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ABSTRACT 

Despite substantial past investment and continued interest in irrigation dam construction in Nigeria, evidence on the im-
pact of such dams on household welfare is generally scarce. In particular, relatively few studies have been done on the 
geographical scope that their benefits may reach, despite growing evidence from elsewhere that the benefits of large 
irrigation dams can extend beyond the districts or hydrological basins that contain them, reaching particularly to hydro-
logical basins located downstream. This study assesses the short-term effects of large irrigation dams on household con-
sumption in the northern part of Nigeria. Using two rounds of the Nigeria LSMS survey, we apply multinomial logit inverse 
probability weighting (MIPW) methods to construct matching samples across three different types of hydrological basins 
– dam basins, which are basins that contain large irrigation dams and the area upstream of such dams; downstream ba-
sins, which are located downstream of large irrigation dams; and non-dam basins, which are not associated with large 
irrigation dams. Our analyses particularly focus on the benefits provided by such dams for mitigating the drought risks 
faced by farm households. Drought is an important factor that affects adversely the welfare of farm household in Nigeria. 
Supplemental irrigation is often used during drought to provide water to crops. 

We find that in 2010 and 2012 farm households in downstream basins were relatively less affected by drought 
and enjoyed relatively stable between-season growth rates of real per capita income and food consumption compared to 
comparable households in dam basins or in non-dam basins. These findings are consistent with the hypothesis that such 
households are able to limit the damage drought might cause on their own food production. We link these findings to the 
following policy messages: (1) downstream hydrological basins are important geographical units to include in assessing 
the benefits from construction of large irrigation dams in Nigeria; and (2) decisions on where to construct new large irriga-
tion dams or which existing dams to rehabilitate should be partly guided by information on the agricultural productivity 
and income levels of households in downstream hydrological basins relative to the basins within which construction or 
rehabilitation of such dams is planned. 

 

1. BACKGROUND 

Agriculture provides an important source of income and food security in low-income countries worldwide. Irrigation is an 
important agricultural technology that enables both agricultural intensification and rainfall risk mitigation. Globally, the 
share of cultivated land that has been equipped for irrigation increased from 13 to 21 percent between 1970 and 2012 
(FAO 2014). In many countries in sub-Saharan Africa, like Nigeria, however, the share has remained much lower. De-
spite an irrigation potential of 3 million ha (You et al. 2011) or 10 percent of Nigeria’s cultivated area, only about one per-
cent of cultivated land in Nigeria is irrigated. 

Dams are important storages of irrigation water globally. In 2000, approximately 30 percent of the irrigated area 
in the world was irrigated by dams (Duflo and Pande 2007). There has been continued interest by donors in investments 
to improve the utilization of irrigation dams in sub-Saharan Africa countries like Nigeria – for example, in 2014 the World 
Bank started in Nigeria a $500 million project entitled “Transforming Irrigation Management in Nigeria”. Consequently, 
deeper knowledge about the impact of dams on household welfare remains critical in better informing such efforts.1 

An important element in assessing the household level impact of large irrigation dams is the spatial distribution of 
their benefits. Such effects operate both at micro-level within, for example, a particular irrigation scheme and at macro-
level across districts or hydrological basins. At the macro-level, downstream regions often benefit more than the areas 
that contain dams. The literature shows that such distributional effects are clearly observed through district level indica-
tors of agricultural production and incomes (e.g., Duflo and Pande 2007) or land-pixel level indicators of agricultural pro-
duction (e.g., Strobi and Strobi 2011). These studies suggest that the distributional effects of large irrigation dams can 
extend beyond districts or hydrological basins that contain the dams and well beyond the area of the irrigation schemes 
that are typically located next to the dams. Specifically, these studies reveal that a substantial share of the benefits of 
large irrigation dams accrue to the hydrological basins that are located downstream of the basins containing the dams. 

                                                                 
1Investigating the effects of irrigation dams on household welfare is also important because dams have not always been a major source of irrigation 
growth. For example, in Japan, rivers account for 70 to 80 percent of the total irrigated area (Gomi 1978), despite the fact that Japan has more than 
1,500 large agricultural dams with heights of 15 m or more, and more than 200,000 small reservoirs. Seventy percent of irrigation water is provided by 
other sources than dams worldwide. Expansion of irrigation has sometimes been led by private sector investments into river diversions or through the 
use of motorized pumps to extract underground water (Goldman and Smith 1995; Villholth 2013; Takeshima 2016b). In such circumstances, the impact 
of dams on household welfare across basins is likely to be weaker.  
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However, in Nigeria, historically, the construction and rehabilitation of large irrigation dams had involved little dis-
cussion on the geographical areas that may benefit from the dams. Oftentimes, irrigation dams were built with an insuffi-
cient understanding of engineering and local hydrology (Andræ and Beckman 1985). The characteristics of Nigeria’s hy-
drological basins, as in many other countries in Africa, are not well known or have only recently been investigated. Most 
large dams on the continent were built before 1990. Clearly, there was a limited understanding of where and to what sort 
of households the potential benefits of such dams would extend. In a recent donor report summarizing the Nigerian gov-
ernment’s water management strategies (FAO et al. 2014), it was observed that the locations of the intended beneficiar-
ies of these strategies are not clearly identified, other than those resident in the irrigation schemes typically located im-
mediately next to the dams. Little to no attention is paid to the potential benefits such large irrigation dams may provide 
households located in basins downstream of the dam. 

It is therefore important to better understand how the benefits of large irrigation dams may be distributed across 
geographical units like hydrological basins. One of the primary benefits from such dams for downstream areas may be 
the role the dams play in mitigating the effects of drought. Irrigation plays an important role in mitigating the effects of 
drought. Although much of the irrigation out of such dams occurs in the dry season, the ability to use the water stored in 
the dams to supplement the limited rainfall obtained by crops during drought periods is an important secondary benefit 
these dams provide.  

Evidence is relatively scarce on the macro-level distributional effects of large irrigation dams on household level 
welfare and how these dams mitigate weather-related risks, such as droughts, that remain a major threat to agricultural 
productions in sub-Saharan Africa. We address some of this knowledge gap by using data from the Nigeria Living Stand-
ard Measurement Study (LSMS). From both policy and research perspectives, Nigeria is an appropriate case for examin-
ing the household welfare impact of irrigation dams in sub-Saharan Africa. Nigeria has more than 200 dams, of which 57 
are large irrigation dams, one of the largest concentration of such dams in Africa (FAO 2015; FMWR 2007). Substantial 
shares of the population in Nigeria live in hydrological basins associated with these large irrigation dams. In addition, the 
total reservoir capacities of dams in Nigeria is greater than that found in relatively more advanced countries in Africa, like 
South Africa and Morocco. Nigeria invested 3 billion US dollars between 1970s and 1980s for the constructions of dams 
(Pradhan 1993, p.21). While many of these dams still continue to operate, little rigorous assessment of their impact on 
surrounding populations has been conducted. Lastly, the LSMS data from Nigeria are appropriate for such a study as 
they allow comparisons of households in dam-related basins across wide geographical regions. This improves the exter-
nal validity of the results, enabling the result to be more broadly applied across Africa. 

The fact that most large irrigation dams in Nigeria were built before 1990 poses some challenges in identifying 
their impacts on household welfare using recently collected LSMS data. We address this issue by constructing suitable 
counterfactual samples with varying spatial relationships to dams, so that these comparisons can mimic comparisons of 
households before and after dam construction. Specifically, following Strobi and Strobi (2011), we identify three types of 
hydrological basins in Nigeria – dam basins, which are basins that contain large irrigation dams and the area upstream of 
such dams; downstream basins, which are located downstream of dams; and non-dam basins that are not associated 
with dams. We apply a multiple-treatment inverse probability weighting method (Cattaneo 2010; Cattaneo, Drukker and 
Holland 2013) to jointly estimate the treatment effects for a household of switching from one type of basin to the other. 
We further improve the quality of our sample matching by focusing on the first differences of outcome indicators by ex-
ploiting the panel structure of waves 1 and 2 of the LSMS survey. 

Our analyses suggest that in 2010 and 2012, households in downstream basins were relatively less affected by 
drought and enjoyed relatively stable between-season growth rates of real per capita income and food consumption, 
compared to what households in other types of basins experienced. This is likely to be partly due to irrigation limiting the 
damage of drought on food production for households in downstream basins. 

Our results contribute to the literature in several ways. First, they support earlier findings that dams in developing 
countries can exert considerable distributional effects on household welfare across wide geographical areas, such as 
hydrological basins, transferring greater benefits to downstream basins than to other types of hydrological basins. Sec-
ond, they show that these effects may materialize both at the regional level and at the household level in ways that partly 
shield households from drought risks, an aspect of household welfare that has not been studied in the literature. In addi-
tion, our results offer important policy guidance, as is discussed in detail in the conclusion section.  

2. POSSIBLE MECHANISMS FOR THE DISTRIBUTIONAL EFFECTS OF 
LARGE IRRIGATION DAMS ACROSS HYDROLOGICAL BASINS 

While our analyses focus on the effects of large irrigation dams on household incomes across hydrological basins and, 
consequently, cannot directly assess the mechanisms of such effects, here we briefly discuss potential mechanisms to 
aid in the causal interpretations of our results.  



 

3 

Large irrigation dams can stabilize water flow to downstream basins by artificially controlling discharge. Indeed, 
dam systems are often best suited to stabilize downstream water flow, rather than to improve water availability in areas 
surrounding the dams. While it is possible to improve water supply to areas surrounding dams, doing so is costly be-
cause the beneficiaries are generally not located in areas to which water flows naturally. Consequently, greater costs 
must be incurred for conveying water to them.  

During droughts, dams stabilize water flows to downstream regions and help maintain local water table levels. 
These functions of such dams enable beneficiary farmers downstream to obtain irrigation water at lower costs than other-
wise would be the case. The higher water table and greater water volume in the river allows irrigation through groundwa-
ter pumping or through river diversion of a greater area than would be possible without the dam. Moreover, the higher 
water table also generally reduces irrigation water extraction costs, saving fuel or making feasible the use of cheaper, 
lower capacity pumps.  

Not all farmers downstream of such dams will adopt irrigation because many farmers may still find the costs of 
irrigation to be too high. However, even under rain-fed conditions, the higher water table underground downstream of 
such dams can facilitate water extraction by plants from the soil, allowing the plants to better survive the drought period. 
This can lead to greater and more stable production even under famer producing crops exclusively under rain-fed condi-
tions. While some plants, such as certain varieties of cowpeas that have deeper roots (Thomas and Adams 1999) may 
be generally resilient against declining water table during drought, those varieties are not always available to farmers 
everywhere.  

Stabilizing the water supply downstream of dams through changes in water discharge regimes will also affect 
hydrological conditions surrounding the dams or upstream of them, but often in an opposite direction. For example, dur-
ing drought, more water may be discharged from dams, benefiting those needing additional water downstream. However, 
this action can results in a lowering of the water table in areas surrounding or upstream of the dam. Providing more water 
to areas downstream of the dam can exacerbate the negative effects of drought in areas surrounding or upstream of the 
dam.  

However, these mechanisms may not always significantly affect household incomes. Consequently, whether 
large irrigation dams have significant effects on household incomes across hydrological basins is ultimately an empirical 
question. Farmers, for example, may have alternative ways to insure themselves against drought, such as through live-
stock rearing. Many farmers also may be growing traditional crops or varieties that may be low yielding but often resistant 
to drought, so do not realize significant benefits from the large irrigation dams. Alternatively, hydrological conditions in 
certain areas of Nigeria may be such that dams simply do not stabilize the water supply in intended locations. Our study 
is motivated to provide some insights into this empirical question. 

3. EMPIRICAL FRAMEWORK 

The general structure of our empirical model is, 

𝑌𝑌 = 𝑓𝑓(𝐵𝐵, 𝑆𝑆|𝑋𝑋) + 𝜀𝜀 (1) 

where a set of outcome variables of interest (Y) are a function of the type of hydrological basin in which a study house-
hold is resident (B) and drought shock (S), given key exogenous household characteristics (X) and idiosyncratic error (ε). 

Attributing variations in key outcomes, Y, for a household to the type of hydrological basin, B, in which a house-
hold is located raises several methodological challenges.2 First, households compared across different types of basins 
may have inherently different characteristics, so that differences observed in the outcomes of interest cannot be readily 
attributed to the basin type. This can be partly mitigated by focusing on first-differenced outcome variables (such as 
changes in an outcome of interest between particular time periods), rather than on levels. First differencing minimizes 
bias due to unobserved time-invariant household fixed effects, which may be correlated with S or X. We exploit the 
within-wave panel structure of the Nigeria LSMS data to construct first-differenced outcome variables. Comparing the 
difference in these first-differenced outcome variables across B allows us to employ difference-in-differences (DID) im-
pact evaluation methods. 

Second, even after unobserved household-specific characteristics are eliminated through first differencing, varia-
tions in the first difference across basin types may be still caused by other factors that may be correlated with the basin 
types. This can happen if, for example, the first-differenced idiosyncratic error (𝛥𝛥𝜀𝜀𝑖𝑖𝑖𝑖) is still correlated with B. In such 

                                                                 
2Since our study focuses on short-term effects, we do not worry about endogeneity associated with the constructions of dams per se, a concern high-
lighted by Duflo and Pande (2007), Sarsons (2015), and Strobi and Strobi (2011). However, different types of endogeneity remain, as described in this 
section. 
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case, first differencing is insufficient for effectively addressing the endogeneity of B. We still need to compare households 
in different hydrological basins with similar characteristics. 

In order to address the second challenge, we both select and stratify our analytical sample of study households 
and apply a multiple-treatment inverse probability weighting method (MIPW) to generate comparable samples across 
basins. In the impact evaluation literature, inverse probability weighting is often used to improve the balancing properties 
of samples across treatment levels (Wooldridge 2007).3 In the context of our study on the household-level impact of irri-
gation dams in Nigeria, MIPW attaches greater analytical weights to households in each type of basin whose characteris-
tics are such that they are less likely to be found in the particular basin. The logic behind the use of inverse probability 
weighting is that the outcomes or behaviors of households in downstream basins, for example, who particular character-
istics are shown to not be closely associated with being a resident in downstream basins (and thus more likely to be in 
other basins), provide more useful information about how households in other basins benefit from switching to down-
stream basins than do other more typical household resident in downstream basins. This is because there are more 
households with such characteristics in other basins, for whom this information is relevant. Conversely, typical house-
holds in downstream basins, who characteristically are more likely to be in downstream basins and less likely to be in 
other basin types, offer relatively less useful information about the household-level benefits of switching their residence 
from other basin types to downstream basins. This is because there are few households with such characteristics in the 
other basin types in the first place. 

We call our specification DID-MIPW, as it combines both DID and MIPW. Appendix A describes in detail the esti-
mation procedure of MIPW. 

4. DATA AND DESCRIPTIVE STATISTICS

Household-level outcome variables and household characteristics for this analysis were largely obtained from the Nigeria 
LSMS data. These data have been collected jointly by the National Bureau of Statistics of Nigeria (NBS) and the World 
Bank and are nationally representative. The 5,000 household sample was selected through multiple-stage stratified ran-
dom sampling based on NBS-defined enumeration areas (EA). Approximately 3,000 of the sample households are farm 
households. Data were collected in two waves, 2010/11 and 2012/13. In each wave, the same households were inter-
viewed twice, once in the post-planting season and once in the post-harvesting season. For the analysis here, the LSMS 
data were combined with data on hydrological basins, dams, and drought. 

The hydrological basins in Nigeria used in this analysis were extracted from estimations by Masutomi et al. 
(2009), which improves on the popularly used Hydro1k data set of the United States Geological Survey. Nigeria is esti-
mated to have 565 hydrological basins with an average size of approximately 1,600km2, or 40km by 40km.4 Out of ap-
proximately 200 dams in Nigeria, 57 of them are both large with a reservoir capacity greater than 3 million m3 and were 
constructed for irrigation purposes, among others (FMWR 2007; FAO 2015). Using the locations of these dams, as well 
as information provided in Masutomi et al. (2009), we classify each hydrological basin into one of three categories – 
(1) dam basins, which are areas supplying water into the reservoir of a large irrigation dam; (2) downstream basins,
which are downstream from at least one large irrigation dam; and (3) non-dam basins which are areas not associated
with any irrigation dam.

3IPW relies on the ignorability assumption, in which the probability of being found in particular types of basins and the effect of switching the type of 
basins is independent, given the covariates. As is described in the empirical section, this restriction is somewhat weakened when we focus on average 
treatment effects on the treated (ATT) rather than average treatment effects (ATE). 
4While the average size of hydrological basins in Nigeria seem large, these are smaller than those used in an India study by Duflo and Pande (2007). 
Moreover, some studies suggest that dams can affect hydrological conditions across basins. For example, Thompson and Polet (2000) suggest that, in 
part due to upstream water development, the maximum extent of flooding in the Hadejia-Jama'are area in Nigeria has declined by about 60 percent 
since the 1960s. 
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Figure 1—Classification of hydrological basins in Nigeria based on large irrigation dams 

Based on this spatial division of the country into hydrological basins, we then determine in what sort of basin 
each of the EAs use for selecting the LSMS sample households was found. LSMS sub-samples were created based on 
whether the sample household was resident in a dam basin, a downstream basin, or a non-dam basin. Figure 1 illus-
trates the locations of the different types of basins, large irrigation dams, and the LSMS EAs across Nigeria. 

A drought index is based on soil moisture observations and ranges between 0 and 100, with 0 indicating the 
most severe drought and 100 indicating no drought. Drought indices for Nigeria were obtained from the African Flood 
and Drought Monitor (Sheffield et al., 2014; AghaKouchak 2015). From the daily drought index values extracted for each 
LSMS EA, we calculated average drought index between June and October, the period which typically covers the major 
cropping season in the North Central, North West and North East geo-political zones of Nigeria. 

Based on the drought index, we further stratify the LSMS sample into two groups, a mild or no-drought group 
and a severe drought group. We use the median value of the index (52.4 in our combined samples from 2010 and 2012 
LSMS) as a threshold.5 We then conduct analyses separately for these groups. Past studies used a similar stratification 
approach based on weather and climatic variables. For example, Takeshima and Yamauchi (2012) stratified Nigeria into 
several analytical categories based on historical variation in annual rainfall. 

4.1 Analytical Variables 
Outcome variables. Our outcome variables of interests are growth rates between the post-planting and the post-harvest 
season in per capita household income, the value of per capita household food consumption, and the value of per capita 
household food consumption that comes from own production. All variables are measured in monetary terms, with nomi-
nal values being converted to real values using a price index based on average local prices reported in the post-planting 
season for rice, maize and sorghum, the three main staple food crops in Nigeria. This index is used to partly control for 
spatial variations in prices. 

Household income is proxied by total household expenditure, which in developing countries often provides a 
more accurate assessment of household income than do direct measures of income (Deaton 1997). This variable is cal-
culated by aggregating the value of food consumption (home consumption converted into expenditure values using mar-
ket prices, as well as actual eating-out expenditures), which is also our second outcome variable, with expenditure on 
non-durable consumption goods, education for household members, health expenditures, net purchase of livestock, net 
purchase of household assets, housing expenses including utilities (water, electricity, fuels, land and mobile phones, re-
fuse disposal, and rent payments), net cash lending, net purchase of agricultural equipment, net of other unearned in-
come, and remittances received. Consumption and expenditure figures in each category are reported in the LSMS over 

5We use the median among downstream basins, in order to make sure there are enough samples from downstream basins in each group (because 
downstream basin sample is the smallest in the data). 

Irrigation dams with reservoir 
capacity of greater than 
3 million m3 

Areas not sampled in LSMS 
Dam basins 
Downstream basins 
Non-dam basins 

LSMS enumeration areas
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different time-periods. We therefore converted each component of household consumption and expenditure to its 12-
month equivalent. 

The third variable, the value of per capita household food consumption from own production, is used to proxy for 
food crop production. We measure food crop production through consumption figures rather than direct production, be-
cause in sub-Saharan Africa countries like Nigeria home-consumed food crops tend to be harvested over a long period. 
Consequently, reported production quantities may not accurately measure the total quantities of food crops produced 
(Deininger et al. 2012). 

Explanatory variables used in the first stage multinomial logit of DID-MIPW. In quantitative impact evaluation re-
search approaches that use methods that involve computing the probability of belonging to particular treatment regime 
(this includes propensity score matching approaches), covariates X are key socio-economic or agro-ecological character-
istics of households that are associated with the probability of the household being resident in a certain type of hydrologi-
cal basin B.  

Nevertheless, as far as estimating the effect of a household switching residence from one type of hydrological 
basin to another is concerned, our main interest, our approach works exactly in the same way as in typical impact evalu-
ation studies by constructing suitable counterfactuals for observed outcomes. The set of variables X are therefore se-
lected in the same way as in typical impact evaluation case. The number of variables, however, is limited to avoid the 
curse-of-dimensionality problem that can often lead to loss of efficiency (Zhao 2008), particularly with a small sample 
size, as is the case in our study. 

The set of explanatory variables X used in our study consist of (1) agroecological conditions; (2) household de-
mographics and human capital; (3) household wealth; (4) access to infrastructure and relevant public services; and 
(5) LSMS data wave dummy variables  The agro-ecological variables used include the Euclidean distance to the nearest 
major river, expressed as the natural log of geographical arc-minutes (Lehner, Verdin, and Jarvis 2006); the aforemen-
tioned drought index; the size of the hydrological basin in which a household is resident expressed as the natural log of 
square kilometers (Masutomi et al. 2009); the historical average annual rainfall in millimeters; and the elevation above 
sea level of the residence of the household expressed as the natural log of meters of elevation (USGS 1996).  

We also included among our agro-ecological variables the share of areas in the hydrological basin with gradients 
between 1.5 and 3.0 percent and 6.0 percent or above. Areas with gradients between 1.5 and 3.0 percent are most 
suited for building irrigation dams, as the land is not entirely flat so that water replenishes the dams at a sufficiently fast 
pace, but also the land is not too steep (not more than 3.0 percent) so that the reservoir area is sufficiently large relative 
to the dam height, which is ideal from the perspectives of economic storage capacity (Duflo and Pande 2007). In con-
trast, areas with sufficiently steep gradients (6.0 percent or above) enjoy the lower costs of producing hydroelectricity, so 
are suited for constructing dams primarily for hydroelectricity These slope conditions are often suitable for using dams for 
both irrigation and hydroelectricity purposes (Duflo and Pande 2007; Sarsons 2015). While our focus is on irrigation, suit-
ability for hydroelectricity in the basins may also affect the decisions to construct irrigation dams within the same basins 
(as dam constructions often involve significant local resources, and often force evictions of residents. A slope variable for 
our analyses was constructed using the GTOPO30 global digital elevation model (USGS 1996). This variable is used as 
an instrumental variable for dam construction in other studies. We include this variable in X so that the estimates can be 
interpreted more clearly as the effect of dams in areas that are similarly suitable for dam construction.  

The household demographic and human capital explanatory variables used include the age of the household 
head in years, household size expressed in natural log form, and the percentage share of working-age members with 
formal education. The wealth-related variables include farm size expressed as the natural log of square meters, a binary 
variable indicating whether the household has off-farm income sources (1 = yes), and the value of per capita non-agricul-
tural household assets expressed as the natural log of their values. Included in the explanatory variables related to ac-
cess to infrastructure and relevant public services are distance to the nearest major road expressed as the natural log of 
kilometers; distance to the nearest population center expressed as the natural log of kilometers; and a binary variable 
indicating whether the household has access to electricity (1 = yes). Access to electricity is included because hydroelec-
tricity provided by large irrigation dams is often a primary source of electricity (Barrios, Bertinelli and Strobl 2010). 

4.2 Analytical Samples 
We focus on certain sub-sets of our sample households that are homogeneous in terms of some key analytical variables 
in order to improve the balancing properties of the samples across basins. Specifically, we reduce the size of our primary 
analytical sample of study households from the LSMS based on Nigeria’s six geopolitical zones and specific states within 
those zones, some exogenous household characteristics, and local soil characteristics. 

We focus our analysis on the North Central, North West, and North East geopolitical zones of Nigeria, excluding 
the South East, South South, and South West zones. This is because the majority of large irrigation dams in Nigeria are 
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located in the Northern zones, and, in consequence, it is difficult to find sufficient dam basins and downstream basins in 
the southern zones. Moreover, there are sharp differences in household characteristics between the southern and north-
ern zones. In addition, our analytical samples are confined to the following nine states all of which have at least some 
observations in downstream basins; Adamawa, Bauchi, Benue, Borno, Jigawa, Kano, Kebbi, Niger, and Sokoto. Limiting 
the analysis to these states was found to substantially improve the balancing properties of the sub-samples in our analy-
sis. This potentially is because the presence of downstream basins within state boundaries may have resulted in a more 
similar set of agricultural policies and programs in these states than is the case in states without downstream basins. 

We further limited our samples based on the following criteria for inclusion: 

(a) farm households cultivating at least one farm plot; 
(b) households with at least one working-age member with at least primary education completed; 
(c) households without members employed in the government sector; 
(d) EAs in which at least one sample household does not have access to electricity;  
(e) for the mild or no-drought sub-sample, EAs with historical average annual rainfall of greater than 550 

mm; 
(f) areas with elevation no greater than 500 m above sea level; and 
(g) hydrological basins with areas no greater than 4915 km2 (8.5 in natural log). 

Criterion (a) ensures that we are not comparing farm households with households specializing in non-farm activities, the 
characteristics are which are likely to be very different. Criterion (b) ensures that we are not comparing households with 
very different educational backgrounds. Criterion (c) excludes households who may be different from other households in 
our sample in terms of access to various government programs. Criterion (d) excludes areas with high accessibility to 
electricity, as this is likely to differ across the types of basins given the role of dams in hydroelectricity supply. Criterion 
(e) excludes arid areas where household characteristics are found to be systematically different from the rest. Criterion 
(f) ensures that any effects due to differences in elevations across basins are minimized, which is particularly important 
given that downstream basins are often located at lower elevations than dam basins. Finally, criterion (g) tries to mini-
mize effects on households that may be due to differences in basin sizes. 

Soil type, which often significantly affect agricultural productivity and local economies based on farming, can vary 
considerably across different types of hydrological basins. Therefore the analyses focus on areas with similar soil types 
so that differences in outcomes are not driven by differences in major soil types. We limit our analysis to the areas in 
which six types of soils predominate, namely Arenosols, Fluvisols, Gleysols, Leptosols, Lixisols, and Nitisols, and where 
at least some observations are found in downstream basins. The analysis can be complicated if soil types themselves 
are affected by dam constructions, which can happen if dams affect inter-regional soil movement, particularly the alluvial 
movement of soils. We therefore rely on the Harmonized World Soil Map (FAO et al. 2012), which is based largely on soil 
surveys conducted in the 1960s and 1970s (FAO/UNESCO 1977). As is shown in Figure 2, a majority of the large irriga-
tion dams in northern Nigeria were built after the mid-1970s, while earlier dams were mostly built for hydroelectricity 
(Akanmu, Remi-John, and Ekpo 2011). Therefore, one can use the FAO et al. (2012) soil map assuming that local soil 
conditions were mostly exogenous to the decisions to construct a dam. 

Figure 2—Number of different types of dams completed in Nigeria, 1960 to 2010, cumulative 

 

Source: Authors’ compilation based on FAO (2015) and FMWR (2007). 
Note: The figure is based only on those dams for which the year of completion was known. 
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 This process of defining quite specific sub-samples to improve the matching quality of the final analytical sam-
ples considerably reduces the final sample size. The total sample size of 733 is approximately 20 percent of the original 
sample of farm households in the North Central, North West, and North East geopolitical zones in the two waves of the 
LSMS combined. However, this small sample size is of less concern because our analyses essentially focus on averages 
across hydrological basins, so that the statistical degrees of freedom for each hydrological basin is the sample size in 
each minus only one. In addition, our analyses are still meaningful. Because the number of large irrigation dams is rela-
tively large in Nigeria compared to other African countries, and LSMS samples of households are located across regions 
with diverse agroecological and socioeconomic characteristics, we can create counterfactual samples of workable size. 
Similar analyses are likely to be more difficult in other sub-Saharan Africa countries, where the number of large irrigation 
dams is often too small.   

4.3 Descriptive statistics 
Descriptive statistics (sample averages) of the explanatory variables used in the analysis for each type of basin are 
shown in Table 1 for the mild or no-drought sub-sample and Table 2 for the high drought sub-sample. We show both un-
weighted raw statistics, as well as inverse-probability weighting statistics in which samples in dam basin and non-dam 
basin are weighted accordingly so that sample distributions in these basins are similar to the sample distribution in down-
stream basins. The inverse-probability weighting statistics are based on the probability estimated through a multinomial 
logit model which is discussed in the next section. 

Table 1—Descriptive statistics for mild or no-drought sub-sample of households 

Categories 

Unweighted Inverse probability weighted 

Dam 
Down-
stream Non-dam F-test Dam 

Down-
stream 

Non-
dam F-test 

Sample size 51 89 83  51 89 83  
Euclidean distance to nearest major river, 

ln(arc-minutes) 
-4.190 -4.343 -4.345  -4.215 -4.343 -4.432  

Drought index, 0 = severe; 100 = no drought 37.271 41.502 41.146 *** 36.240 41.502 42.087 ** 
Size of hydrological basin, ln(km2) 7.699 7.663 7.473 ** 7.617 7.663 7.453  
Historical average annual rainfall, mm 1310.6 1255.2 1095.9 *** 1230.5 1255.2 1134.0  
Elevation, ln(m above sea level) 5.448 5.274 5.270 *** 5.380 5.274 5.228  
Natural log of share of areas with suitable 

gradient, ln(percent) 
-00283 .407 -.494 * -.563 .407 .628  

Age of household head, years 46.8 51.2 44.6 *** 51.9 51.2 53.8  
Household size, ln(number of members) 1.745 1.829 1.939  1.771 1.829 1.929  
Share of working-age household members 

with formal education 
.657 .768 .629 *** .759 .768 .726  

Farm size, ln(m2) 9.094 9.270 9.506  9.239 9.270 9.091  
Have off-farm income sources, 0/1 .569 .382 .566 ** .360 .382 .426  
Natural log of non-agricultural asset value, 

ln(equivalent of kg of cereal, per capita) 
4.060 3.855 4.270  3..793 3.855 3.834  

Distance to the nearest major road, ln(km) 1.707 1.169 1.912 ** 1.075 1.169 .952  
Distance to the nearest population center, 

ln(km) 
3.017 3.422 3.378 *** 3.324 3.422 3.256  

Access to electricity, 0/1 .078 .090 .325 *** .115 .090 .097  
2012 LSMS wave dummy variable, 0/1 .569 .494 .458  .554 .494 .499  
Source: Authors calculation based on multinomial logit analysis of Nigeria LSMS data. Asterisks indicate the joint difference in 
means across basin types at given statistical significance: *** 1%, ** 5%, and* 10%. 
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Table 2—Descriptive statistics for high drought sub-sample of households 

Categories 

Unweighted Weighted 

Dam 
Down-
stream Non-dam F-test 

Down-
stream dam Non-dam F-test 

Sample size 236 81 193  236 81 193  
Euclidean distance to nearest major river, 

ln(arc-minutes) 
-4.410 -4.173 -4.235 *** -4.272 -4.173 -4.459  

Drought index, 0 = severe; 100 = no drought 70.043 68.457 67.949 * 68.498 68.457 66.424  
Size of hydrological basin, ln(km2) 7.988 7.462 7.892 *** 7.466 7.462 7.488  
Historical average annual rainfall, mm 814.2 728.9 915.0 *** 739.3 728.9 727.5  
Elevation, ln(m above sea level) 6.024 5.922 6.014 ** 5.953 5.922 5.823  
Natural log of share of areas with suitable 

gradient, ln(percent) 
4.745 4.768 4.754  4.761 4.768 4.771  

Age of household head, years 49.2 43.1 47.7 *** 45.4 43.1 44.4  
Household size, ln(number of members) 1.903 1.833 2.028 *** 1.823 1.833 1.861  
Share of working-age household members 

with formal education 
.776 .848 .735 *** .882 .848 .817  

Farm size, ln(m2) 9.192 9.106 9.374 * 9.112 9.106 9.102  
Have off-farm income sources, 0/1 .682 .716 .819 *** .632 .716 .769  
Natural log of non-agricultural asset value, 

ln(equivalent of kg of cereal, per capita) 
3.859 4.262 4.492 *** 4.166 4.262 4.024  

Distance to the nearest major road, ln(km) 2.238 2.508 1.792 *** 2.588 2.508 2.139 * 
Distance to the nearest population center, 

ln(km) 
2.996 3.003 3.102  2.835 3.003 3.002  

Access to electricity, 0/1 .144 .111 .212 * .121 .111 .177  
2012 LSMS wave dummy variable, 0/1 .538 .593 .606  .569 .593 .700  
Source: Authors calculation based on multinomial logit analysis of Nigeria LSMS data. Asterisks indicate the joint difference in 
means across basin types at statistical significance: *** 1%, ** 5%, and* 10%. 

One way of checking the balancing properties of the samples is by examining whether the means of covariates 
are significantly different statistically across groups with different treatment status (Cavattasi et al. 2011; Takeshima 
2016a). Since our analysis deals with three treatment groups, we conduct an F-test. The unweighted columns in Table 1 
and Table 2  suggest that there are significance differences in the raw sample household characteristics across different 
types of basins, since the sample means are statistically significantly and jointly different across basins types for a major-
ity of variables. However, in the inverse-probability weighting adjusted samples, the differences for most variables be-
come statistically insignificant. In each of the tables, only one out of 16 variables in each sub-sample still exhibits statisti-
cally significant differences when weighted, which is expected under the null hypotheses that these samples are bal-
anced across basin types. These conditions ensure that differences identified through inverse-probability weighting in 
outcome variables are in fact due to the change in the types of basins, rather than any other confounding factors. 

The lack of evidence of the violation of balancing properties may be partly due to the small sizes of the sub-sam-
ples used in our analysis. However, small sample size also lowers the power of the test to detect the significant effect. 
Nevertheless, as is shown in the next section, we find statistically significant effects on outcomes. This indicates that the 
estimated effects are significantly different from idiosyncratic errors arising due to potential imbalances between the sub-
samples. 

5. RESULTS 

5.1 Main findings 
Table 3 presents the effects on the household welfare outcomes of switching residence across the different types of hy-
drological basins estimated using the Difference-in-Differences - Multiple-treatment Inverse Probability Weighting (DID-
MIPW) analytical method. 
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Table 3—Effects of switching household residence to a different type of hydrological basins, estimated as average 
effect of treatment on the treated  

Outcomes 
Drought-defined 

sub-sample 
Downstream vs. 

Dam basins 
Downstream vs. 
Non-dam basins 

Dam vs. 
Non-dam basins 

Growth rate in real per capita 
income 

mild or no drought -.181**  
(.079) 

-.066  
(.069) 

.088  
(.089) 

severe drought .213*  
(.126) 

.113  
(.141) 

-.101  
(.169) 

Growth rate in real per capita 
food consumption 

mild or no drought -.247***  
(.084) 

-.132 
 (.081) 

.093  
(.072) 

severe drought .311*  
(.147) 

.191  
(.177) 

-.120  
(.204) 

Change in real per capita 
consumption of food from own 
production over 6 months, in kg 
of staple foods 

mild or no drought -2.331  
(16.047) 

28.636  
(25.815) 

30.996  
(24.838) 

severe drought 65.977** 
(28.985) 

128.562* 
(77.026) 

62.584  
(79.499) 

Source: Authors’ estimations. 
Note: Treated = Downstream basin; Control = Dam basin. Numbers in parentheses are standard errors based on 
Huber/White/Robust sandwich estimators. 

In terms of the growth rates of both real per capita income and real per capita food consumption, households in 
downstream basins have benefited from greater growth (or less negative growth) where drought was severe, compared 
to what they would have experienced had they been resident in a dam basin, by 21.3 and 31.1 percentage points higher 
growth rates, respectively. However, these effects are reversed where the level of drought was mild or did not occur. In 
areas with severe drought, the greater effect of downstream basin residence may be partly due to greater food crop pro-
duction. In terms of real per capita food consumption, downstream basin households in areas with severe drought pro-
duced 66 kg more food per capita over a six months period from their own agricultural production than what households 
in dam basins produced. 

The negative effects of being in downstream basins when droughts were mild or did not occur are somewhat 
surprising. However, these results make better sense if we also assess the effect of drought on downstream-basin 
households. Table 4 presents the results of another set of Inverse Probability Weighting estimates conducted among 
samples within downstream basins, where treatment and control are now mild or no-drought and severe drought, respec-
tively.6 These results suggest that in the downstream basin households the effects of drought on the growth rates of real 
per capita income and food consumption were insignificant. These results, when combined with results in Table 3, 
weakly suggest that the downstream basin households are less affected by drought than households in other types of 
hydrological basins. 

Table 4—Effects of drought on growth rate of real per capita income and of food consumption among comparable 
drought-defined sub-samples within downstream basins 

Outcomes Growth rate of real per 
capita income 

Growth rate of real per 
capita food consumption 

Estimated effect and standard error .247  
(.167) 

.322 
 (.211) 

Note: Treated = Mild or no drought; Control = Severe drought. The sample is limited to the households resident at an elevation 
below 500m above sea level. Numbers in parentheses are Huber/White/Robust sandwich standard errors.  

A caution is needed when interpreting these results. The estimates are average treatment effects on the treated 
(ATT) rather than average treatment effects (ATE). Here households in downstream basins are considered “treated” 
households, so that estimates are relevant only to the treated households. ATT is often preferred to ATE because it re-
lies on less restrictive assumptions than ATE (see Appendix A for a detailed discussion). This advantage of ATT, how-
ever, limits the scope of interpretation. For example, while we can interpret that households in the downstream basins 
experienced faster growth rates in these outcome measures compared to what they would have experienced if they were 
in dam basin, we cannot assess whether or not a dam basin household experienced slower growth rates in the outcomes 
of interest compared to what they would have experienced if they were resident in a downstream basin. 

As was described above, the multinomial logit analysis in our case is not a structural equation, and we cannot 
make any causal interpretations. Therefore, we only show the multinomial logit results in Appendix B (Table 6). The sig-
nificance and magnitudes of estimated coefficients from this analysis weakly indicate how each variable affects the 
                                                                 
6Sample characteristics differ slightly across drought levels, and some treatment samples had to be dropped because their probability of treatment was 
too close to 1, violating the required conditions for an Inverse Probability Weighting methodological approach. 
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weights attached to each observation. For example, households located closer to a major river have higher probabilities 
of belonging to dam basins or non-dam basins, compared to downstream basins. If these households are actually in dam 
basins or non-dam basins, their outcomes receive lower weights than those located further away from the nearest major 
rivers in the estimation of ATT for switching their residence to downstream basins from dam basins or non-dam basins. 
As several variables are statistically significant, our MIPW approach significantly improves the balancing properties 
across many dimensions of household characteristics. 

5.2 Robustness checks 
A series of modifications were made to the analysis to assess the robustness of the results obtained through the pre-
ferred analytical approach described above. 

Different patterns of drought in the hydrological basins. Strobi and Strobi (2011) suggests that, in addition to drought 
conditions in downstream basins, drought conditions in dam basins can also affect downstream basins, particularly if 
drought conditions in dam basins and downstream basins are quite different. In our case, however, the drought condi-
tions are generally highly correlated between dam basins and downstream basins with correlation coefficients of around 
0.8. Therefore, this factor is not seen to significantly affect our results. 

Role of political factors. Water supply to the downstream basin can be affected by political factors, such as when a 
river crosses national borders (Strobi and Strobi 2011). In Nigeria, we consider similar situations in which water supply to 
the downstream basin is affected if the river crosses state borders. Specifically, following Strobi and Strobi (2011), we 
calculate for each basin the share of upstream dams that are beyond state borders, and add them as additional varia-
bles. We find the results obtained from doing so are qualitatively similar to the results presented in Table 3 and Table 4. 

Attrition in post-harvesting season. If attrition rates in the panel survey (non-response rates in post-harvesting sea-
son) are high and related to the outcome variables, not incorporating such attrition can lead to biased estimates. How-
ever, the extent of attrition in our sample was found to be very small. Therefore, this factor is unlikely to affect our results. 

Assumptions about the effect of the timing of drought. Our analysis assumes that the effect of drought during the 
production season is more pronounced in the post-harvesting season, rather than in the post-planting season. Some 
households can better predict the drought and cope with it by cutting consumption in the post-planting season, in which 
case the actual drought realization would be correlated with post-planting season consumption. However, the extent of 
this occurring may be limited due to several reasons. The ability to smooth consumption by reducing consumption during 
the post-planting season is generally limited because it is often the lean season of the year when consumption levels 
already are low compared to the post-harvesting season. This is particularly so if households are credit-constrained. Sim-
ilarly, consumption smoothing through local social network will also be limited under such conditions because weather-
related events like drought affect all households in the local community. The direct effect of drought on consumption dur-
ing the post-planting season is also limited because consumption during this period is mostly from the harvest of the pre-
vious year.  

In addition, the major staple crops – rice, maize, and sorghum – are harvested starting in October in Northern Nigeria, 
when most of the post-planting LSMS survey rounds were completed. As seen in Table 5, a majority of rice, maize and 
sorghum are planted in May or June in Northern Nigeria, which will be harvested after 5 months in October or November. 
Traditional, long-duration varieties with growing periods of 5 months or more still account for considerable shares of 
crops planted in northern Nigeria. 

Table 5—Share of sample households planting crops in each month (waves 1 and 2 combined), January to August, 
percent 

Crop 
Month 

Jan Feb Mar Apr May Jun Jul Aug 
Rice 0 0 1 6 30 41 17 4 
Maize 0 0 2 15 31 41 8 2 
Sorghum 0 0 1 8 42 39 8 1 
Source: Authors. 

Nevertheless, we checked the robustness of the results of our analysis by rerunning the model using different 
reference periods for the drought index variable. Specifically, instead of the average drought index for the period June 
through October, we tried using the average drought index for September and October. We found that our results were 
generally robust, not varying significantly with changes in the average drought index reference period. 



 

12 

6. CONCLUSIONS 

Despite considerable past investment and continued interest in large irrigation dams in Africa, empirical evidence is still 
scarce regarding their benefits. In particular, relatively little is known about how these dams might affect the effects of 
weather-risks, like drought, on household consumption in the short-term, and how such effects may differ between 
households resident in dam basins, downstream basins, or non-dam basins. In sub-Saharan Africa countries like Nigeria, 
one of the challenges in assessing the short-term household-level effects of irrigation dams across basins is that most of 
the currently existing large irrigation dams were constructed before extensive household surveys like LSMS were com-
monly conducted. Consequently, little baseline information exists today that would allow us to compare the welfare levels 
of households before and after the construction of a dam near their place of residence. 

Applying the inverse-probability weighting model to Nigeria LSMS household survey data, we partly overcome 
this problem. We create analytical samples of household in each of three types of hydrological basins which are similar in 
terms of key exogenous household characteristics. Such an approach allows us to identify differences in household out-
comes that are solely attributable to the differences in the corresponding types of hydrological basin in which a house-
hold resides. As these basins are defined according to how they are associated with large irrigation dams, these results 
provide insights on the household-level effects resulting from the construction of such dams. 

We find that, households resident in downstream basins, for whom suitable matches can be found in dam basins 
and non-dam basins, the other types of basins, are relatively less affected by drought and enjoy relatively stable be-
tween-season growth rates in real per capita income and food consumption compared to what they would have experi-
enced had they been resident in either dam basins, which are hydrological basins that contain large irrigation dams and 
the area upstream of such dams, or non-dam basins, which are not associated with dams. This is likely to be partly ena-
bled by the ability of households resident in downstream hydrological basins to better limit the damage of severe drought 
on their own food production relative to household resident in the two other types of basins considered. 

The findings have important implications on the role of irrigation dams in mitigating the short-term effects of 
droughts. Our results suggest that irrigation dams in Nigeria do mitigate such effects, but more in downstream basins 
rather than in the dam basins that feeds the reservoir of the dam. Both in India and in sub-Saharan Africa, large dams 
have been found to exhibit long-term distributional effects across districts or hydrological basins, with downstream dis-
tricts or basins being the primary beneficiaries. Our findings in Nigeria show that large irrigation dams in sub-Saharan 
Africa may also distribute household-level benefits across hydrological basins. These primarily take the form of short-
term insurance benefits against drought, with households resident in downstream basins as the primary beneficiaries. 

The findings also have important policy implications. Hydrological basins across Nigeria have only been recently 
characterized relatively accurately, while many of the irrigation dams in place were built before 1990. There had been a 
limited understanding of which regions would benefit from large irrigation dams. Our analyses show that hydrological ba-
sins are one of the important geographical units that can be used to identify areas that are likely to benefit from large irri-
gation dams. In order to assess the likely welfare impact of dams, even before conducting benefit-cost analyses, first the 
relevant geographical areas that are likely to be affected by the large irrigation dams need to be identified. This has 
rarely been done in the past in countries like Nigeria.  

Furthermore, our analyses suggest that it is typically the hydrological basins that are located downstream of 
large irrigation dams that benefit most, rather than the basins that contain the dams. Even though accurate ex-ante bene-
fit-cost assessment of construction or rehabilitation of irrigation dams is challenging, decisions on the feasibility of such 
investments should be partly guided by information on agricultural productivity and income levels of households in down-
stream hydrological basins relative to the basins within which construction or rehabilitation of a large irrigation dam is 
planned. 

Of course, there is potentially considerable heterogeneity within hydrological basins, which also would need to 
be investigated in future studies. However, our analyses at least show that the type of hydrological basins in relation to 
the location of the dams in which households reside significantly affects their welfare when all other factors are controlled 
for. Given the methodology with which such effects are estimated, our results suggest that construction of new large irri-
gation dams in hydrological basins are likely to improve the welfare of households in downstream basins to a greater 
extent than that of households residing in the basins where dams are built.  

While the welfare effects on downstream households that we identified in our analyses are limited to drought risk 
mitigation, this is still important as drought is likely to have affected household welfare in Nigeria in 2010 and 2012. Our 
results in Tables 3 and 4 suggest that, where drought was severe (average drought index of less than 50 during the pro-
duction season), households residing in downstream basins experienced about a 20 percentage point greater expendi-
ture growth between post-planting and post-harvesting season compared to households with similar characteristics in 
dam-basins. Where drought was mild or absent, households in downstream basins experienced about 20 percentage 
point lower expenditure growths than households in dam-basins. Households in downstream basins were also unaffected 
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by drought (Table 4). This implies that households in dam-basins with similar characteristics to households in down-
stream basins, might have experienced almost 40 percentage point lower expenditure growths between post-planting 
and post-harvesting if the drought was severe than when drought was not severe. Drought is likely to have significantly 
and adversely affected the welfare of household resident in either dam-basins or non-dam basins relative to what was 
experienced by households in downstream basins.  

Based on the definition of drought severity used in our analyses, close to 40 percent of farm households in Nige-
ria experienced severe drought in 2010 and 2012. Drought risk is substantial as correlation in household drought indices 
between the two years was generally low (correlation coefficient of around 0.20). About 30 percent of regions with mild or 
no drought in 2010 experienced severe drought in 2012, while about half of the regions with severe drought in 2010 ex-
perienced mild or no drought in 2012. With such yearly fluctuations in severity, drought is likely to be a significant risk 
factor for the often risk-averse farmers of northern Nigeria.  

Lastly, our analyses cannot directly inform whether dams should be built in particular locations or if the benefits 
justify the costs of rehabilitating an existing dam. However, several studies suggest that large irrigation dams in Nigeria 
may be still fewer than is required, at least relative to what is observed in many other countries, given the relatively large 
size of Nigeria’s arable land. For example, based on Tharme (2003, Table 1), the number of large dams for both irriga-
tion and other purposes is substantially higher in several other countries – compared to the approximately 80 such dams 
in Nigeria, there are more than 20,000 in China, more than 6,500 in the USA, more than 4,200 in India, 625 in Turkey, 
and 530 in both South Africa and Mexico. In several of these countries, the arable land is generally smaller than what is 
found in Nigeria. Therefore, returns are likely to be high for investing in research to identify areas of Nigeria where new 
irrigation dams should be built, so that the greatest benefit for household welfare can be extracted, also taking into ac-
count the distributions of such benefits across hydrological basins. Growing uncertainty in the frequency and severity of 
drought due to climate change also suggests that returns from large irrigation dams may be rising in countries like Nige-
ria. 
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APPENDICES 

Appendix A: Estimation of average treatment effects on the treated (ATT) 
through the multiple-treatment inverse probability weighting method 
The multiple-treatment inverse probability weighting method (MIPW) is estimated through an exactly identified general-
ized method of moments (GMM) approach based on a set of equations of moment conditions. (The exposition here 
draws largely on Cattaneo, Drukker, and Holland (2013) and STATA manual for command teffects.). 𝑖𝑖 denotes the 
observations, and subscript 𝑖𝑖 denote values for each i of corresponding variables. The first set of equations are score 
functions 𝜓𝜓𝑀𝑀𝑀𝑀,𝑖𝑖(⋅) associated with the multinomial logit model, 

𝜓𝜓𝑀𝑀𝑀𝑀,𝑖𝑖 = 𝜓𝜓𝑀𝑀𝑀𝑀,𝑖𝑖(𝐵𝐵𝑖𝑖 , 𝑆𝑆𝑖𝑖,𝑋𝑋𝑖𝑖, 𝛾𝛾�) (2) 

in which 𝛾𝛾� are a set of estimated parameters. 

The second set of equations are Weighted Least Squares, 

𝜓𝜓𝑊𝑊𝑀𝑀𝑊𝑊,𝑖𝑖�𝑦𝑦�𝐵𝐵,𝑖𝑖,𝑤𝑤𝑖𝑖, 𝐼𝐼𝐵𝐵,𝑖𝑖, �̂�𝛽� =  𝑤𝑤𝑖𝑖�𝑦𝑦�𝐵𝐵,𝑖𝑖 − Ι𝑖𝑖�̂�𝛽�Ι𝑖𝑖′. (3) 

in which 𝑦𝑦�𝐵𝐵,𝑖𝑖 is the observed outcome, 𝐼𝐼𝐵𝐵,𝑖𝑖 is the indicator variable which takes the value of 1 if the household i belongs to 
basin B, and 0 otherwise. Ι𝑖𝑖 is i-th row of a matrix consisting of 𝐼𝐼𝐵𝐵,𝑖𝑖, with control group indicator variable replaced by 1 for 
all observation. Ι𝑖𝑖′ is the transpose of Ι𝑖𝑖. �̂�𝛽 are the vector of parameters estimating the ATE or ATT of each B relative to 
the control regime, and 𝑤𝑤𝑖𝑖 is the weight that is a function of the probability of belonging to particular basins (𝑝𝑝𝐵𝐵,𝑖𝑖) esti-
mated through the multinomial logit model. 

The set of equations associated with the multinomial logit model and those of the Weighted Least Squares set of 
equations are solved by GMM using the moment conditions 𝐸𝐸�𝜓𝜓𝑀𝑀𝑀𝑀,𝑖𝑖(⋅)� = 0 (a property of score functions), and 
𝐸𝐸�𝜓𝜓𝑊𝑊𝑀𝑀𝑊𝑊,𝑖𝑖(⋅)� = 0, which are expectations over 𝑖𝑖. As is seen, 𝛾𝛾� and �̂�𝛽 affect each other through 𝑤𝑤𝑖𝑖. 

We consider downstream basins as the treatment. Then, our 𝑤𝑤𝑖𝑖 is the treatment-adjusted inverse-probability 

𝑤𝑤𝑖𝑖 = 𝑝𝑝downstream,𝑖𝑖
𝑝𝑝�𝐵𝐵,𝑖𝑖

 (4) 

in which �̂�𝑝𝐵𝐵,𝑖𝑖 is the probability that household i belongs to the observed 𝐷𝐷𝑖𝑖. Our 𝑤𝑤𝑖𝑖 (ATT weights) differs from weights for 
the ATE (ATE weights) which use 𝑤𝑤𝑖𝑖 = 1/�̂�𝑝𝐵𝐵,𝑖𝑖. Multiplying ATE weights by 𝑝𝑝downstream,𝑖𝑖 creates a weighted sample of un-
treated units that has the same covariate distribution as that in the treated group (Pan 2015). Modifying the weights in 
this way affects the solution of weighted GMM as above, often leading to different ATT than ATE. 

We focus on ATT instead of ATE as ATT generally relies on fewer assumptions (Caliendo and Hujer 2006). For 
example, under the standard one-treatment case, the unconfoundedness assumption for ATE requires that the hypothet-
ical outcomes in each B (𝑦𝑦𝐵𝐵∗ ) satisfy 𝑦𝑦𝐵𝐵∗  ⊥ 𝐵𝐵 | 𝑋𝑋, 𝑆𝑆 for all B, but the unconfoundedness assumption for ATT does not re-
quire 𝑦𝑦𝐵𝐵∗ ⊥ 𝐵𝐵 | 𝑋𝑋, 𝑆𝑆 for treatment B (downstream basin). Similarly, for overlap properties, while ATE requires 0 < �̂�𝑝𝐵𝐵,𝑖𝑖  < 1 
for all B, ATT does not require 𝑝𝑝downstream,𝑖𝑖  > 0 for downstream-basin samples. Overlap properties for ATT are less re-
strictive than for ATE because, as is indicated by ATT weights, the value of 𝑝𝑝downstream close to zero does not inflate the 
weights as it does for ATE weights, avoiding the “identified-at-infinity” problem raised by Khan and Tamer (2010). While 
the literature does not explicitly discuss the advantage of ATT over ATE in multi-valued treatments case, ATT is likely to 
be no more restrictive and can be less restrictive than ATE in general. 

Our empirical analysis uses a multinomial logit approach to jointly estimate the propensity of households of par-
ticular characteristics being found in each of three types of basins. This is more efficient than estimating the pairwise pro-
pensity scores from only two types of basins, as multinomial logit approaches use information from the samples in all 
three types of basins. It also ensures consistency across the three pairs – difference between downstream basins and 
dam basins, between downstream-basins and non-dam basins, and between dam basins and non-dam basins. 

The efficiency of the estimates can be described by the following example. If 𝑝𝑝nondam is high, 𝑝𝑝dam and 
𝑝𝑝downstream are lower, their outcomes in dam basins and downstream basins are weighted more if weighted by the in-
verse of 𝑝𝑝dam and 𝑝𝑝downstream. Conversely, if 𝑝𝑝nondam is low and 𝑝𝑝dam and 𝑝𝑝downstream are higher, their outcomes in dam 
basins and downstream basins are weighted less. Since in MIPW with three regimes, both the information of difference 
between a particular pair of basins as well as information on their respective differences with the third type of basin are 
utilized to obtain the estimates. In the case of high 𝑝𝑝nondam, that information considerably influences the estimation of 
differences between dam basins and downstream basins. 
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Appendix B: Multinomial logit model results 

Table 6—Estimated coefficients of multinomial logit model (base outcome = downstream basin) 

Variables 

Dependent variable = 1 if the household is in particular 
type of hydrological basin 

High drought index Low drought index 

Dam basin 
Non-dam 

basin Dam basin 
Non-dam 

basin 
Euclidean distance to nearest major river, ln(arc-minutes) -.839*** -.565** -.432 -.245 
Drought index, 0 = severe; 100 = no drought .036** .014 -.118*** -.003 
Size of hydrological basin, ln(km2) .624*** .075 -.260 -.688* 
Historical average annual rainfall, mm .004*** .007*** .005*** .002* 
Elevation, ln(m above sea level) 1.731*** 1.743*** 2.258** -.627 
Share of areas with suitable gradient, percent -.438 -.192 .107 -.122 
Demography and human capital     

Age of household head, years .027** .020* -.028 -.047*** 
Household size, ln(number of members) .074 .549 -.831* .093 
Share of working-age household members with formal education -2.267*** 2.626*** -3.461*** -2.174*** 

Wealth     
Farm size, ln(m2) .071 .179 -.145 .168 
Have off-farm income sources, 0/1 -.237 .253 1.503*** .343 
Natural log of non-agricultural asset value, ln(equivalent of kg of 

cereal, per capita) 
-.401*** .024 .222 .191 

Access to infrastructure, public services     
Distance to the nearest major road, ln(km) -.344* -.585*** .540*** .223* 
Distance to the nearest population center, ln(km) .111 .295 -1.001*** -.275 
Access to electricity, 0/1 -.051 .462 -.847 1.725*** 

2012 LSMS wave dummy variable, 0/1 -.781** -.607 2.525*** .444 
Constant -25.198*** -22.630*** -9.569 5.024 
Sample size 510 223 

Dam basins 236 51 
Downstream basins 81 89 
Non-dam basins 193 83 

p-value (H0: overall insignificance) .000 .000 
Source: Authors’ estimation. Asterisks indicate the statistical significance of the joint difference in means across basin types at 
given statistical significance: *** 1%; ** 5%; and * 10%. 
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