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A B S T R A C T

How can demand for electricity be estimated without fine-grained usage data? Employing an original and
large dataset, we develop a novel method for determining drivers of demand without electricity meter data.
We first segment Indian consumers by their willingness to pay for electricity service, their level of usage,
and their satisfaction with lighting, and then use cluster membership as a dependent variable in order to
determine which household-level factors predict electricity usage. Our approach employs machine-learning
and more traditional regression techniques to determine the optimal number of segments, generate the
segments, and determine the predictors of segment membership. The dataset consists of more than 10,000
households in more than 200 villages in the states of Bihar, Odisha, Rajasthan, and Uttar Pradesh. We find
that the rural Indian electricity market can be segmented into three clusters based on households’ willing-
ness to pay, satisfaction with lighting, and appliance wattage. The clusters consist of potential customers,
low-demand customers, and high-use customers. We then determine the predictors of membership in these
clusters. We show that different types of consumers can be identified along easily observable measures.
Moreover, we show that there are clear groups of consumers that vary along their satisfaction, willingness
to pay, and existing appliance usage.

© 2020 Elsevier B.V. All rights reserved.

1. Introduction

What factors affect consumers’ electricity demand in rural India?
To create robust electricity markets in rural areas, we first need to
clarify why some households value electricity more than others. In
energy-poor contexts, a concrete step towards understanding drivers
of demand and uptake of electricity is an analysis of associations
between household and village-level characteristics, and electricity
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consumption. With a nuanced understanding of the rural electricity
consumer, policymakers can identify and tailor policy interventions
that allow rural electricity demand to grow over time. Here, we
employ a market segmentation design of Indian consumers from
over 200 villages in four states, clustering them by their willingness
to pay for electricity service, their level of usage, and their satisfac-
tion with lighting. We then use cluster membership as a dependent
variable in order to determine which household-level factors predict
electricity usage.

To clarify the intuition of what our approach achieves, imagine
an organization trying to design an intervention to increase elec-
tricity demand by improving quality of service. This organization
would ostensibly be interested in consumers who currently have low
demand for electricity (which we measure through willingness to
pay) and low satisfaction with service quality. A simple linear model
would only be able to capture one of these factors as a dependent
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variable. However, by creating customer segments, we can create
multidimensional outcomes that, in this example, can reflect both
low willingness to pay and low satisfaction with service. Covariates
predicting membership in this cluster can then be used to target
specific types of customers.

Market segmentation is an empirical exercise intended to sep-
arate a market of customers or potential customers into heteroge-
neous groups which can be specifically targeted (Assael and Roscoe,
1976). Proponents of segmentation analysis argue that the struc-
ture of modern markets requires that customers’ needs and the
heterogeneity of their needs are recognized in the production and
marketing of goods (Wedel and Kamakura, 2012). Market segmenta-
tion occurs in several stages; as variables relevant to the marketing
of a certain product must be selected, measured, sometimes con-
verted into factors, and used to create segments (Foedermayr and
Diamantopoulos, 2008). Variables used in segmentation are gener-
ally differentiated along two dimensions: whether they are macro-
level (economic, geographic, cultural) or micro-level (individual-
level information), and whether they are directly observable, or
inferred. Moreover, the type of segments created can differ, as they
can be typologies of consumer behavior, or profiles of consumer seg-
ments based on descriptive data (Assael and Roscoe, 1976). Once
identified, segments can be a powerful tool for marketing.

For policymakers, segmentation of rural electricity markets is also
useful. Without understanding the current and potential demand
among rural consumers, effective planning for electricity distribu-
tion is all but impossible. Some consumers have high latent demand
for electricity, and they could constitute the backbone of a robust
electricity market with growing demand. Others haver lower levels
of demand, meaning that even minimal amounts of energy would
suffice. Given the near-monotonic growth in energy consumption
over time in contemporary India, understanding the determinants of
demand is becoming increasingly important.11

Despite the widespread use of market segmentation, its use in
electricity markets and within India has been limited. Indeed, Dutta
and Mitra (2015, p. 21) note that “academic research on electricity
market segmentation in India and many other economies is rare.”
These authors maintain that engaging in this research can ultimately
lead to better revenue management and the development of suit-
able pricing schemes for customers. Singh (2007) echoes this call
for greater engagement in segmentation research, especially in rural
settings, due to variation in demand based on climatic conditions,
occupations, literacy and other factors.

To answer this call, we use a multi-pronged segmentation
approach in order to both generate and describe segments in the
rural Indian electricity market, and to determine which factors pre-
dict membership in different segments. Our approach employs both
machine-learning and regression techniques to determine the opti-
mal number of segments, generate the segments, and analyze the
predictors of segment membership. Major advantages of data-driven
clustering is that the analyst need not specify in advance what
the customer groups are and skewed data distributions with out-
liers do not compromise the integrity of the exercise. Our clustering
approach avoids the need to hypothesize in advance how to catego-
rize the different dimensions and how many households to place into
each. The algorithm produces the number and characteristics of dif-
ferent segments based on the nature of the data itself, in a systematic
but inductive approach.

We employ an original data-set for this exercise, consisting of
10,249 households in 204 villages in the states of Bihar, Odisha,
Rajasthan and Uttar Pradesh. The villages were chosen sequentially,

1 For data on patterns of energy consumption in the last few years in India, see Gaur
et al. (2016).

beginning with a sample of villages with either (i) a mini-grid elec-
tricity source or (ii) a private distribution franchise in the state of
Odisha. To that sample, similar villages from the same district were
added for comparative purposes. Overall, the villages were relatively
large to sustain a market with some rural enterprises, yet suffering
from low levels and quality of electricity access. While this sam-
pling does not produce a representative sample of rural India, it gives
ample variation in electricity sources and quality of service in areas
of interest to rural energy planners and enterprises. The data was
collected in collaboration with Smart Power India (SPI) in 2018. The
questionnaire collected detailed information on demand for and use
of electricity at the household level. In the dataset, all but 2 villages
are connected to the electrical grid, but not all households within
these villages have grid connections.

We find that the rural Indian electricity market can be segmented
into three clusters along willingness to pay, satisfaction with lighting,
and appliance wattage. Qualitatively, the three clusters represent dif-
ferent levels of potential and observed electricity usage. This differ-
entiation between clusters allows identification of those who might
be likely to demand greater electricity in the future, due to poten-
tial for increases in satisfaction and current usage. We find a large
cluster of customers in what we call the ‘potential customer’ clus-
ter. Individuals in this cluster use low levels of electricity currently,
and have low satisfaction with quality of lighting. This indicates that
an improvement in service to these customers could increase their
demand. We also identify a large cluster of low-demand customers.
In this cluster, current usage is low, but satisfaction with lighting
is high. Thus, we argue that these customers will remain at their
current usage levels regardless of improvements in service. Most
customers fall into these two clusters, with the low-demand cluster
composing over half of the dataset. Our third cluster consists of cus-
tomers with both high satisfaction and high usage, and we label it the
high-use cluster. This cluster also likely will exhibit low growth in
demand in the future. This cluster is also the smallest in our dataset.

Segmentation variables were chosen to capture different aspects
of customers’ projected demand, despite not having access to data
from metering technology. However, our strategy uncovers impor-
tant relationships between these variables: for example, we find
that the cluster in which customers exhibit the highest willing-
ness to pay and appliance wattage is not the same as the cluster in
which customers exhibit the highest satisfaction with lighting. Anal-
ysis without segmentation would not capture this relationship in
regression results.

Using OLS regression, we identify several strong predictors of
cluster membership. An increase in the age of respondents predicts
their membership in the low-demand cluster, while reducing the
likelihood that they are in the potential customer cluster. Increases
in the education level of respondents increase the likelihood they
are in the high-use cluster, while reducing the likelihood they are in
the potential customer cluster. Increases in the size of households
predicts membership in the high-use cluster, while it decreases the
likelihood of being in the low-demand cluster. Finally, being in a
scheduled caste or tribe reduces the likelihood of being in the low-
demand and high-use clusters, while increasing the likelihood of
being in the potential customer cluster.

Psychographic variables, used to describe customers on psycho-
logical attributes, are also significantly related to cluster member-
ship. Having leadership traits and being risk averse decrease the
likelihood of being in the potential customer cluster, while increas-
ing the likelihood of being in the high-use cluster. Having leadership
traits also predicts membership in the low-demand cluster. Finally,
preferring cheap goods increases the likelihood of being in the
low-demand cluster while reducing the likelihood of being in the
high-use cluster.

Finally, we estimate models with endogenous variables included.
These results should be interpreted cautiously. However, we do find
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that as the number of hours of grid electricity increases in a village,
its inhabitants are more likely to be in the low-demand and high-use
clusters. Increases in household expenses decrease the likelihood of
being in both the potential customer and low-demand clusters while
increasing the likelihood of being in the high-use cluster. Finally,
having a mini-grid or grid connection decreases the likelihood of
being in the potential customer cluster and increases that of being
in the low-demand cluster. Having a grid connection increases the
likelihood of being in the high-use cluster.

These results offer a first-step towards characterizing the rural
Indian electricity market, and offer direction for electricity providers
and NGOs attempting to market their electricity products. We show
that different types of consumers can be identified along easily
observable measures. Moreover, we show that there are clear groups
of consumers that vary along their satisfaction, willingness to pay,
and existing appliance usage. The implications for policymakers and
non-governmental organizations of this research are clear: generat-
ing easy to measure data on observable characteristics of potential
consumers can lead to a powerful ability to target consumers who
are most willing to demand electricity. Moreover, this same strategy
can allow organizations to avoid the increased provision of energy
to those who do not seek it, leading to a more efficient allocation of
electricity overall.

2. Electricity segmentation

Our approach contributes to the understanding of demand for
electricity in rural India, but also speaks to a larger literature. In
particular, we take a step forward in the use of segmentation for
estimating demand in electricity markets, and energy markets in
general.

There has been limited engagement in market segmentation
research for energy markets in general. Analyzing willingness to pay
for green electricity in China, Zhang and Wu (2012) use a multino-
mial logit model to identify relevant variables for segmentation and
then create market segments. They find that demographic variables
predict willingness to pay. Similarly, Hyland et al. (2013) estimate
the gross margin earned from the supply of electricity to house-
holds in Ireland, and find that they can be predicted by economic and
demographic variables. In the context of the energy market in India,
Srinivasan (2005) adopts a qualitative approach towards segment-
ing the photovoltaic market along several dimensions. However, few
other papers have engaged in this research, despite its usefulness for
energy policy. Indeed, in the context of energy, Rajabi et al. (2017)
argue that clustering can be useful for tariff design, load forecast-
ing, demand response and customer classification. In this study, we
employ clustering for customer classification.

In India itself, market segmentation research is in its infancy.
Kiran Mor (2014) segments the Indian market using a random sam-
ple of 400 consumers, using a psychographic approach. Similarly,
Narang (2011) uses psychographic data on Indian youths to identify
clusters in apparel store selection. However, this is one of the first
studies to segment the rural Indian market, and to our knowledge,
the first to segment the electricity market in India.

Our approach speaks to a larger literature on access and usage of
electricity in rural India, and the use of energy sources in general,
specifically work which determined factors predicting the adoption
of new energy technologies. Recent work on energy adoption in rural
India shows that household expenditures and savings, along with
entrepreneurial attitudes, are key determinants of innovation and
the adoption of new technology (Aklin et al., 2018). This confirms
earlier findings that wealth drives adoption in at least some types of
energy markets (Smith and Urpelainen, 2014). In a review of 32 stud-
ies concerning the adoption of improved fuels and cookstoves, Lewis
and Pattanayak (2012) showed that income and education predicted
adoption, whereas the effect of variables such as household size,

composition and gender were unclear. We test similar household-
level factors in our analysis, providing clarity on their role.

Previous work on the determinants of rural electrification in India
has largely been located at the state or regional level, attributing
poor electrification to structural factors or poor governance (Palit
and Chaurey, 2011). In their study of determinants of rural electri-
fication in Bihar, Oda and Tsujita (2011) employ village-level data,
and show that location is the most important determinant of electri-
fication. Our study uses household-level data in order to determine
the factors that influence the adoption of electricity within villages.
This level of analysis can explain variation in access to electricity, as
“in spite of having moderate to high village electrification rate, the
household connections in rural . . . India continue to be low” (Palit
and Chaurey, 2011, p. 272).

Moreover, past analysis at the household-level in rural India has
been limited. Bhattacharyya (2006) used household-level data to
conclude that electricity consumption increases with higher levels
of income and in urban areas in India, but presented only descrip-
tive analysis. Kemmler (2007) improved on Bhattacharyya ’s (2006)
design by employing a binary choice model, and found that house-
hold electrification depended on household characteristics, the level
of community electrification, and the quality of electricity supply.
However, this analysis was limited by the data available, in that the
dependent variable was limited to whether or not a household was
electrified. We build upon these results by employing a richer dataset
specific to energy usage by which we can better measure variation in
the consumption of electricity.

In general, our approach differs from past studies by combining
a segmentation approach to defining demand profiles, and model-
ing the factors that predict demand. Our paper generates descrip-
tives segments of the Indian rural electricity market, similar to past
attempts at segmenting energy markets. However, it takes a step
forward by modeling segment membership, giving rich quantitative
analysis in addition to qualitative characterization of the segments.

3. Research design

Our approach consists of several steps. To begin, we choose vari-
ables with which to segment the data. Variables were chosen in
order to create clusters of individuals at different consumption lev-
els. Using these variables, we then determine the optimal number
of clusters in the data using an unsupervised machine learning tech-
nique. After determining the number of clusters, we use the k-means
clustering algorithm to create clusters of our data according to three
variables. Once these clusters are created, we employ individual-
level cluster membership as a dependent variable and test which
household and village-level factors predict membership in the high-
use cluster using OLS regression. This approach is useful in two ways
in that it allows us to describe the market for rural electricity in India,
and determine which variables predict households’ consumption of
electricity.

3.1. Data

The data for the study were collected in collaboration with SPI, an
organization established by the Rockefeller Foundation. The survey
was constructed to study technology adoption, power consumption
and customer attitudes towards mini-grid and grid electricity in
rural India. The dataset consists of 10,249 households in 204 villages
in four states: Bihar, Odisha, Rajasthan and Uttar Pradesh. To our
knowledge, this is one of the largest and most fine-grained surveys
regarding the rural market for electricity in India.

SPI previously implemented mini-grid and distribution franchise
interventions in this area. We sampled from both intervention and
non-intervention villages. First, we randomly sampled 50 mini-grid
and distribution franchise villages. Then, we randomly sampled 50
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villages similar to the mini-grid intervention villages, and 50 similar
to distribution franchise intervention villages.

The sample for the survey randomly selected villages that were
similar to SPI intervention villages along two covariates: total pop-
ulation and distance to nearest town. Villages that were within one
standard deviation of the mean of these covariates for the interven-
tion villages were included in the sample frame, reducing expected
sampling variability.

The questionnaire was designed to gather detailed information on
electricity usage and demand at the household level. To this end, we
collected fine-grained data on methods of electrification, willingness
to pay for electricity, and appliance ownership and usage, among
other variables. The detail of the data allows for an understanding
of the factors driving electrification at a more micro-level than past
studies. Moreover, the large sample size and sample frame create
strong external validity for the study, allowing for generalizability.

3.2. Segmentation variables

We use three variables to segment the data. Variables were cho-
sen in order to create clusters of individuals at different consumption
levels. The first is willingness to pay.2 In our survey, we ask respon-
dents about their willingness to pay for four different combinations
of electricity service. For the purposes of this analysis, we use the
highest level of service, in which respondents were asked to name
how much they would pay for “uninterrupted electricity throughout
the day, which allows you to use all of your electric appliances.”3 In
the Appendix S1, we show the correlation between the four willing-
ness to pay packages measured in the questionnaire. The four pack-
ages are highly correlated so we restrict our analysis to employing
only one.

The second variable used in segmentation is total appliance
wattage. In the questionnaire, we asked respondents about 20 spe-
cific types of appliances: we asked if they owned the appliance,
if so, how many of the appliance they owned, the wattage of the
appliance, and the brand of the appliance. This allowed us to con-
struct a detailed measure of the total wattage used by appliances
within households. This variable is constructed by multiplying the
number of devices owned by households by their wattage. Further
details on the assumptions made to construct this variable are avail-
able in Appendix Section S6. Wattage is intended to capture demand
by households. We did not survey households without electricity
on their appliance ownership, and thus treat their wattage as 0. To
account for missingness in the wattage data, we imputed data as fol-
lows: first, we limited the extreme values of appliance wattage by
creating upper and lower bounds through secondary research and
consultations with appliance shop owners. For customers who were
unsure of their appliance wattage, we used the mean value within
the bounds identified. Furthermore, for certain appliances which
generated a substantial amount of missingness during piloting, typ-
ical values from secondary research were used. These appliances
included washing machines, music or radio systems, TV sets, mobile
phones and laptops.

The third variable used in segmentation is satisfaction with light-
ing. Satisfaction is measured on a 5-point scale, with 1 indicating
that the respondent is very unsatisfied with their lighting arrange-
ment, and 5 indicating that they are very satisfied. We anticipate
that satisfaction with lighting may capture a critical component of
future demand of electricity. Namely, if attitudes towards outcomes

2 In the analysis presented in the manuscript, we replace all missing values with
zero. This approach implicitly assumes that households’ willingness to pay for electric-
ity is 0. As a robustness check, we conduct all the analyses again dropping households
that did not answer our willingness to pay questions. This analysis is available in the
Appendix in Section S4.

3 This question should capture the highest willingness to pay by respondents.

of electricity supply, such as artificial lighting, factor into a cus-
tomer’s demand, then those with similar levels of satisfaction may
be likely to demand similar levels of service in the future. We further
expect a strong correlation between satisfaction and willingness to
pay, given the existing experimental research (Homburg et al., 2005).

We show the correlation between the three segmentation vari-
ables in Fig. 1. Appliance wattage and willingness to pay are corre-
lated, whereas satisfaction with lighting is not correlated with the
other variables.

These three variables allow us ample variation with which to
determine different clusters of consumers in the rural Indian elec-
tricity market. Moreover, the variables proxy for different types of
engagement with electrification, in terms of value, usage, and sat-
isfaction. Thus, clustering across these variables allows us to profile
specific types of possible consumers. The following section describes
our approach to determining predictors of cluster membership.

3.3. Predictor variables

We employ a multitude of variables across several models
to explain cluster membership. We first begin with village and
individual-level socioeconomic variables. Namely, we test the effects
of age, education level, religion (as a binary variable capturing
whether a respondent is Hindu), caste (as a binary variable mea-
suring whether a respondent is part of a backward caste or tribe),
household size, and the number of hours of grid electricity at the
village level. Testing associations between these individual level
variables is important for several reasons. first, these attributes are
most easily measured and available to those seeking to provide
electricity. Thus, understanding their association with demand can
improve marketing and expansion strategies. Second, these variables
capture important variation in households’ remaining lifetime earn-
ing potential, social mobility and other factors that may be correlated
with demand. Our predictor variables are in line with past literature
on demand for electricity (Jones et al., 2015).
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Fig. 1. This figure displays the correlation between our segmentation variables.
Darker shades of blue suggest a higher positive correlation. Appliance wattage and
willingness to pay are positively correlated, whereas the correlation between satisfac-
tion with lighting and the other two variables is weak.
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We also test the effect of several psychographic variables. In
total, we employ six such variables which we collapse into three
factors using latent variable factor analysis. The number of factors
was determined using parallel analysis, which compares the eigen-
values of the correlation matrix of the observed data to that of a
random dataset. The three factors capture leadership, cheap con-
sumership, and risk aversion. Similar variables have shown strong
associations with demand for particular types of electricity in past
studies (Rowlands et al., 2003).

Finally, we include clearly endogenous variables to predict mem-
bership. These include household grid connection, household mini-
grid connection, and household expenses. Although the SPI interven-
tions were not randomized and are certainly correlated with village
characteristics, this analysis allows understanding into whether their
customer base is correlated with any certain cluster membership.
However, we are unable to say whether SPI interventions influenced
membership or whether these customer characteristics predicted
the choice of intervention locations, as they were not randomized.
We are agnostic as to which direction causation runs.

Summary statistics for these variables, along with segmenta-
tion variables, are displayed in Table 1. All variables exhibit a high
level of variation, although it is clear that there are some outliers
with respect to appliance wattage. The measurement of variables is
described in their corresponding sections.

In all models, we also include state fixed effects in order to
account for unobserved heterogeneity across states.

4. Results

In this section, we present the results of our analysis. First, we
determine the optimal number of clusters using the gap statistic
method. The optimal number of clusters is determined to be three.
We then create the three clusters using the k-means algorithm, in
which the within-cluster difference between observations in terms
of the chosen variables is minimized. Once we have determined the
clusters, we characterize them based on their mean values. We then
determine the predictors of cluster membership through regression
analysis.

4.1. Determining the number of clusters

We determine the optimal number of clusters using the gap
statistic, which compares the change in within-cluster dispersion
with that under a reference null distribution (Tibshirani et al., 2001).
Our approach is to use the firstSEmax process in the cluster package
in R (Maechler et al., 2019). This approach “ looks for the smallest k
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Fig. 2. The optimal number of clusters computed by the gap statistic. Three clusters
is found to be the optimal number.

such that its value f(k) is not more than 1 standard error away from
the first local maximum” (Maechler et al., 2019). In our test, we limit
the possible number of clusters to ten. We find the optimal number
of clusters to be three, as shown in Fig. 2.

4.2. Cluster membership

To separate the data into three clusters, we use hard k-means
cluster analysis, in which each observation is assigned to only exactly
cluster. The approach minimizes the difference between observa-
tions within clusters while maximizing between-cluster heterogene-
ity. Before the clustering method was employed, we centered each
variable by subtracting the variable means from each variable and
dividing them by their standard deviation.

In Fig. 3, we show the scaled characteristics of each cluster along
segmentation variables. The figure shows that the data is separated
into three clusters with clear variation across the segmentation vari-
ables. Cluster 1 has the lowest values of all three variables, whereas
cluster 3 has the highest values for willingness to pay and appli-
ance wattage. Cluster 2 has middle values for willingness to pay and
appliance wattage, and the highest mean value for satisfaction with
lighting. We show the number of customers in each cluster in Section
S2 in the Appendix. Cluster 2 is the largest, with 5337 observations.
Cluster 1 has 4234 observations, whereas cluster 3 has 678.

Table 1
Summary statistics for segmentation and predictor variables for the entire sample. Missing data were imputed to be 0. N = 10,249.

Statistic Mean St. Dev. Min Max

Willingness to Pay 203.951 248.374 0 10,000
Satisfaction with Light 3.336 0.952 1 5
Appliance Wattage 325.693 578.866 0.000 9564.000
Age 43.521 14.491 18 95
Uneducated? 0.468 0.499 0 1
Schooling? 0.472 0.499 0 1
Higher Education? 0.059 0.236 0 1
Hindu? 0.881 0.324 0 1
Scheduled Caste or Tribe? 0.274 0.446 0 1
Monthly Household Expenses (log) 8.487 0.667 5.303 11.513
Household Size 6.470 3.376 1 45
Village Hours of Grid Electricity 11.420 5.932 0.000 21.960
Leader? −0.000 0.868 −1.445 1.994
Cheap? −0.000 0.998 −1.732 1.895
Risk Averse? −0.000 0.639 −1.403 1.711
Grid Connection? 0.743 0.437 0 1
Mini-grid Connection? 0.020 0.139 0 1
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Fig. 3. Scaled mean values of variables used for segmentation by cluster. There is a high level of variation between clusters in the means of our segmentation variables. We
characterize cluster 1 (n = 4234) as “potential customer”, cluster 2 (n = 5337) as “low-demand” and cluster 3 (n = 678) as “high-use”. Variables are centered and divided by
their standard deviation. WTP means willingness to pay.

We further show the unscaled values by cluster in Fig. 4. This
graphic demonstrates the large difference in mean values between
clusters. Significantly, we show that cluster 2 is characterized by
high levels of satisfaction with lighting, whereas cluster 3 is charac-
terized by high levels of willingness to pay and appliance wattage.
This finding highlights the value of the segmentation approach:
we effectively isolate two important types of customers. We argue
that customers in cluster 2 are likely to be takers, or consumers
who adopt the technology provided but potentially do not demand
higher levels of it. Cluster 3, meanwhile, exhibits high demand for
electricity.

We also display bivariate plots of the clusters according to the
segmentation variables in order to characterize the clusters. These
plots are shown in Fig. 5. Note that there is high inter-cluster varia-
tion across all variables, and moreover the high-use cluster contains
the majority of outlier variables.

Given the characteristics of the clusters, we assign them qualita-
tive meaning to abstract away from their characteristics. To this end,
we consider cluster 1 to be the “potential customer” cluster, cluster
2 to be the “low-demand cluster” and cluster 3 to be the “high-use”
cluster. Summary statistics separated by cluster, and including the

wattage of all appliances included in segmentation are shown in the
Appendix Section S3.

Finally, we display the clusters by state and SPI intervention. The
distribution of cluster membership by state is shown in Fig. 6. The
proportion of observations in each cluster is fairly consistent across
states. The distribution by intervention is shown in Fig. 7. We see a
much larger proportion of low use observations in non-intervention
villages rather than in mini-grid or distribution franchise villages.

5. Predictors of cluster membership

Given that we can characterize three clusters in our dataset,
we can then employ other variables to determine which predict
membership in the three clusters. To do so, we use OLS regression,
employing the predictor variables outlined above. In total, we esti-
mate nine models. each cluster membership is coded as a binary
dependent variable, and for each we estimate three models varying
the inclusion of covariates and endogenous variables. For all mod-
els, we include state fixed effects and cluster standard errors at the
village level. In each model, coefficients can be interpreted as the
increase in probability of being in one cluster versus all others for a
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Fig. 5. Bivariate plots of segmentation variables by cluster. The plots exhibit high inter-cluster variation along all variables. The high-use cluster contains the majority of outlier
variables. WTP means willingness to pay.

one unit change in the independent variable. Our general estimation
equation is

Yivs = bXi + ls + 4v

where Yi is membership in a cluster at the individual level, Xi is a
vector of covariates for individual i, ls are state fixed effects, and 4v is
the error term clustered at the village (v) level. In Appendix Section
S5, we also employ a multinomial logit model including all covariates

and endogenous variables and plot the effects of each of the variables
on cluster membership. The effects plots confirm the results shown
in the linear probability models.

We begin by determining the predictors of membership in the
potential customer cluster. Our first model includes only plausibly
exogenous variables at the individual level in order to determine
their effects without possible confounding. These are socioeconomic
variables, such as age, education level, religion, caste, and household
size. We then include psychographic factor variables in the second
model. The third model adds endogenous variables to the model,
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Fig. 6. Cluster membership by State. The distribution of observations in each cluster appears consistent across all States, although Rajasthan has fewer members in the high-use
cluster.

including the mean hours of grid electricity available in a village, and
whether households use grid or mini-grid electricity. The results of
these models for the potential customer cluster are shown in Table 2.

In terms of socioeconomic variables, we find that age, and both
levels of education tested have a significantly negative effect on the
probability of membership in the potential customer cluster across
models. Conversely, being a member of a scheduled caste or tribe
increases the likelihood that observations are in the potential cus-
tomer cluster. Household size does not have a significant coefficient
except when endogenous variables are included in the model.

Leadership traits and risk aversion both decrease the likelihood
of being in the potential customer cluster. This could be because
these individuals already have sufficient access to energy. However,
the effects of preferring cheap goods are weak, demonstrating that
energy demand may be seen as a necessary good, and not one subject
to budget considerations.

Finally, all endogenous variables have significant effects, although
these results should be interpreted cautiously. Households with
greater monthly expenses are less likely to be in the potential
customer cluster. The same can be said for villages with greater
hours of grid electricity and households that have grid and mini-
grid connections. These results are not surprising, as energy supply
should already be sufficient in these areas.

We then estimate the same models for membership in the low-
demand cluster. These results are shown in Table 3. As the age
of respondents increases, so does their likelihood of being in the
low-demand cluster. However, being in a scheduled caste or tribe
and having a larger household decreases the likelihood of being
in this cluster. Other exogenous socioeconomic covariates are not
statistically significant. This indicates that households with poten-
tial demand are generally those who are younger, and in a lower
socioeconomic class.

Among the three psychographic variables, leadership traits and
preferences for cheap goods predict membership in this segment.
Risk aversion does not have predictive power.

In the third model, the endogenous variables all have signifi-
cant coefficients. An increase in household expenses decreases the
likelihood of being in this cluster. Conversely, having a grid or
mini-grid connection increases the likelihood of membership in the
low-demand cluster.

Finally, we estimate the three models for the high-use clus-
ter. Results are shown in Table 4. In Model 1, we find that having
attended school, and having acquired a higher education increase the
likelihood of being in this cluster. Meanwhile, being in a scheduled
caste or tribe lower the likelihood. Having a larger household also
significantly increases the likelihood of being in the high-use cluster.
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Table 2
In this table, we present results for the predictors of membership in the “potential
customer” cluster. We increase the number of predictors included in each model. Coef-
ficients can be interpreted as the increased likelihood of being in the cluster given a
one-unit increase in the independent variable. We show significant effects for several
variables which are interpreted in the text.

Dependent variable:

Potential Customer
(1) (2) (3)

Age −0.001∗∗ −0.001∗∗ −0.001∗∗

(0.0004) (0.0004) (0.0004)
Schooling? −0.053∗∗∗ −0.045∗∗∗ −0.029∗∗∗

(0.011) (0.011) (0.011)
Higher Education? −0.138∗∗∗ −0.116∗∗∗ −0.075∗∗∗

(0.020) (0.020) (0.020)
Hindu? −0.035 −0.024 −0.029

(0.024) (0.023) (0.023)
Scheduled Caste/Tribe? 0.067∗∗∗ 0.065∗∗∗ 0.033∗

(0.019) (0.019) (0.018)
Log Expenses −0.044∗∗∗

(0.011)
Household Size −0.003 −0.002 0.003∗

(0.002) (0.002) (0.002)
Village Grid Hours −0.015∗∗∗

(0.003)
Leader −0.082∗∗∗ −0.078∗∗∗

(0.010) (0.010)
Cheap −0.008 −0.009

(0.006) (0.006)
Risk Averse −0.028∗∗ −0.026∗∗

(0.011) (0.011)
Grid Connection? −0.173∗∗∗

(0.021)
Mini-Grid Connection? −0.264∗∗∗

(0.048)
Constant 0.522∗∗∗ 0.532∗∗∗ 1.268∗∗∗

(0.062) (0.061) (0.117)

State Fixed Effects? Yes Yes Yes
Observations 10,249 10,249 10,168
Adjusted R2 0.043 0.063 0.117

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.
Standard errors clustered at village level.

All three psychographic variables have significant effects. Hav-
ing leadership traits and being risk averse increases the likelihood of
being in the high-use cluster. Preferring cheap goods increases the
likelihood of not being in the high-use cluster. This indicates that
some behavioral measures influence demand, although the mecha-
nism is unclear.

Finally, in Model 3, three endogenous variables have positive
effects. Increases in household expenses, hours of village grid elec-
tricity, and household grid connections increase the likelihood of
being in the high-use cluster.4 However, mini-grid connections sur-
prisingly do not.

Overall, we show that observable characteristics of individuals
can predict their cluster membership and thus their projected level
of demand. This analysis can be used to develop more effective
targeting and messaging strategies for organizations attempting to
increase the uptake of electricity. For example, our results suggest
that in places with a large number of customers exhibiting charac-
teristics similar to those in the potential customer segment, a focus
on increasing the quality of electricity service can greatly increase
demand.

4 It is important to note that the coefficient for grid connection is negative in Table
S4 of the Appendix, where missing data for willingness to pay were dropped instead
of treated as 0s.

Table 3
This table displays results using membership in the “low-demand” cluster as the
dependent variable. We increase the number of predictors included in each model.
Coefficients can be interpreted as the increased likelihood of being in the cluster given
a one-unit increase in the independent variable. We show significant effects for several
variables which are interpreted in the text.

Dependent variable:

Low demand
(1) (2) (3)

Age 0.001∗∗ 0.001∗∗ 0.001∗∗

(0.0004) (0.0004) (0.0004)
Schooling? 0.012 0.009 0.006

(0.011) (0.011) (0.011)
Higher Education? −0.005 −0.014 −0.022

(0.025) (0.024) (0.025)
Hindu? 0.026 0.016 0.018

(0.024) (0.023) (0.024)
Scheduled Caste/Tribe? −0.034∗ −0.034∗ −0.016

(0.019) (0.019) (0.018)
Log Expenses −0.026∗∗

(0.012)
Household Size −0.003∗ −0.004∗∗ −0.004∗

(0.002) (0.002) (0.002)
Village Grid Hours 0.011∗∗∗

(0.003)
Leader 0.066∗∗∗ 0.062∗∗∗

(0.010) (0.011)
Cheap 0.029∗∗∗ 0.028∗∗∗

(0.007) (0.007)
Risk Averse 0.009 0.008

(0.011) (0.011)
Grid Connection? 0.148∗∗∗

(0.022)
Mini-Grid Connection? 0.262∗∗∗

(0.049)
Constant 0.455∗∗∗ 0.441∗∗∗ 0.363∗∗∗

(0.057) (0.056) (0.120)

State Fixed Effects? Yes Yes Yes
Observations 10,249 10,249 10,168
Adjusted R2 0.020 0.036 0.065

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.
Standard errors clustered at village level.

6. Conclusion and policy implications

The above analysis highlights the role that easily observable
covariates play in predicting customers’ current and future demand
for electricity. This indicates that organizations seeking to advertise
and promote the uptake of different electricity technologies in rural
India can vary their campaigns and strategies along socioeconomic
lines. Moreover, we provide evidence that psychographic variables
predict electricity consumption as well, meaning that behavioral
trends within a community may predict their willingness to use new
electricity products. For instance, individuals who have leadership
traits and exhibit risk aversion may be more willing to use electricity,
whereas those who do not may not be effective customers to target.

We also show that the availability of electricity is a strong pre-
dictor of being in a high-use cluster. Such a relationship is tenuous,
of course, because electricity may be available only in those areas
where we would expect high demand. However, even when analysis
is conducted at the village level, more availability leads to a higher
likelihood of being in the high-use cluster. This indicates that simply
expanding availability may increase demand.

The generation of the segments itself also contributes to our
understanding of the electricity market in rural India. First, we show
that segmentation is easy to accomplish given even a limited dataset.
We create three clusters of individuals using data on willingness to
pay, appliance usage, and satisfaction with lighting. Similar analysis
could be conducted on other pre-existing datasets. Second, we show
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Table 4
This table displays results using membership in the “high-use” cluster as the depen-
dent variable. We increase the number of predictors included in each model. Coeffi-
cients can be interpreted as the increased likelihood of being in the cluster given a
one-unit increase in the independent variable. We show significant effects for several
variables which are interpreted in the text.

Dependent variable:

High use
(1) (2) (3)

Age 0.0001 0.0001 0.0001
(0.0002) (0.0002) (0.0002)

Schooling? 0.041∗∗∗ 0.036∗∗∗ 0.023∗∗∗

(0.005) (0.005) (0.005)
Higher Education? 0.143∗∗∗ 0.130∗∗∗ 0.096∗∗∗

(0.019) (0.019) (0.018)
Hindu? 0.009 0.007 0.011

(0.009) (0.009) (0.008)
Scheduled Caste/Tribe? −0.033∗∗∗ −0.031∗∗∗ −0.017∗∗∗

(0.006) (0.006) (0.006)
Log Expenses 0.070∗∗∗

(0.006)
Household Size 0.006∗∗∗ 0.005∗∗∗ 0.0004

(0.001) (0.001) (0.001)
Village Grid Hours 0.005∗∗∗

(0.001)
Leader 0.016∗∗∗ 0.016∗∗∗

(0.003) (0.003)
Cheap −0.021∗∗∗ −0.019∗∗∗

(0.004) (0.003)
Risk Averse 0.019∗∗∗ 0.018∗∗∗

(0.005) (0.004)
Grid Connection? 0.025∗∗∗

(0.005)
Mini-Grid Connection? 0.002

(0.011)
Constant 0.023 0.027 −0.631∗∗∗

(0.019) (0.019) (0.058)

State Fixed Effects? Yes Yes Yes
Observations 10,249 10,249 10,168
Adjusted R2 0.041 0.050 0.091

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.
Standard errors clustered at village level.

that creating a small number of segments can still create clusters
with higher levels of inter-cluster variation along our segmentation
variables. This indicates that standard measures of existing or poten-
tial demand for electricity are correlated and that clear consumer
groups can be created along these lines. Such an approach to under-
standing and describing the electricity market may be fruitful in
other under-electrified areas.

The segmentation exercise undertaken in this paper contributes
to our understanding of the rural Indian electricity market in two
key ways. First, it describes the rural electricity market along three
key lines: willingness to pay, satisfaction with lighting and appli-
ance usage. We show that three clusters are optimal for segmenting
along these variables, and create potential customer, low-demand
and high-use clusters. Second, it determines the predictors of cluster
membership. We demonstrate that socioeconomic, psychographic,
and electricity availability variables all affect the likelihood of a given
household falling within a certain usage cluster.

The analysis in this essay is by no means exhaustive or conclusive,
as segmentation is inherently an exercise defined by a large amount
of researcher degrees of freedom. If we began with different segmen-
tation variables, our optimal number of clusters may have differed, as
would have the effect of our predictor variables. Moreover, we focus
only on demand for electricity in general and not on demand for
specific services. Therefore, our analysis is limited in speaking to cus-
tomer segments in specific service markets. This would certainly be
a fruitful avenue for future research. However, we believe the find-
ings are an effective step towards understanding the composition of

the electricity market in rural India. Moreover, this study can con-
tribute to future research on electricity and technological uptake in
general. For example, it indicates that in future RCTs examining elec-
tricity uptake, attention should be paid to heterogenous responses
by cluster.
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