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Effects of Rural Electrification on 
Employment: A Comment on 
Dinkelman (2011)

Abstract
This paper replicates and extends the seminal paper by Dinkelman (2011) on the impacts of electrification 
on female employment. We revisit the validity of the identification strategy that uses the land gradient 
as an instrumental variable (IV). Our robustness checks cast doubt on the exclusion restriction as the IV 
drives the outcome variable in non-electrified regions. We also demonstrate that it is more difficult to 
disentangle the effects of electricity and road infrastructure than the original paper claims, because the 
IV affects both. We additionally highlight that the IV is weak, consequently preventing interpretation 
of the point estimates that are used throughout the original paper. The concomitance of a questionable 
exclusion restriction and a weak IV is particularly problematic. We conclude by arguing that the take-
aways of the original paper for policy and the academic literature need to be reconsidered. In general 
terms, our comment shows the difficulties of using geographical variation as a natural experiment for 
infrastructure evaluation.
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1. Introduction 

Development effects of large-scale electrification remain a debated issue. The most 

prominent study on the topic is the paper by Taryn Dinkelman, published in the 

American Economic Review in 2011. At the center of the paper is an instrumental 

variables (IV) approach with the interaction of the land gradient and time as the 

identifying variable. The paper studies labor market outcomes of an electrification roll-

out during the post-apartheid era between 1996 and 2001 in ex-homeland 

communities1 within South Africa’s KwaZulu-Natal province. To justify the IV, the 

author argues that the South African electricity provider, ESKOM, planned 

electrification projects primarily based on cost considerations, with the costs of 

building distribution lines being higher in steeper areas. The gradient is thus assumed 

to exogenously affect the ordering of community connections over time. The key result 

of the IV analysis is that rural electrification leads to an increase in employment rates 

of about 9 percentage points among females aged 15 to 59, relative to a baseline 

employment rate of about 7%, but no similar effect for men. Additional IV estimations 

undertaken in Dinkelman (2011) provide suggestive evidence on potential 

mechanisms, including that less time is spent on firewood collection and more time is 

spent under electric light. 

The paper has had a significant impact on both policy and the academic literature, one 

that has grown steadily since its publication.2 Beyond providing an estimate for the 

effects of electrification on female employment growth, the paper has inspired many 

researchers to solve the identification challenge in large-scale infrastructure 

evaluations through a combination of geographical variation and household or 

enterprise data – in a similar vein as the previous paper on dam constructions by Duflo 

 

1 Homelands were pockets of land designated for black South Africans during apartheid. 

2
 As of January 2020, the paper has 724 citations on Google Scholar (GS), with the number of citations 

per year still being on the rise (see Annex A1). Among the 199 long papers that were published in the 

2011 AER volume, the Dinkelman paper ranked 13th in terms of GS citations as of April 2019. The 

mean and median GS citation numbers of this volume were 168 and 88, respectively (with 603 

citations of Dinkelman 2011 at the time).  
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and Pande (2007). The use of IVs based on geographical variation has recently been 

criticized by Lee et al. (2020a). Therefore, as much as Dinkelman (2011) has contributed 

to promoting empirical research in the field, it is important to critically assess the 

reliability and robustness of this approach and these influential results. We thus re-

examine the analysis in the original paper. Using the taxonomy by Clemens (2017) and 

Christensen and Miguel (2018), we perform a reanalysis in which we conduct 

additional tests and revisit the statistical interpretation of the results. Our findings 

qualify the interpretation of the original results and caution against the widespread 

use of geographic variation as instruments.   

We successfully replicate all tables from Dinkelman (2011) using the dataset provided 

by the American Economic Review. However, we show that the robustness checks 

provided in the original paper do not substantiate the exclusion restriction and that 

strong additional assumptions are needed to maintain the causal claim of the original 

results. First, we demonstrate that the IV drives the key outcome, female employment, 

not only in electrified regions, but also in non-electrified regions. This questions the 

exclusion restriction, unless we make specific assumptions about the selection process 

of communities into treatment status (see Section 2.2 for further discussion of this). 

Second, we provide evidence that the IV identification fails to disentangle the effects 

of road and electricity access. Both are (weakly) correlated with the IV and controlling 

for road access, we argue, is not possible because it is likely to be confounded by the 

same unobservables that electrification is. The identifying variation is thus only 

coming from the fact that electrification status varies over time and road access does 

not. Hence, in order to maintain a causal interpretation of the original results, we need 

to assume that roads only have a one-time effect on economic development and no 

effect on the development trajectory. Interpreting road access in the spirit of trade 

models (see Donaldson 2019) this assumption is similar to assuming that removing 

trade barriers has only level and no growth effects (Section 2.3). Moreover, we 

summarize the broader literature on economic geography that conclusively shows that 

the land gradient affects economic development through different channels, including 
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transport costs (Section 3). 

Furthermore, we highlight that the IV is weak according to different tests, 

consequently preventing interpretation of the point estimates used in the original 

paper. Dinkelman (2011) implicitly accounts for this by providing weak-IV-robust 

confidence intervals in the results tables (which turn out to be wide, spanning 3 to 26 

percentage points) but only refers to the point estimate of 9 percentage points 

throughout the paper. Not least, according to the econometrics literature, the 

concomitance of a questionable exclusion restriction and IV strength is particularly 

problematic, rendering a reliable interpretation of the key results impossible, even 

those derived from the confidence intervals (Section 2.1). 

We believe that the research question that Dinkelman (2011) tries to answer is 

important both for policy makers and researchers. Infrastructure expansion and 

electrification are expensive. According to the International Energy Agency, for Africa 

alone, the investment required to achieve universal electricity access by 2030 is 31 

billion USD annually (IEA 2017). Ensuring that policy makers are making decisions 

about such expansion based on a full understanding of the quality of the evidence 

should be a first order goal for researchers.  

 

2. Validity of Dinkelman’s land gradient instrumental variable  

2.1. Weak instrument tests  

Relevance as the first validity criterion of IV-based identification strategies requires 

that the instrument is sufficiently correlated with the endogenous regressor, 

conditional on other covariates. If this condition is not fulfilled, the IV yields biased 

point estimates in finite samples (see Bound et al. 1995). With a first-stage F-statistic of 

8 and hence below 10, the IV used in Dinkelman (2011) qualifies as weak by standards 

that were state-of-the-art at publication of the original paper (Staiger and Stock 1997; 

Baum et al. 2007). As we show in Annex A3, the IV also does not pass the more recently 

developed weak instruments test by Montiel Olea and Pflueger (2013). Consequently, 
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the point estimates presented in Dinkelman (2011) are biased. 

Dinkelman (2011) does not explicitly test or discuss the weakness of the IV. Instead, 

the author provides state-of-the-art weak IV robust Anderson-Rubin (AR) confidence 

intervals and mentions in a footnote that the AR intervals “address concerns about 

overoptimistic inference with a possibly weak instrument” (Dinkelman 2011, p. 3096). 

These AR confidence intervals account for the decreasing precision that weak 

instruments generally induce (Andrews et al. 2019; Nelson and Startz 1990; Murray 

2017). From this interval we can learn that the positive effect of electrification on female 

employment is between 3 and 26 percentage points, so a much wider range than the 

“9 to 9.5 percentage points” Dinkelman refers to in her introduction, the results section 

and the conclusion (Dinkelman 2011, p. 3080, 3096, 3105).3 The methodologically 

correct interpretation of results thus is that a negative or zero effect of electrification 

on female employment can be confidently rejected. It is not possible, though, to 

conclude whether the true effects are modest (i.e. 3 percentage points) or massive (26 

percentage points). Moreover, even this interval interpretation is at stake if the 

exclusion restriction is violated (Andrews et al. 2019), which will be assessed in the 

following section.  

 

2.2. Exclusion restriction 

The second validity requirement of exogeneity imposes that the IV is uncorrelated 

with any other determinant of the dependent variable, conditional on the included 

covariates. This is not testable, but robustness tests can underpin or cast doubts on the 

exclusion restriction (see for example Altonji et al. 2005, Donaldson 2018, and Jaeger et 

al. 2018). In this section, we revisit all robustness checks conducted in the original 

paper.   

 
3 This confidence interval slightly differs from the [0.05; 0.30] interval reported in Table 4 of Dinkelman 

(2011, p.3095), since we determined the interval bounds with a precision of 0.01, while Dinkelman 

used a precision of 0.05. 
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Dinkelman (2011) conducts a placebo test on ex-homeland communities in KwaZulu-

Natal that had been connected before the observation period. In an OLS-based 

regression, she finds no correlation between the outcome variable, female 

employment, and the IV, land gradient, and interprets this as supporting her exclusion 

restriction. A problem with this placebo test is that it is a priori inconclusive, because 

even significant differences found in this test would not have invalidated the 

identification assumption: Dinkelman’s identification assumption also implies that 

regions with smoother land gradient should have been connected earlier and exposed 

longer to the treatment than those with a steeper gradient, and hence should be on a 

different development trend.   

An alternative placebo test is to run the same OLS regression using untreated parts of 

the sample. For this test to provide support to the exclusion restriction, one would 

expect the IV not to be correlated with the outcome variable. We conduct such a test 

using the original data, where the untreated parts of the sample are ex-homeland 

communities in the same province that are still non-electrified in 2001, the end of the 

observation period. Results are presented in Columns (1) and (2) of Table 1. They 

indicate a significant correlation between the land gradient and female employment 

changes in non-electrified areas. In fact, the coefficient of the land gradient variable in 

this placebo sample is the same as in the main study sample used in Dinkelman’s paper 

(replicated in Columns (3) and (4) in Table 1).  

Neither of the two placebo tests can provide full clarity about the validity of the 

instrument, as they are based on endogenously selected sub-samples. Yet, our test 

reveals a strong additional assumption that is needed to maintain the exclusion 

restriction: there must be a confounding variable that drives communities into non-

treatment (and hence into our placebo sample) and that is correlated with both the IV 

and female employment in these communities. Plus, this confounder must not be 

correlated with the IV and the treatment status in the treated communities (and hence 

Dinkelman’s main sample). This is possible in theory but seems unlikely in practice. 

In consequence, this additional test suggests that the land gradient also affects labor 
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market outcomes through other channels than electrification (see as well Section 3). 

For a very strong IV this might not be problematic if one assumes that electrification is 

still the main channel. Yet, as we have shown in Section 2.1., the land gradient is a weak 

IV.   

Table 1: Placebo experiment for effect of gradient on the female employment rate 
      

Dependent variable Δ female employment rate 

Estimation method OLS 

Sample Non-electrified communities (no 

Eskom project) 

 All communities 

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

Land gradient x 10 -0.007* -0.007**  -0.007** -0.007** 

 (0.0004) (0.0004)  (0.0003) (0.0003) 

 [0.069] [0.046]  [0.042] [0.031] 

      

Baseline controls Yes Yes  Yes Yes 

District FE Yes Yes  Yes Yes 

Other Services# No Yes  No Yes 

R² 0.065 0.081  0.064 0.076 

N communities 1,451 1,451  1,816 1,816 
 

Notes: In the placebo experiment in Columns (1) and (2), the same specification as in column (1) of Table 6 in Dinkelman 

(2011) is estimated with the only difference that the analysis is conducted in the sub-sample of non-electrified villages. 

Columns (3) and (4) reproduce the results from estimating the same specification when using the entire sample from 

Dinkelman’s main analysis. Robust standard errors clustered at village level in parentheses and p-values in square brackets. # 

Other Services refer to water and sanitation access in the communities. 
** significant at the 5% level  
* significant at the 10% level  

 

3. The land gradient, road access, and economic development 

In this section, we argue that Dinkelman’s exclusion restriction is a very strong 

assumption based on the role that the literature ascribes to economic geography, the 

land gradient, and transportation in driving the trajectory of economic development. 

We then provide evidence that the land gradient is likely to not only affect electricity 

roll-out, but also road access.  

 

3.1 The role of roads revisited 

While some of the economic geography literature refers to very long-term processes 
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that might be accounted for in Dinkelman (2011)’s regional fixed effects4, other 

processes materialize within a time horizon that affects her exogeneity assumption. 

Transport costs are an important determinant of economic performance (see for 

example Storeygard 2016). Terrain slope arguably affects transport costs directly 

(through fuel consumption, for example), but also indirectly through higher 

construction costs for roads and railways and hence also within the 1996-2001 period. 

By analogy with Dinkelman’s intuition for electricity networks, the land gradient has 

been used prominently in the literature as an IV for the impacts of transportation 

infrastructure (see, for example, Donaldson 2018, Shrestha 2019, and Djemai 2018).  

Dinkelman (2011) seeks to account for the potential confounding related to 

transportation infrastructure in three ways. First, she includes road access as a control 

variable in the estimations. However, this is not a valid approach: As Deuchert and 

Huber (2017) show, similar to bad controls in OLS estimations, including post-

instrument covariates in a 2SLS regression leads to biased results if these covariates 

are at the same time correlated with unobservable confounders. Road access is a post-

instrument covariate because it is affected by the land gradient and it is correlated with 

the suspected time-varying unobservables that originally confound the electrification 

and employment relationship (e.g. business potentials of or political interest in a 

region).  

Second, Dinkelman conducts a robustness check intended to eliminate road access as 

a confounder by re-running her main IV regression, now excluding those communities 

that are cut directly by a major national road (Dinkelman 2011, p. 3091). Results of this 

robustness check confirm her main results to the extent that the effect size does not 

change, and the significance level only decreases slightly, which the author plausibly 

ascribes to the declining sample size. Yet, the median distance to a road in the 

Dinkelman (2011) data set is 33 km. The binary definition of road access adopted in 

Dinkelman (2011) treats communities at one- or two-kilometers distance to the major 

 
4 See for example Fenske (2013), Hurtt et al. (2011), and Michalopoulos and Papaioannou (2013). 
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national road as equally unconnected as communities at 20 or more kilometers 

distance. Communities near major roads, though, have arguably better access to 

markets than the remoter ones. We therefore extend Dinkelman’s robustness check by 

running separate regressions where we successively exclude villages with increasing 

distances between the centroid of the communities and the nearest road. 

Figure 1: Effect of electrification on employment depending on distance to roads 

 
Notes: Dinkelman’s main results and results from her robustness check that excludes communities cut directly by a major 

national road are presented on the left of the figure. Since the maximum distance between roads and the centroid of the 

communities for communities excluded in her robustness test is mostly below 3km, our depiction on the right of the figure 

starts with the exclusion of villages closer than 3km and goes up to 20km. Across this range, between 21 and 25 percent of 

dropped sites are treatment units.   

 

Figure 1 shows the results on effect sizes, significance levels, and underlying sample 

sizes. Dinkelman’s results are depicted on the very left side of the horizontal axis. 

Effect sizes initially decline considerably and reach their minimum when we exclude 

communities at a road distance of 5 km. Here, the impact estimate is clearly 

insignificant (p-value of 0.27). Interestingly, this 5 km distance coincides with what is 
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considered to most appropriately measure access to roads in Africa (Raballand et 

al. 2010). The IV estimations only confirm the original results in terms of significant 

results and similar effect sizes when the distance to roads or towns exceeds 12 km 

(despite a lower sample size). This pattern suggests that roads and electricity co-

determine the outcome and it is not possible to disentangle one from the other.  

Third, the identification in Dinkelman (2011) is based on changes in electricity access 

and employment over time, while road access is time invariant. One could therefore 

argue that any level effect of gradient and road access is differenced away. Interpreted 

in this sense, the pattern in Figure 1 would indicate treatment heterogeneity, i.e. 

electricity affects the outcome differently according to the intensity of road access. 

However, this interpretation requires another strong assumption, namely, that roads 

only lead to a one-time level effect. This is possible, but the literature that conceives 

access to roads and transportation as a reduction in trade costs5 suggests that it has 

general equilibrium effects leading to a different development trend in areas with 

transportation access, also over time. It is therefore more likely that communities closer 

to roads in the Dinkelman (2011) sample grow at different rates also years after the 

road connection.  

 

3.2. Land gradient as an IV for road access 

In this subsection, we show that the likelihood of having access to a road is as much 

driven by the land gradient as electricity access is and that both can similarly explain 

employment growth in the sample. To this end, we now use the land gradient as an IV 

for road access instead of electricity access (thereby following the intuition of 

Donaldson 2018, Shrestha 2019, and Djemai 2018).  For that purpose, we take 

Dinkelman’s model  

∆���� =  �	 + ��ΔT��� + ����� +  �� + ��� + Δε����, 

 
5
 See, for example, Donaldson (2018), Gollin and Rogerson (2014), Jedwab et al. (2017), Redding and 

Turner (2015), and Storeygard (2016). 
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which estimates the impact of an electricity project (the dummy T���), occurring in 

community j in district d at time t, on the growth in labor market outcomes over time 

∆���� in that community, with �� and Δε���  being  part of the unobserved error term. 

We now only swap the roles of electrification and road access. This is, we replace the 

electrification treatment by baseline road access, RoadAccess���, remove baseline road 

access from the set of control variables, ����, and add the electrification status in the 

respective year to the revised set of control variables, ����� . In the absence of data on 

over-time variation in road access, we estimate the effect of time-invariant differences 

in road access,6 while the original analysis also benefits from over-time variation in 

electricity access. Our estimation equation thus becomes 

∆���� =  �	 + ��RoadAccess��� + ������ +  �� + (�� + Δε���). 

Note that the ambition of this test is not to use land gradient as a well-identified IV for 

road access, but rather to show that it – technically – works similarly well as 

Dinkelman’s application for electricity infrastructure.  

Table 2 presents results for a definition of road access by the 5km distance threshold 

in line with the previous finding in Figure 1 as well as Raballand et al. (2010). Results 

are qualitatively identical for any choice of the cutoff between three and 14 km and for 

continuous, non-linear measures of road access7 in that road access has an effect on 

female employment, statistically significant at the 10% level. Note that like in 

Dinkelman’s original analysis the IV is weak and problematic post-instrument 

covariates are used. The magnitude of the coefficient as well as the width of the weak 

IV robust AR confidence interval are very similar to Dinkelman’s electrification effect. 

These results underpin that electrification is not the only channel through which land 

 
6
 District fixed effects capture this community-specific effect insufficiently given that there are on 

average 200 communities per district with different proximities to roads. 

7 As an alternative to the binary measure of road access, one may adopt a continuous measure. If we 

include road distance in a linear functional form, the effect becomes insignificant. Yet, it is more 

plausible to assume that benefits of infrastructure diminish over distance and level off at some cut-off 

distance. For such transformations of road distance that are convex downward, the effect of road 

distance is significant again across a range of reasonable cut-off distances (e.g. 20km and 50km). 
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gradient affects employment.  

Table 2: IV results for road access as different treatment variable 
     

Dependent variable Δ female employment rate 

Estimation method IV (gradient) 

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

Treatment: access to roads 

within 5 km distance 

0.035 0.115 0.104* 0.106* 

(0.058) (0.075) (0.059) (0.058) 

 [0.548] [0.124] [0.080] [0.069] 
     

AR 95% Confidence Interval   {0.03; 0.29}  {0.03; 0.28} 
     

Baseline controls No Yes Yes Yes 

District FE No No Yes Yes 

Other Services No No No Yes 

“Effective F” statistic (Montiel–

Pflueger) 
7.03 7.00 7.11 7.77 

N communities 1,816 1,816 1,816 1,816 
 

Notes: All model specifications are equal to columns 5 to 8 of table 4 from the original study with the only difference that the 

instrumented variable is access to roads instead of electrification and that we excluded binary road access from the control 

variables while adding electrification status; robust standard errors clustered at village level in parentheses and p-values in 

square brackets. 
* significant at the 10% level 

 

4. Conclusion 

The pattern of results described in Dinkelman (2011) has stimulated much useful 

discussion and research on the economic impacts of electricity provision. Yet, this 

comment has shown that a causal interpretation of the results requires much stronger 

assumptions than the original paper acknowledges. More specifically, we have 

pointed out that in order to disentangle the effect of electrification and road access, one 

must assume that roads only have a one-time effect on employment levels and no effect 

on the development trend. One could stress these assumptions, resorting to 

particularities of the post-Apartheid homeland sample in South Africa. This would be 

at the expense of an already very limited external validity. More generally, our 

comment amplifies concerns expressed in Lee et al. (2020a) about using geographic 

variation to isolate the contribution of electrification from other infrastructure and 

simultaneous factors.  

Beyond potential additional assumptions, the weakness of the IV makes the original 

paper’s results hard to interpret. While providing weak IV robust confidence intervals 
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in the result tables was the best Dinkelman (2011) could do to account for a weak IV in 

her analysis, these wide intervals merely back an interpretation that electrification has 

non-zero effects on female employment. A more explicit discussion in the original 

paper of whether the point estimates can be used instead would have been desirable.  

Our comment does not generally question the positive effect of electricity on economic 

development. But a growing literature based on more clearly identified program 

evaluations (including a study conducted by an author of this comment) suggests that 

effects in rural Africa are smaller than expected by governments and donor 

organization (see Chaplin et al. 2017, Lee et al. 2020b, and Lenz et al. 2017). According 

to Bos et al. (2018) and Peters and Sievert (2016), both review studies, this contrasts 

with more positive evidence from Latin America and Asia (see Grogan and Sadanand 

2013, Grogan 2018, Kassem 2019, Khandker et al. 2012, Lipscomb et al. 2013, Rud 2012, 

and van de Walle et al. 2017). Next to this regional demarcation, a different perspective 

on the variation in the literature is that experimental studies come to more 

conservative conclusions compared to observational studies (Bayer et al. 2019). Lee et 

al. (2020a) point out that most of these latter studies are based on IVs and indeed Burlig 

and Preonas (2016) raise doubts about the positive effect of rural electrification in 

India, using a well-identified identification. 

Yet another contribution of the Dinkelman (2011) study was to compile an impressive 

number of datasets that was unique at the time and that allowed for investigating 

many interesting outcomes beyond employment (a reconstruction of Dinkelman’s 

Theory of Change and identification strategies on each level can be found in Annex 

A2). A broader look into this might actually reconcile the Dinkelman (2011) data with 

the newer evidence in that there is no increase in wages and labor demand from firms 

due to general electricity expansion. The income and welfare effects are thus 

ambiguous. Dinkelman (2011)’s findings on time use – very much driven by electric 

cooking, which is another particularity of South Africa – in turn reconcile with the 

improved cooking literature (Jeuland and Pattanayak 2012, Bensch and Peters 2015, 

Pattanayak et al. 2019). The focus on the IV-based female employment results might 
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even obscure these important insights.  

In sum, following Brown and Wood (2019), we believe that replications and reanalyses 

like ours should aim at providing additional information on the original study and 

thereby qualifying more carefully the original results. The degree of confidence one 

concedes to an IV approach is always subjective. Yet, we believe that if the original 

paper had been more explicit about the caveats presented in this comment, its 

interpretation by the academic literature and policy makers would have been different. 

Especially in such a policy-relevant field like development economics, the use of 

empirical methods requires careful and transparent communication to the reader.  
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Annex 

Annex A1: Citation record of Dinkelman (2011) 

 

Figure A1: Google Scholar Citations of Dinkelman (2011) 

 

Note: Including citations of the working paper version. Accessed on January 24h, 2020. 
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Annex A2: Theory of change analysis 

 

Figure A2: Theory of change underlying Dinkelman (2011) 

Note: Table A1 provides an extensive account of how the different elements of the Theory of Change are 

substantiated in Dinkelman (2011). Complementary evidence refers to results that are not based on the main IV 

framework using the large-sample community panel but smaller-sample fixed effects or IV estimations or cross-

sectional data analysis.    

  

 

Table A1: Text excerpts and quantitative results that lay the foundation for Dinkelman’s Theory of 

Change  

Element of the 

Theory of Change 

Text excerpts from Dinkelman 

(2011) 

Quantitative results from 

Dinkelman (2011)  

Analyses for 

males 

 Higher female 

employment 

“Results from both analyses show 

that employment in rural KZN 

increases in the wake of 

electrification. Female employment 

measured in the census rises by a 

significant 9 to 9.5 percentage 

points […]” (Dinkelman 2011, p. 

3080) 

Main IV regressions with controls 

(N=1816): 

- treatment coefficient of 

0.095* for female 

employment, with p=0.08 

(Dinkelman 2011, Table 4, 

column 8; 

mainanalysis_communitydata.do)  

Same 

estimations for 

males yield 

insignificant 

results (p=0.59) 

(Dinkelman 

2011, Table 5, 

column 8; 

mainanalysis_c

ommunitydata.

do) 
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Element of the 

Theory of Change 

Text excerpts from Dinkelman 

(2011) 

Quantitative results from 

Dinkelman (2011)  

Analyses for 

males 

 Less wood 

collection 

 

and 

 

 More hours 

under light 

 

and 

 

 Changes in 

home production 

patterns 

“[…] results illustrate substantial 

shifts towards using electricity for 

home production […]. Average 

rates of electric lighting rise […], 

reliance on wood for cooking falls 

[…], and cooking with electricity 

rises […]” 

(Dinkelman 2011, p. 3101) 

IV regressions with controls and 

household energy sources as 

dependent variables (N=1816): 

- 23 pp larger increase in the 

share of hh that cook with 

electricity** 

- 63 pp larger increase in the 

share of hh that light with 

electricity*** 

- 28 pp larger decrease in the 

share of hh that cook with 

wood* 

(Dinkelman 2011, Table 8, rows 1 

to 3) 

No 

differentiation 

by gender 

 Increased time 

available to 

females 

“[…] the results […] suggest that 

one important channel through 

which electricity affects the rural 

labor market is by “freeing up” 

women’s time for the market.” 

(Dinkelman 2011, p. 3101) 

- Only implicit 

differentiation 

by gender 

(household 

chores are 

women’s tasks) 

 Creation of 

new employment 

opportunities for 

females 

 

and 

 

 Increase in 

labor demand 

 

“[…] any electricity project that 

generates new firms and new 

demand for labor should have 

spatial spillover effects into 

neighboring areas. […] positive 

spillovers in these non-electrified 

areas would dampen any effects of 

household electrification. […] IV 

coefficients are large, positive, and 

close to the main IV estimate […] 

Using this test, there is no evidence 

of large spillovers across 

communities.“  

(Dinkelman 2011, p. 3100) 

 

“I rule out the possibility that 

household electrification 

stimulated large scale rural 

industrialization and hence a shift 

in labor demand by showing the 

absence of cross-community 

employment spillovers.” 

(Dinkelman 2011, p. 3080) 

 

“The fact that […] provides 

additional evidence that 

electrification did not spark large 

increases in the demand for labor 

through rural industrialization.” 

(Dinkelman 2011, p. 3105) 

IV regressions with controls after 

excluding nonelectrified areas 

within a one- (N=-34%) and five-

kilometer (N=-54%) radius of an 

electrified area: 

- female employment 

increases insig. (p=0.19 and 

p=0.37 for the one and five 

km definition, respectively) 

- these coefficients are not 

significantly different from 

the coefficient in the main IV 

estimations (see ) 

(Dinkelman 2011, Table 9,  

mainanalysis_communitydata.do) 

No basis for 

analysis of 

spillover effects 

given the 

insignificant 

results in the 

main IV 

estimations 

(see ). 

B

C
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Element of the 

Theory of Change 

Text excerpts from Dinkelman 

(2011) 

Quantitative results from 

Dinkelman (2011)  

Analyses for 

males 

 

“[…], it is implausible that 

household electrification created 

jobs by sparking the 

industrialization of rural KZN.” 

(Dinkelman 2011, p. 3100). 

 Increase in 

population 

growth  

 

and  

 

 Out-migration 

from sampled 

non-electrified 

areas 

“A final channel through which 

electrification may affect measured 

employment growth is through 

migration. […] electrified areas 

have significantly higher 

population growth rates than non-

electrified areas”  

(Dinkelman 2011, pp. 3102-3103) 

 

“growth of the incumbent 

population (excluding recent in-

migrants […]) remains higher in 

areas that receive an Eskom 

project by virtue of gradient.” 

(Dinkelman 2011, p. 3104) 

 

“[…] differential out-migration, 

while substantial, […]” 

(Dinkelman 2011, p. 3081) 

IV regressions with controls and 

population growth as dependent 

variable (N=1816): 

- 390% higher overall 

population growth*** 

- 435% higher growth of non-

in-migrant population*** 

(Dinkelman 2011, Table 10, 

column 2) 

 

 

No 

heterogeneity 

across sexes 

can be found 

when running 

the same 

analyses for 

both sexes 

separately (own 

calculations) 

 Increase in 

labor supply 

“This suggests that household 

electrification operates as a labor-

saving technology shock to home 

production in rural areas, releasing 

female time from home to market 

work. […] As further evidence that 

electricity stimulated a net increase 

in labor supply to the market, […]” 

(Dinkelman 2011, p. 3080) 

- Only implicit 

differentiation 

by gender 

(household 

chores are 

women’s tasks) 

 Skill selectivity 

in migration  

“I present some evidence that this 

type of compositional change is 

present in my sample. […] A 

combination of skilled migrants 

flowing toward flatter areas at 

higher rates and skilled migrants 

leaving steeper areas at higher 

rates could account for these 

compositional changes.”  

(Dinkelman 2011, p. 3104) 

IV regressions with controls and 

population growth as dependent 

variable (N=1816): 

- 13% higher share of females 

with high school* 

(Dinkelman 2011, Table 10, Panel 

A, column 4)  

 

Same analysis 

for males yields 

insignificantly 

higher share of 

males with high 

school by 8% 

(p=0.21) 

(Dinkelman 

2011, Table 10, 

Panel A, column 

6; 

mainanalysis_c

ommunitydata.

do) 

D
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Element of the 

Theory of Change 

Text excerpts from Dinkelman 

(2011) 

Quantitative results from 

Dinkelman (2011)  

Analyses for 

males 

 Employment-

status selectivity 

in in-migration 

“[…] differential in-migration can 

be ruled out as a confounder of the 

employment results […] 

electrification effects […], if 

anything, are larger for incumbent 

women, […]” (Dinkelman 2011, p. 

3104) 

IV regressions with controls and 

redefined employment growth 

rate as dependent variable, 

where recent in-migrants are 

excluded from both the 

numerator and denominator 

(N=1816): 

- treatment coefficient of 

0.116* for female 

employment (compared to 

0.095* in the main IV 

estimation) 

(Dinkelman 2011, Table 10, Panel 

B, column 4)  

Same analysis 

for males yields 

treatment 

coefficient of 

0.086 (p=0.13) 

for male 

employment 

(Dinkelman 

2011, Table 10, 

Panel B, column 

6; 

mainanalysis_c

ommunitydata.

do) 

 Employment-

status selectivity 

in out-migration 

“[…] out-migrants from rural KZN 

[…] are significantly less likely to be 

employed, relative to incumbents. 

Other researchers have also 

documented these facts.” 

(Dinkelman 2011, p. 3104) 

Cross-sectional data from a 

migration module included in the 

2002 September Labour Force 

Survey: 

- out-migrants have 

significantly lower rates of 

employment (18%) than 

incumbents (36-38%) 

(Dinkelman 2011, online 

Appendix 3, Table 9) 

No 

differentiation 

by gender 

 Higher 

employment rate 

among migrants 

“[…], if in-migrants to electrifying 

areas already have jobs elsewhere 

or if out-migrants from 

nonelectrified areas take their jobs 

with them, we might mistakenly 

attribute employment growth to 

new household electrification, 

when the main effect of the roll-

out is merely to change the 

composition of the community.” 

(Dinkelman 2011, p. 3082) 

 

“[…] given the profile of out-

migrants and the results for 

incumbent-only employment rates, 

we can conclude that even this 

type of migration in response to 

electrification cannot account for 

all of the employment effects of 

electrification documented in 

Section V.” 

(Dinkelman 2011, p. 3105) 

- No 

differentiation 

by gender 

 Higher female 

working hours 

(if employed) 

“[…] none of the electrification 

coefficients is precisely estimated 

in this small sample. […] Women 

work […] more […] in MDs with 

FE regressions of magisterial 

district (N=146): 

- women’s working hours 

increase insig. (p=0.19) by 

Same analysis 

for males yields 

an insig. 

working hours 

E
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Element of the 

Theory of Change 

Text excerpts from Dinkelman 

(2011) 

Quantitative results from 

Dinkelman (2011)  

Analyses for 

males 

higher electrification rates, 

compared to the same MDs in 

periods of lower electrification.”  

(Dinkelman 2011, p. 3099) 

 

about 1.3 hours per week for 

the average change in 

electrification rate (15%) 

(Dinkelman 2011, Table 7, Panel 

B, column 6; p.3099; 

supplanalysis_hhsurveydata.do) 

increase by 

about 1.6 hours 

per week 

(p=0.32) 

(Dinkelman 

2011, Table 7, 

Panel B, column 

8; p.3099; 

supplanalysis_h

hsurveydata.do

) 

 Lower female 

wages (if 

employed) 

 

“[…] female wages fall (albeit 

imprecisely) in districts where 

electrification is expanding more 

rapidly.” 

(Dinkelman 2011, p. 3080) 

FE regressions of magisterial 

district (N=146): 

- women’s wages fall insig. 

(p=0.20) by about 20% for the 

average change in 

electrification rate (15%)  

(Dinkelman 2011, Table 7, Panel 

C, column 2; p.3100; 

supplanalysis_hhsurveydata.do) 

Same analysis 

for males yields 

no effect on 

wages (p=0.73) 

(Dinkelman 

2011, Table 7, 

Panel C, column 

4; p.3100; 

supplanalysis_h

hsurveydata.do

) 

 No effect on 

female earnings 

“[…] there are no significant 

differences in female earning 

across electrifying and 

nonelectrifying areas […] or within 

an MD that sees growing 

electrification over time […]” 

(Dinkelman 2011, p. 3100) 

FE regressions of magisterial 

district (N=146): 

- women’s earnings fall insig. 

(p=0.54) by about 9% for the 

average change in 

electrification rate (15%) 

(Dinkelman 2011, Table 7, Panel 

D, column 6; 

supplanalysis_hhsurveydata.do) 

Same analysis 

for males yields 

16% higher 

earnings 

(p=0.02) 

(Dinkelman 

2011, Table 7, 

Panel D, column 

8; 

supplanalysis_h

hsurveydwata.d

o) 

Note: FE = fixed effects, hh = household, IV = instrumental variables, MD = magisterial district, N = number of 

observations, p = p-value. 
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Annex A3: Weak instrument analysis 

In general, first-stage F-statistics are used to assess the relevance of an IV. The original 

paper shows the first-stage regressions and presents F-statistics, yet without 

discussing them. Dinkelman’s F-statistics correspond to the Kleibergen-Paap rank 

Wald F-statistic. According to Baum et al. (2007) and Staiger and Stock (1997) this F-

statistic should be higher than 10 in order to reject weak identification, as it is the case 

in Jetter (2017), for example. The F-statistics in Dinkelman’s case, however, all fall 

below this threshold (see Table A2).  

Table A2: Dinkelman’s main results and first-stage statistics related to weak instrument testing 
     

Dependent variable Δ female employment rate 

Estimation method IV (gradient) 

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

Treatment: Electrification  0.025 0.074 0.090* 0.095* 

(0.045) (0.060) (0.054) (0.055) 

 [0.583] [0.215] [0.097] [0.083] 
     

AR 95% Confidence Interval‡   {0.02; 0.25}  {0.03; 0.26} 
     

Baseline controls No Yes Yes Yes 

District FE No No Yes Yes 

Other Services# No No No Yes 

N communities 1,816 1,816 1,816 1,816 

First-stage F-statistic 

(Kleibergen-Paap rank Wald) 
4.20 4.87 8.33 8.25 

     

´Effective F´-statistic 

(Montiel–Pflueger) 
4.22 4.89 8.36 8.28 

     

Weak IV critical value for 10% 

of Worst Case Bias  
23.11 

  

Weak IV critical value for 30% 

of Worst Case Bias 
12.04 

  

 

Notes: All model specifications are equal to columns 5 to 8 of table 4 from the original study; robust standard errors clustered 

at village level in parentheses and p-values in square brackets. # Other Services refer to water and sanitation access in the 

communities. ‡ Even though the same approach has been adopted (see Chernozhukov and Hansen 2008), the presented 

confidence intervals slightly differ from the [0.05; 0.30] interval reported in Table 4 of Dinkelman (2011, p.3095), since we 

determined the interval bounds with a precision of 0.01, while Dinkelman used a precision of 0.05. 
*significant at the 10% level. 

 

A statistically more substantiated weak instruments test has been developed after the 

publication of Dinkelman’s study by Montiel Olea and Pflueger (2013). The authors 

propose that an IV is weak if there is a 5% chance that the bias in the IV estimator is 
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10% of a ‘worst case’ scenario in which the IV is assumed to be completely irrelevant 

(see also Ramey and Zubairy 2018, Kovandzic et al. 2015, and Andrews et al. 2019). 

Their so-called ´effective´ F-statistic and the critical value for a 10% bias are shown in 

Table A2. These thresholds follow the same logic as the older standard approach by 

Stock and Yogo (2005). As can be taken from the table, the F-statistics for all of 

Dinkelman’s IV specifications not only fall below this critical value, but even below 

the threshold of 30%, the highest threshold level reported by Pflueger and Wang’s 

(2015) Stata command weakivtest. In sum, by all standards, the IV used in Dinkelman 

(2011) qualifies as weak.  

 

 

 

 

 

 




