connected households as the treatment population for our final analysis, and use the pool of 269 households in the non-access villages as potential controls for a matching analysis.

The general idea of matching methods is to mimic a randomized experiment, with the aim of inferring a causal effect of some specific treatment on certain outcome variables.
 This essentially requires identification of the relevant counterfactual, i.e. what would have happened to the treatment group if it had not been exposed to treatment? Then the causal effect is given by the difference between the factual (=exposed to treatment) and counterfactual (=not exposed to treatment) outcomes, for the population receiving the treatment. In our context the outcomes of interest are (i) lighting hours, (ii) childrens' time studying at home, and (iii) household income. Treatment is the connection of the household to the grid. 
Hence, consider the following binary treatment: the household connecting to the grid, or not connecting. The variable 
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 captures post-treatment outcomes of the variable of interest.
 Thus, the unit level causal effect given by 
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 is never directly observable. The essential conceptual point is that nonetheless each individual household has two possible outcomes associated with itself, where one realization of the outcome variable can actually be observed for each household, and the other one is a counterfactual outcome. 

Since individual-level effects cannot be observed, the estimand of interest should be a measure that summarizes individual gains from treatment appropriately. Of specific interest is the average treatment effect for the treated population (ATET), 
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where the expectations operator E(.) denotes population averages. Still, only the first of the population averages in the ATET parameter is identified from observable data, whereas the second one is not, since the outcome under no-treatment Y0 is not observed for treated households D=1. This is precisely the counterfactual of interest: What outcome would the treated units have realized if they had not been exposed to the treatment? Since treatment is not randomly assigned, it is necessary to consider a vector of observed pre-treatment variables, or covariates, X, in order to identify the counterfactual. 

Then consider the following identifying assumption: The assignment mechanism D is independent of the potential outcomes (Y0,Y1) conditional on X. This conditional independence assumption is commonly referred to as unconfoundedness (Imbens 2004) or strong ignorability (Rosenbaum and Rubin 1983) and constitutes the counterpart to the exogeneity assumption in regression models. By the unconfoundedness assumption it is possible to replace the no-treatment outcome for the treated population with the no-treatment outcome of the non-treated, i.e. comparison, population:
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This covariate-adjusted ATET is identified from observable data. Instead of adjusting for the full vector X it is also possible to adjust for the propensity score, i.e. the conditional probability of receiving the treatment, given X (cf. Rosenbaum and Rubin 1983 and Rosenbaum 1995 for details) – a result that has led to widespread use of this methodology in empirical applications. 

Matching then proceeds as follows. We estimate the propensity scores for two specifications, one "parsimonious specification" including the pre-determined household variables only, and one "full specification" also including the sets of "house" and "employment" variables, as above. The resulting distributions are plotted in Figures 3a and 3b, showing that the estimated scores from the full specification are much more dispersed.

< Figures 3a, 3b about here >

Then we use standard STATA code
 to estimate ATETs using two matching variants, one that stratifies treatment and control samples on the estimated score and thus uses all observations, and one Nearest Neighbor matching using only the most comparable control observations. Tables 7a and 7b contain the results for the two specifications. The tables also distinguish between ATET estimates based on all observations and estimates based on common support only, i.e. overlap of propensity scores for the treated and control observations.
< Tables 7a, 7b about here >
The results, again, show a large and statistically significant impact on lighting hours. They do not indicate, however, an impact on children's studying hours at home. Finally, results from the parsimonious score specification show large and significant impacts on income. These are not so clearly expressed for the full specification, which also includes employment variables accounting for household income. In particular, the Nearest Neighbor variant does not find any significant impact on income, even though the coefficient is still large. This may have to do with the strong reduction in sample size for this ATET variant (only a quarter of control observations used).
7. Conclusion

This paper analyzes impacts of rural electrification on the basis of ex-ante data from Rwanda. The baseline study is designed in a way that allows for an ex-ante impact assessment. To this end, we proceed in three steps. First, we present an in-depth descriptive analysis of the data, pointing out likely impacts of the intervention. Second, we predict impacts for not-yet-connected households that are likely to connect once provided with access, on the basis of quantitative information on already-connected households in access regions. Third, we estimate the impact of grid-connection for connected households using propensity score matching. As the descriptive analysis of the first step points to potential selection and simultaneity biases, we believe that the quantitative analyses of steps two and three are necessary to provide a robust assessment of electrification impacts.
Findings from this impact assessment reveal several statistically significant outcomes and are partly supportive of existing anecdotal evidence on electrification impacts. Firstly, the strong impact on lighting hours proves that the intervention does reach the target population. Regarding the second outcome, primary school children’s study efforts at home, we find some indication that children in those households that connect to the grid on average spend more time studying, relative to non-connected households. Since, however, we do not find such an effect when comparing connected households to counterfactual households from the non-access region in our matching analysis, it may be that this effect is triggered by unobserved factors determining type of household rather than by electrification. Still, a somewhat beneficial impact of grid-connection on children’s studying hours cannot be ruled out. This finding has to be corroborated especially for secondary school children, where home studying tends to be more relevant. The present data set could not be used to analyze this aspect, since secondary education in Rwanda is commonly provided at boarding schools. Moreover, beneficial impacts on household income also seem to materialize for connected households. The channels through which these – seemingly sizeable – effects materialize, however, cannot be identified on the basis of the available baseline data, and are thus subject to further investigation. Finally, whereas it remains unclear to which extent the impacts on the level of intermediate outputs identified in this paper translate into measurable impacts on the level of ultimate development outcomes, the findings of our analysis point to the conclusion that households in rural parts of Rwanda benefit from electrification interventions.
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Table 1. Summary Statistics 
	 
	Treatment:
	Control:
	 

	
	Access villages
	Non-access villages
	|t|

	
	
	
	

	N households
	273
	269
	

	N connected
	129
	6
	

	N not connected
	143
	259
	

	
	
	
	

	Household variables:
	
	
	

	HH Size
	5.18
	5.57
	2.08

	Number of children
	2.26
	2.63
	2.60

	Age Father
	40.90
	42.50
	1.30

	Age Mother
	38.66
	39.06
	0.36

	Female HH head
	0.22
	0.19
	0.79

	Education years father
	8.22
	5.91
	5.53

	Education years mother
	6.53
	4.54
	5.69

	
	
	
	

	House variables:
	
	
	

	Own house
	0.84
	0.92
	2.88

	Cement floor
	0.49
	0.33
	3.75

	Stone wall 
	0.33
	0.12
	6.12

	Glass window
	0.52
	0.23
	7.18

	No transport
	0.84
	0.85
	0.40

	
	
	
	

	Employment variables:
	
	
	

	HH Subsistence farmer
	0.42
	0.65
	5.53

	Civil service Father
	0.26
	0.14
	3.19

	Civil service mother
	0.17
	0.06
	4.09

	Services: Father
	0.28
	0.19
	2.21

	Services: Mother
	0.09
	0.02
	3.22

	
	
	
	

	Outcomes:
	
	
	

	Lighting hours
	11.22
	4.14
	7.90

	Kids studying home
	0.84
	0.69
	1.59

	Income
	653252
	334937
	4.96

	Income per work-age adult
	367652
	183264
	4.40


Table 2. Regression-adjusted impact of electrification – significance of the "access" coefficient
	 
	Lighting hours
	Kids studying home
	Income per work-age adult

	Raw effect
	yes, 1%
	no
	yes, 1%

	plus HH variables
	yes, 1%
	no
	yes, 5%

	plus house variables
	yes, 1%
	no
	no

	plus employment variables
	yes, 1%
	no
	no

	
	
	
	

	Remarks
	 
	Parental education
	Parental education


Note: The table reports the respective level of statistical significance of the (always positive) coefficient on the dummy variable "access" in a linear regression of the three outcomes (columns 2 – 4) on sequentially augmented covariate sets: "Raw effect" = access dummy only, then subsequently adding the household, house, and employment variables detailed in Table 1. Full regression outputs are available upon request.
Table 3. Regression-adjusted impact of electrification – significance of the "connected" coefficient for the treatment group only

	 
	Lighting hours
	Kids studying home
	Income work-age adult

	Raw effect
	yes, 1%
	yes, 1%
	yes, 1%

	plus HH variables
	yes, 1%
	yes, 1%
	yes, 5%

	plus house variables
	yes, 1%
	no
	no

	plus employment variables
	yes, 1%
	no
	no

	
	
	
	

	Remarks 
	other variables virtually 
no influence
	at margin of significance, 
other variables virtually no influence
	Parental education
Job type


Note: The table reports the respective level of statistical significance of the (always positive) coefficient on the dummy variable "connected" in a linear regression of the three outcomes (columns 2 – 4) on sequentially augmented covariate sets, using the treatment group only. "Raw effect" = connected dummy only, then subsequently adding the household, house, and employment variables detailed in Table 1. Full regression outputs are available upon request.

Table 4. Correlates of being "connected" in the treatment group – Linear Probability Model 
	 
	Coeff.
	t
	Coeff.
	t
	Coeff.
	t

	HHsize
	0.032
	2.32
	0.013
	1.08
	0.016
	1.25

	Age household head
	0.010
	3.85
	0.004
	1.77
	0.003
	1.46

	Education household head
	0.050
	7.38
	0.020
	2.9
	0.018
	2.31

	Female head
	-0.051
	-0.71
	-0.012
	-0.19
	-0.026
	-0.4

	Own house
	
	
	0.081
	1.13
	0.081
	1.11

	Stone wall
	
	
	0.183
	2.9
	0.184
	2.91

	Glass window
	
	
	0.164
	2.68
	0.158
	2.51

	Cement floor
	
	
	0.344
	5.95
	0.342
	5.86

	No transport
	
	
	-0.016
	-0.23
	-0.021
	-0.29

	Subsistence farmer
	
	
	
	
	-0.039
	-0.4

	Civil service: head
	
	
	
	
	-0.023
	-0.22

	Services: head
	
	
	
	
	-0.102
	-1

	
	
	
	
	
	
	

	Constant
	-0.456
	-3.08
	-0.275
	-1.63
	-0.192
	-0.96

	N
	255
	
	249
	
	249
	

	R-squared
	0.21
	 
	0.43
	 
	0.44
	 


Note: Results of a linear regression of the binary dependent variable "connected" on sequentially augmented covariate sets.

Table 5. Definition of "hypothetical treatments"

	
	"treated"
	"non-treated" = controls

	Hyptreat1
	Households from treatment group with prob(connect) above the control group median = overlap with the top 50% of the control distribution

N = 161
	Top 50% of the control distribution

N = 131

	Hyptreat2
	Top 50% of the treatment group distribution

N = 129
	Top 50% of the control distribution

N = 131

	Hyptreat3
	Actually connected in the treatment group

N = 129
	Top 50% of the control distribution

N = 131

	Hyptreat4
	Top 50% of the treatment group distribution

N = 129
	Households from control group with prob(connect) above the treatment  group median = overlap with the top 50% of the treated distribution

N = 90


Table 6. Impact prediction – Comparison of connected (predicted to connect) households in the treatment group with comparable (likely to connect) households in the control group
	 
	 
	lighting hours
	Kids studying home
	Income work-age adult

	
	
	
	
	

	Hyptreat1
	raw effect
	9.25***
	0.07
	243756***

	
	plus HH variables
	8.91***
	-0.08
	87642

	
	plus house variable
	7.17***
	-0.13
	28841

	
	plus employment variables
	7.08***
	-0.14
	9726

	
	
	
	
	

	Hyptreat2
	raw effect
	9.66***
	0.12
	326888***

	
	plus HH variables
	8.04***
	-0.13
	91096

	
	plus house variable
	6.67***
	-0.19
	42786

	
	plus employment variables
	6.44***
	-0.22
	20049

	
	
	
	
	

	Hyptreat3
	raw effect
	15.09***
	0.24*
	290497***

	
	plus HH variables
	15.34***
	0.2
	206039***

	
	plus house variable
	12.85***
	0
	83824

	
	plus employment variables
	12.91***
	0
	67899

	
	
	
	
	

	Hyptreat4
	raw effect
	8.61***
	-0.03
	285000***

	
	plus HH variables
	8.45***
	-0.12
	140689**

	
	plus house variable
	6.4***
	-0.16
	88727

	 
	plus employment variables
	6.26***
	-0.18
	68835


Significance levels indicated as *** 1%, ** 5%, * 10%.

Table 7a. Average Treatment Effects on the Treated – Matching with Parsimonious Propensity Score Specification

	 
	 
	N 
treated
	N 
controls
	lighting 
hours
	Kids 
studying home
	Income 
work-age adult

	
	
	
	
	
	
	

	ATET Stratification
	all observations
	117
	256
	15.69***
	0.16
	259393***

	
	common support
	117
	253
	15.69***
	0.15
	259190***

	
	
	
	
	
	
	

	ATET Nearest Neighbor
	all observations
	129
	81a
	16.02***
	0.15
	341646***

	
	common support
	122
	73b
	16.05***
	0.18
	336767***

	 
	 
	 
	 
	 
	 
	 


Notes: 
a For the outcome "Kids studying home" N controls = 38.
b For the outcome "Kids studying home" N controls = 34.
Significance levels indicated as *** 1%, ** 5%, * 10%.

Table 7b. Average Treatment Effects on the Treated – Matching with Full Propensity Score Specification 

	 
	 
	N 
treated
	N 
controls
	lighting 
hours
	Kids 
studying home
	Income 
work-age adult

	
	
	
	
	
	
	

	ATET Stratificatione
	all observations
	120
	248
	14.85***
	0.03*
	205043**

	
	common support
	120
	218
	14.85***
	0.03
	204502**

	
	
	
	
	
	
	

	ATET Nearest Neighbor
	all observations
	129
	61c
	15.63***
	0
	163156

	
	common support
	120
	50d
	15.59***
	-0.03
	155693

	 
	 
	 
	 
	 
	 
	 


Notes: 
c For the outcome "Kids studying home" N controls = 27.

d For the outcome "Kids studying home" N controls = 20. 

e Bootstrapped standard errors with 50 replications. 

Significance levels indicated as *** 1%, ** 5%, * 10%.

Figure 1. Project and control sites
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Red circles represent PSP Hydro villages that are not yet electrified, but will be over the coming years. Blue circles are villages already provided with electricity.
Figure 2a. Predicted probability to connect – treatment group
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Figure 2b. Predicted probability to connect – control group
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Figure 3a. Estimated propensity score – parsimonious specification
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Figure 3b. Estimated propensity score – full specification
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� The results of this probit regression (when expressed in marginal effects) are very similar to the results presented in the first column in Table 4. We use a probit model such that the predicted probabilities are bounded between 0 and 1. We include household variables only, because the other covariates are likely not pre-determined, as borne out by the results in Table 4, columns 2 and 3.


� Matching methods have become extraordinarily popular in impact evaluation analyses, above all in labor economics, over the last one to two decades, and a multitude of methodological and applied articles exists. For an overview, cf. e.g. the introduction in Augurzky and Kluve (2007) and the article by Imbens (2004).


� To keep the notation simple there is no further distinction between Y indicating lighting hours, childrens' study efforts, and income. The empirical analysis assesses effects on all three outcomes.


� That is, the commands "pscore" and a set of average-treatment commands developed and made available by Sascha Becker, University of Stirling (UK) and Andrea Ichino, University of Bologna (Italy).
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