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Abstract
Since the beginning of the twenty-first century, mobile telephony has witnessed un-

precedented growth in developed nations. The adoption of mobile phones in developing
countries was even faster. In this paper, we study the effects of access to mobile telephony
on economic growth and inequality in the context of an emerging country. We use ex-
ogenous change in mobile coverage in rural India under the Shared Mobile Infrastructure
Program between 2007–2009. Using village level nighttime lights between 2003-2013
as a proxy for income and a difference-in-difference estimation strategy we find that the
villages covered under the program had a 12 percent additional growth compared to the un-
covered villages. Our results on luminosity Gini suggests that for every additional percent
of population brought under mobile phone connectivity reduces income inequality by 0.06
percent. These results are robust to alternate specifications and a smaller sample where the
baseline difference between the villages covered under the program and control villages
are minimum.
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1 Introduction

Mobile telephony has witnessed unprecedented growth since the beginning of the twenty-first
century.1 Since 2002 mobile subscribers have exceeded the number of fixed lines globally. In
developed countries usage in mobile telephony and data services has transformed the way peo-
ple connect and work. Such rapid communication technologies have played a significant role in
driving economic growth in the last few decades (Gruber and Koutroumpis, 2011). The adop-
tion of mobile phones in developing countries was even faster. Currently, there are more than
twice as many subscriptions in developing countries (3.2 billion) compared to the developed
nations. (1.4 billion). The importance of the telecommunications sector also becomes evident
by comparing the share of telecommunications revenues in GDP: telecommunications services
accounted for on average 4.8% of the total GDP of sub-Saharan Africa compared to 3.1% in
the European Union (Gruber and Koutroumpis, 2011).

This unparalleled catch-up, particularly for India with a meager 1.3 telephones per 100 pop-
ulation in 1996, is probably one of a kind technology adoption. Between 2001-2014, mobile
subscription in India increased more than 100 fold, from about 0.62 to 74 mobile subscribers
per 100 inhabitants.2 In 2010, the growth rate of mobile penetration hovered at around 75 per-
centage per annum. Such high subscription growth rate was mainly due to the low initial base,
declining tariff rates and handset prices, liberalization of the telecom market and subsequent
expansion of mobile networks. The causal effect of rapid changes in mobile telephony on eco-
nomic outcomes is poorly understood. Its proliferation is argued to be largely demand driven
and therefore endogeneous to various confounding factors.

The rapid adoption of mobile phones in developing countries can have far-reaching im-
pacts. Proliferation of mobile phones in developing countries has reduced information asym-
metry (Jensen, 2007), increased employment (Klonner et al., 2010), and agricultural profitabil-
ity (Beuermann, 2011). At the same time, there is a growing consensus that that technological
advancement is one of the major factors behind rising income inequality (Acemoglu, 2002;
Jaumotte et al., 2013). In this paper, we study the effects of access to mobile telephony on
economic growth and inequality in the context of an emerging country.

A key methodological challenge in studying the effect of mobile telephony is the problem
of reverse causality. Economic outcomes such as income and expected growth affect telecom
service providers’ decision to offer access. Unlike experiments on the effectiveness of micro-
finance or access to sanitation, for instance, it is costly if not plain infeasible to conduct ran-
domized control trials (RCTs) under which mobile telephone towers are randomly constructed
across locations.

We use the construction of mobile towers under the Shared Mobile Infrastructure Program
in India as an exogeneous source of variation in mobile connectivity in rural areas to overcome

1See Figure ??.
2The drop in the mobile subscribers in 2012 for India is partly due to operators no longer including inactive

subscriptions in their reports.
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the reverse causality problem. Despite the rapid growth in subscription, mobile penetration in
India is heavily skewed in favor of urban areas.3 . The capital cost of providing telecom ser-
vices in rural and remote areas is much larger due to the lack of infrastructure and uneven ter-
rain. Besides, sparse population density and limited commercial activities fail to attract private
capital. However, given the importance of telecom connectivity, most countries have policies
for Universal Access and Universal Service to ICT. In India, the Universal Service Obligation
Fund (USOF) was set up in 2003 with the obligation to provide affordable telecommunication
to unconnected villages. Under the Shared Mobile Infrastructure program of USOF, private in-
frastructure providers received a subsidy to build and operate mobile towers in pre-determined
rural and remote areas without mobile connectivity. In Phase-I (2007–2010) of the program,
7,353 mobile towers, spread over 500 districts and 27 states, were installed in villages that did
not have fixed wireless or mobile coverage. The increase in mobile coverage under the program
was not demand driven and therefore, provides an exogenous variation in coverage to study its
impact on economic growth and inequality.

Most of the micro-level analyses of ICT focus on a very narrow outcome, either geograph-
ically and by product-type. Jensen (2007) studies the effect of mobile telephony on the fishing
industry in one Indian state. Goyal (2010) focuses on the implication of internet kiosks on the
soybean industry in one Indian state. Aker (2010) studies the effect on the millet market in
Niger and Muto and Yamano (2009) study the different implications for a perishable (banana)
and a non-perishable (maize) products in Uganda. In addition, each of these papers emphasizes
the market performance outcome in the form of prices or sales. We also want to move away
from the narrower focus in the literature on the impact of new mobile technologies and appli-
cations (e.g., Jack and Suri (2009) for M-Pesa in Kenya, Stone et al (2009) for mobile banking
in South Africa, Kahn et al (2008) for potential for m-health). Mobile coverage under SMIP
was administered at the village level. However, information on economic activity at the village
level is sparse. We use data on the luminosity of nighttime lights extracted at the village level
for the period 2003-2013 as a proxy for the size of the economy and study the impact of mobile
telephony on growth of luminosity and inequality.4

Using Census data, we find that villages covered under the SMIP were 20 percent more
likely to have mobile coverage. Our difference-in-difference estimates using nighttime lights
data show that villages covered under the program had 16 percent higher growth in luminosity.
We do not find any effect on the growth rate of luminosity in the first year of construction of
towers. However, the effects are positive and increasing for the subsequent years. Our results
on first differences in log nighttime lights suggest that the growth rate of night lights in the
post period was 9 percent higher in the covered villages. These results indicate that mobile

3Current urban teledensity is 4.4 times that of the rural density. In 1996, urban areas in India had 3.7 more
telephones per 100 population compared to rural areas. This gap increased to 56.4 in 2008, driven primarily by
the lack of adequate mobile infrastructure in the countryside (Figure ??)

4Henderson et al. (2011) show that there is a strong relationship between economic growth and night light
intensity at the sub-national level using a cross-section of countries for the world.
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connectivity increases the levels as well as the growth rate of nighttime lights. Additionally, we
find that that every additional percent of population brought under mobile phone connectivity
brings down income inequality by 0.06 percent.

This study is organized as follows. Section 2 provides a survey of the relevant economic
literature in the context of telecommunications infrastructure and presents the results from mi-
croeconomic case studies concerning the impact of mobile telecommunications in developing
countries. Section 3 presents the background of the Shared Mobile Infrastructure program in
India. Section 4 and 5 describes the data and the econometric specifications, in particular a
difference-in-difference model used to estimate the impact of mobile coverage. econometric
modelling approach, in particular and describes the dataset used. Section 6 and 7 presents and
discusses the results and provides some evidence in robustness of the results. Section 8 draws
conclusions from the results and discusses some policy implications.

2 Literature

Diffusion of information and communication technologies (ICTs) has played a significant role
in driving economic growth in the last few decades. In a comparative study of nine OECD
countries, Colecchia and Schreyer (2002) find a positive effect of capital investments in ICT
on economic growth. Country-specific studies, in particular, Oliner et al. (1994) and Jorgen-
son and Stiroh (2000) for the United States, Cette et al. (2005) for France, Niininen (1998)
for Finland, and Oulton (2002) for the United Kingdom, estimates the contribution of ICT to
economic growth between —. However, a simple extrapolation of these estimates may not
hold for developing countries, since the digital divide is wider than the income gap between the
developed and developing world (Wong, 2002).

Most of the cross-country studies focus on the relationship between ICT and economic
growth while the micro studies often explore various channels through which increased ICT
coverage can lead to growth. First, access to mobile phones may reduce information asymmetry
in the product market and improve welfare. Jensen (2007) shows that the adoption of mobile
phones by fishermen and wholesalers in Kerala was associated with a dramatic reduction in
price dispersion and a complete elimination of waste. Aker (2010) finds that the introduction
of mobile telephony in Niger explains a significant decrease in grain price dispersion. A second
channel through which network coverage can affect growth is by creating new jobs for mobile-
related services and reducing search costs in the labor market. In South Africa, Klonner et al.
(2010) find a correlation between network coverage and employment in a locality. Growth in
ICTs can also lead to increased competition, which can result in increased market efficiency,
and hence, higher income. In a study on the insurance sector, Brown and Goolsbee (2000) show
that the growth of the Internet has reduced term life prices and increased consumer surplus.
Finally, Cronin et al. (1993) suggest that investment in telecommunications infrastructure is
causally related to the United States’ total factor productivity.
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The existing literature comes close to establishing a direct link between access to mobile
telephones and agricultural income. Beuermann (2011) has documented an increase in agri-
cultural profitability from the adoption of mobile phones. Beuermann et al. (2012) show that
mobile phone expansion has increased household real consumption, reduced poverty incidence,
and decreased extreme poverty in which country.

Using nighttime lights data, extracted at the village level as a proxy for economic activity
we are able to establish an association between access to mobile telephony and increased in-
come. Henderson et al. (2011) was first to suggest that satellite data on nighttime lights could
be used to augment official income growth measures. Nordhaus and Chen (2014) conclude
that lights data contain substantial cross-sectional information and may be useful for devel-
oping countries where statistical systems are often weak. Weidmann and Schutte (2016) also
noted that light emissions are highly accurate predictors of economic wealth estimates even
with simple statistical models. Mellander et al. (2015) use a combination of correlation anal-
ysis and geographically weighted regressions to examine the relationship between economic
activity and luminosity. Elvidge et al. (2012) use nighttime lights to develop the Night Light
Development Index(NLDI), a measure of regional development. Among others Kulkarni et al.
(2011), Castell-Climent et al. (2015), and Guariso and Rogall (2016) also use nighttime lights
as a proxy for GDP at a sub-national level. How many of these studies are at sub-nation level?

The empirical evidence on the effect of ICTs on inequality is inconclusive at best. Bandy-
opadhyay (2005) finds a negative association between the two, Sahoo (2012) observes that ICTs
may end up aggravating inequalities, and Kahanec (2005) notes that decreasing desegregation
of minorities and increasing minority-majority income inequality may be seen as two faces of
the ICT revolution. Pepper and Garrity (2015) conclude that ICTs have different effects on the
top and the bottom of the income distribution, and its effects on inequality depend on the rel-
ative effect. Income and development measures constructed using nightlights can also be used
as a measure of economic inequality. Alesina et al. (2015) use nighttime lights to create mea-
sures of ethnic inequality. Mveyange (2015) estimates the Gini coefficient from district-level
nighttime light data to assess regional inequality. Kuhn and Weidmann (2015) use variation in
nighttime lights to calculate within-group wealth inequality. Xu et al. (2015) use NLDI to mea-
sure the regional inequality of public services in Mainland China. Huber and Mayoral (2013),
however, caution that there have been no studies on the strengths and weaknesses of nighttime
light-based inequality measures, and recommend care in using such measures.

3 Background

3.1 Universal Service Obligation Fund

The Universal Service Obligation Fund (USOF) was set up in India in 2003 with the obliga-
tion to provide affordable telecommunication to hitherto unconnected villages. Proportion of
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villages uncovered at the start of the program, using WPC data on uncovered villages
as 41% of total villages in India, and what proportion was proposed to be covered. The
funds for the program were raised through a Universal Access Levy (UAL), a percentage of the
revenue earned by operators under various licenses. Bids were invited from public and private
infrastructure providers to construct towers. Under the program, private infrastructure providers
received a subsidy to build and operate mobile towers in rural and remote areas without mobile
connectivity.

In Phase-I of the program, 7,353 mobile towers were installed in villages that did not have
fixed wireless or mobile coverage. These towers were built between 2007 and 2010 and are
spread over 500 districts and 27 states in India. Figure 1 plots the spatial distribution of these
towers. Besides remoteness and lack of mobile coverage, these villages were chosen from
about 300,000 unconnected villages in India on the basis of their population. Villages with a
population greater than 2000 were prioritized in Phase-1 of the program. The infrastructure
providers (IPs) were responsible for setting up, operating, and maintaining these sites for a
period of six and half years.5

4 Data

For analyzing the implications of mobile telephony at the village level, we use a number of
datasets. We first describe the datasets with village level characteristics. Then, we discuss the
list of villages that were covered or left uncovered under SMIP and the challenges of matching
these villages to their characteristics data. We describe the data on luminosity, which is one
of our outcome variables. Finally, we talk about the inequality measures constructed from the
luminosity data.

4.1 Census Data

The census of India, conducted decennially by the Office of the Registrar General & Census
Commissioner, is the only source of village-level information on demographics, infrastructure,
and household amenities. Given that the program of interest started in 2008–09, we use cen-
sus data for the years 2001 and 2011. Besides a unique village identifier, the Primary Census
Abstract (PCA) provides information on the distribution of village population over several cat-
egories of occupation such as cultivators, agricultural labor, household industry and others.
These distributions are provided separately by gender and by main and marginal workers.6

There are 638,365 villages in the 2001 PCA. However, we have exact coordinates (longi-
tudes and latitudes) for 592,490 villages. By 2011 the total number of villages stood at 600,497

5The IP was responsible for the land, tower, electrical connection, power backup, boundary wall, and security
cabin.

6Those who did not work for more than six months in the preceding year of the census are defined as marginal
workers and the remainder are called main workers.
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villages in the 2011 PCA. However, village codes have changed between the two census. In
order to link PCA 2001 and PCA 2011, we generate a crosswalk between the 2001 and 2011
village census codes. We obtain this information for each state from the Local Governance Di-
rectory (LGD) website and merge them to get a comprehensive dataset with census information
for both 2001 and 2011.7 Based on this crosswalk, we have 506,812 villages with both PCA
2001 and PCA 2011 codes along with the village coordinates.

The village level infrastructure dataset compiled as part of the census is referred to as the
Village Directory (VD).8 The dataset contains village location (state, district, and sub-district),
demographics (such as population grouped by gender and caste), size and land use, and pri-
mary manufacturing and agricultural commodities produced in the village. It provides details
of a variety of amenities available in each of the villages. These include educational, med-
ical, drinking water, post and telegraph, banking, and recreational amenities, among others.
There is also information on the availability and quality of infrastructure, such as transporta-
tion, telecommunication, and power supply. Under transportation, the dataset covers several
alternative modes, including roads and national highways, and railways.

The 2011 Household Amenities (HA) dataset provides the average household characteris-
tics in each village, such as the condition of the house, materials of construction, household
size, the sources of drinking water and energy, and assets. This dataset also includes informa-
tion on the fraction of households in a village with mobile phones. Of the 506,812 villages with
2001 and 2011 PCA codes, 463,353 villages have VD and HA data.

4.2 Coverage under Shared Mobile Infrastructure Program (SMIP)

4.2.1 Baseline Coverage Status

The Wireless Planning & Co-ordination (WPC) wing of the Department of Telecommunica-
tions (DoT) maintains records of the wireless coverage status in India. We obtained WPC’s
2006 report and found that India had 236,240 uncovered villages as of 2006. It was based on
this report that the Universal Service Obligation Fund (USOF) identified the set of villages to
be considered for mobile connectivity under the Shared Mobile Infrastructure Program (SMIP).

4.2.2 Tower Locations and Covered Villages

For our purposes, we are interested in the set of covered and uncovered villages following
SMIP. In order to identify the set of covered villages, we rely upon two information sources.
We have the list of towers actually built, but it does not contain the set of villages that were

7Many of the villages with 2001 census code do not have a corresponding 2011 census code. One reason could
be the change in status from village to town between 2001 and 2011.

8Village is a statutorily recognized unit having a definite boundary and separate land records. Data for villages
that are considered as a “Census town” are not shown in the VD data set but in the Town Directory data set.
Furthermore, villages that are no longer inhabited are present in the database but do not have any data on amenities.
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covered by the towers. Separately, we have a list of proposed towers with the set of villages
that were to be covered by each of the proposed towers. In this section, we discuss the process
by which we match these two lists to get the villages actually covered under the program.

The USOF had the task of identifying locations to construct mobile towers under SMIP. It
manually created village clusters using WPC coverage data and boundary maps from the Survey
of India with an eye to maximize the population covered. Within each cluster, preliminary
tower locations were then determined manually. Coverage radius of each tower was assumed
to be about 5 km.9 Subsequently, tower locations were optimised using digital elevation maps
and radio frequency analysis.10 Based on this process, the USOF prepared a list of 7,871
unique locations to construct mobile towers covering 256,234 villages.11 However, the tower
identifiers in the proposed list are noisy.

Separately, we obtained a list of 7,393 towers that were finally constructed.12 In order to
obtain the list of villages covered by these towers, we had to match the list of proposed towers
to the list with the final towers based on the less-than-ideal tower identifiers. Through this
process, we were able to match 4,849 actual towers to those in the proposed list. It is possible
that at least some of the remaining 2,544 built towers that we could not match with the proposed
list were relocated due to topographical limitations or inadequate electricity supply. For ease
of reference, we will refer to the unmatched 2,544 towers as the relocated towers.

Besides the location of each of the built towers (i.e,. state, district, sub-district, and village
codes based on the 2001 census), we also have information on the infrastructure provider,
service providers, and date of commissioning of the base transceiver system set up by the
service providers at each of the tower locations.13

For the 4,849 towers that were built at their proposed location, the USOF’s proposed tower
list provides the names of 140,777 covered villages. However, for the remaining 2,541 re-
located towers,14 the cluster of villages covered by them was not available with the DoT. To
identify these villages, we follow a two-step process. First, we plot the precise location (lat-
itude and longitude) of 234,836 of the 236,240 uncovered villages in WPC’s 2006 report.15

In the second step, using specialized GIS software, we superimpose the location of the 2,536

9There was some variation between the plains and hilly terrains.
10This information is based on numerous conversations with individuals closely associated with the project at

the Centre for Development of Telematics, DoT.
11The number of villages in this proposed list exceeds the number of uncovered villages in the 2006 WPC

report. This is because of overlap in the villages covered by multiple towers. Additionally, some of the villages
may already have mobile coverage but fall within the proposed tower’s coverage area.

12We were unable to get a satisfactory explanation for the shortfall of 478 towers. The reasons could be lack of
interest among bidders, problems of insurgency, difficult terrain, etc.

13Each tower has a unique alpha-numeric identifier. The tower identifier contains information which allows
us to extract 2001 census codes for the state, district, sub-district, and village where the tower is located. For
example for a tower id, “28-01-0002-00004800-01-O-C”, the 2001 Census codes for the state, district, sub-district
and village would be 28, 01, 0002, 00004800 respectively. In addition, the dataset provides each tower’s latitude
and longitude.

14Longitude and latitude information are missing for 3 of the 2,544 relocated towers.
15Village co-ordinates were manually matched using the information made available by Mizushima Laboratory.
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relocated towers on this map with a five kilometer buffer.16 Through this process, we identify
30,044 villages that were most likely to be covered by the relocated towers.

4.3 Village Census Codes: Covered and Uncovered

We have three different sets of villages in our sample. The first is the list of 30,044 villages
covered by relocated towers. The second is the set of 140,777 villages covered by towers
built in the proposed location. Finally, the third set is one of 56,399 villages which remain
uncovered after the implementation of SMIP. For the purposes of our analysis, we need village-
level information both before and after the introduction of mobile telephony. So, we need to
first determine each village’s PCA 2001 code and then match it with that in the comprehensive
census list based on the crosswalk.17

Since the WPC 2006 report of initially uncovered villages contains PCA 2001 code for each
village, we apply fuzzy matching to match these village names to those in the list of covered
villages. In many instances, we have multiple matches for a given village name. We then iden-
tify the best match between the two lists by ensuring that the remaining information – state,
district, sub-district, population and number of households – are also the same. Through this
process, we obtain PCA 2001 code for 84,131 villages covered by towers built in proposed
locations and 28,824 villages covered by relocated towers. A closer looks reveals further dis-
crepancies. Importantly, 33,772 of the 84,131 villages purported to be covered under the SMIP
also appear in the WPC 2006 list of villages that were already covered prior to the SMIP. To
avoid contamination of treated villages, we drop these villages from our sample of covered
villages.

Separately, we obtained WPC’s list of unconnected villages as of 2011. While this list
contains names of 56,399 villages, we have 47,099 unique villages with PCA 2001 codes. Of
these, 7,868 villages also appear in the WPC list of covered villages prior to 2006. We drop
these villages from our list. We argue that the remaining villages must be a proper subset of
uncovered villages in 2006 and 2011. We refer to these villages as “control” for the rest of the
paper.

Once we merge all villages, both covered and uncovered, with the crosswalk data, we obtain
matched 2001 and 2011 census codes for 79,183 covered villages (50,359 covered by towers
in proposed locations and 24,671 covered by relocated towers) and 39,321 uncovered villages.

4.4 Night-time Lights Data

Mobile coverage under SMIP was administered at the village level. However information on
economic activity at the village level is sparse. Henderson et al. (2011) show that there is a
strong relationship between economic growth and night light intensity at the sub-national level

16The five kilometer buffer was suggested by the officials at the Centre for Development of Telematics, DoT.
17For any village, the 2001 census code is different from its 2011 census code.
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using a cross-section of countries for the world. We use data on the luminosity of nighttime
lights extracted at the village level for the period 1992-2013 as a proxy for the size of the
economy.

The satellite raster images with nighttime lights were obtained from the National Aero-
nautics and Space Administrations (NASA) Defense Meteorological Satellite Programs Opera-
tional Linescan System (DMSPOLS), a set of military weather satellites orbiting and recording
high resolution images of earth each night between 20:30 and 22:00 local time. The high
resolution images captured at an altitude of 830 km above the earth record concentrations of
outdoor lights, fires, and gas flares at a resolution of 0.56 km and a smoothed resolution of 2.7
km. These images are available from 1992 onwards and are used to produce annual compos-
ites during a calendar year after dropping cloud cover, aurora and solar glare (mainly near the
poles), and fleeting lights such as forest fires and other noise. We use this series of the images
from 1992–2013 after masking the raster data for the geographic boundary of India. These
images are scaled onto a geo-referenced 30 arc-second grid (approximately 1 sq. km.). Each
pixel is encoded with a measure of its annual average brightness on a 6-bit scale from 0 to 63.
We use the data available on stable night lights that drop light values from pixels with unstable
light signatures over time and village boundary maps to extract a time series of village level
luminosity data.

The State Directorate of Census Operations publishes village boundary maps at the sub-
district level along with their census code. We obtain the digitized village level maps from
a private vendor which scans and vector digitizes the boundaries of villages as polylines and
the location of the village settlement as points from these maps. Figure 3 shows the nighttime
lights data superimposed on the village boundary map for the state of Haryana in the year 2001.
Figure 1 plots the location of the towers on the night-time satellite map of India for the year
2013. Note that almost none of the towers is located inside brightly lit areas. This confirms that
the program provided coverage to rural India which is less likely to be brightly lit at night.

4.5 Inequality measures

Data on inequality measures at the village level is practically non-existent. It also proves dif-
ficult to use nightlights to construct an inequality measure at the village level because of the
relatively small number of nightlight pixels in most given villages. We choose, therefore, to
analyze inequality as a function of the intensity of treatment among the uncovered villages at
the subdistrict-level.

We consider the villages that had no mobile coverage at the baseline, and group them by the
subdistrict they belong in. Then, we use nightlights data for the period 2003-2013 to calculate
the Gini coefficient, defined as half the relative mean absolute difference, for each group in
each year, to be used as a measure of inequality. Further, for each such subdistrict group, we
define intensity of treatment in a given year as the proportion of originally uncovered villages
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in the group that have been covered so far. In an alternate specification, we look at intensity of
treatment as the proportion of the originally uncovered population of the group that has been
covered so far. It is important to note that, under these definitions, the Gini coefficients and
intensity of treatment do not refer to the subdistrict as a whole, but merely to that part of it
which does not have mobile coverage at the baseline.

5 Estimation Strategy

As discussed in the previous section our sample is restricted to the period 2003–2013 covering
28 states and 118,510 villages. The Shared Mobile Infrastructure Programme provided mobile
towers in hitherto uncovered villages and we exploit the variation in mobile coverage through
the program to tease out the effects of mobile connectivity. As all towers were not built at the
same time, we take advantage of the variation in timing to find the effects using a difference-
in-difference framework. The following empirical model is standard for most of the outcomes

Yvst = β0 +β1Treatmentvs ×Postt + τt +κvs + ςst + εvst . (1)

where the indices v, s and t represent village, state and year respectively. Treatmentvs is a binary
variable which takes the value one if the village v in state s received mobile tower connectivity
under SMIP. Postt is an indicator for years after the mobile connectivity was provided. The
coefficient β1 measuring the average effect of mobile connectivity is the parameter of interest.
Our specification also include year (τt) and village (κvs) fixed effects, and state-specific time
trends (ςst). Any unobserved secular changes in outcomes are controlled for under the standard
difference-in-difference identifying assumption.

The estimation framework outlined in equation (1) assumes that a priori the group-specific
trends were uncorrelated with treatment. However, it is possible that some unobserved factor
was associated with both the trend of nighttime lights and mobile coverage under SMIP. For
instance, it is possible that the program was implemented in villages which were more likely to
get covered endogenously and consumption of electricity in such villages was increasing over
time. To allow for differential pre-treatment trends, we estimate the following specification for
the villages that were covered in 2008.

Yvst = β0 +β1(t-2003)+β2Treatmentvs × (t-2003)+β3Treatment×Postt × (t-2008)

+β4Treatmentvs ×Post+ τt +κvs + ςst + εvst ,
(2)

The coefficient β1 captures the time trend while β2 captures the differential in linear time trend
between the treatment and control villages. β3 allows a trend-break between the groups after
the construction of the towers in 2008 and β4 captures difference in difference estimate of the
outcome variable.
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5.1 Descriptive Statistics

Starting with the sample of covered and uncovered villages with both 2001 and 2011 cen-
sus codes, we merge these data with the Household Amenities (HA) data and finally with the
Night Light data. Our final sample has 79,229 covered and 39,281 uncovered villages with the
variables needed for our analysis. Table 2 provides some descriptive statistics for the sample
villages. Columns (1) and (2) show the averages for the dependent and independent variables
while column (3) reports the differences for the pre-SMIP period. The villages covered under
SMIP show 19 percent less luminosity, had 586 additional residents and with higher literacy
rate. These villages also have better infrastructural facilities in terms of availability of post of-
fices, land line connections, banking and transportation services. These significant differences
clearly point out that the covariates are not balanced for the treatment and control villages.18.
Columns (4) and (5) report the averages for the post SMIP period. Except for the outcome
variable, natural log of average luminosity, the differences in the averages for the other vari-
ables, reported in Column (6), continue to remain significantly positive. Column (7) shows the
differences between column (6) and (3). The difference-in-differences estimate for log lumi-
nosity is significant at one percent level and is measured at 0.31. Except for banking services
the difference-in-differences estimates for other observables are also significant.

6 Results

We show our main results using two sources of data. Census data from 2001 and 2011 are
used to confirm that both mobile coverage and ownership improved for the villages covered
under the Shared Mobile Infrastructure Program (SMIP). Second, we construct a time series of
village level luminosity as a proxy for economic growth and inequality to gauge the impact of
mobile coverage.

6.1 Mobile Coverage and Ownership

Village Directory data from the 2011 Census provides village level information on endline
mobile connectivity, while we obtain baseline coverage status from the Wireless Planning &
Co-ordination (WPC, 2006) reports.19 According to the report in 2006, 340,170 villages were
connected with mobile telephony while 236,240 villages remained uncovered.

In order to find the effects of the SMIP on mobile coverage we estimate a difference-in-
difference model as specified in equation (1) after restricting the sample to villages that were
not covered in 2006. Table 3 reports the results of the regressions. In column (1) the coefficient

18In one of the robustness checks we attempt to address this issue by carefully selecting a sub-sample of treat-
ment and control villages that are more comparable.

19WPC reports also served as the basis of determining villages to be covered under the SMIP. Village Directory
data from the 2001 Census does not have any information on mobile connectivity.
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on the interaction between Treatment and Post after controlling for baseline village infrastruc-
ture facilities such as telephones, post offices, banking, etc. is estimated at 0.19.20 The point
estimate is statistically significant at 1 percent level. This suggests that treatment villages were
19 percent more likely to have mobile connectivity by 2011 compared to the control villages.
Note that by 2011 the control villages may have access to mobile telephony driven by endoge-
nous demand. In column (2) we report the D-i-D estimate after controlling for village fixed
effects. This specification helps us to eliminate time invariant village characteristics that might
have affected the likelihood of treatment. The interaction coefficient is marginally higher in
magnitude at 19.9 percentage points and continues to be significant at 1 percent level.

We explore the effects of the program on mobile ownership in Table 5. Household amenities
data in the Census 2011 collects information on the fraction of households in a village with
mobile phone.21 In column (1) we compare the fraction of households with mobile phones by
SMIP coverage in 2011 after controlling for district fixed effects. The point estimate suggests
that the fraction of households that own a mobile phone increased by 13.6 percentage points for
villages that were covered under the SMIP and it is significant at 1 percent level. In column (2)
we control for additional baseline village level characteristics along with district fixed effects
and the coefficient on SMIP reduces to 10 and it continues to be significant at 1 percent. These
results suggest that the program significantly increased mobile coverage and ownership in rural
India.

6.2 Effects on Nighttime Lights

The Shared Mobile Infrastructure Program connected villages with mobile telephony. Access to
mobile telephony can potentially affect village economies in a multitude of ways. The objective
of this paper is to estimate the effects on rural income. However, village level per capita income
data is not available for India. Henderson et al. (2011) have shown that nighttime lights visible
from outer space reflect variation in per capita income. In the absence of income data, nighttime
lights can be a very good proxy for economic growth.22 In this section we describe the effects
of mobile telephony on nighttime lights.

6.2.1 Difference-in-Difference Estimates

Our nighttime lights data spans a period of ten years from 2003 to 2013 and mobile towers
under the SMIP were commissioned between 2008-2009. Table 7 reports the effects of mobile
connectivity on natural log and log differences of average nighttime lights using a difference in

20Treatment takes the value one if a village was scheduled to be covered under the program and zero otherwise.
Post is an indicator for the year 2011

21 Household amenities data in the Census 2001 did not cover mobile ownership.
22See citations
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difference estimation framework outlined in equation (1).23 Column (1) of Table 7 presents the
result on log nighttime lights. The coefficient on the interaction between Treatment and Post

is estimated at 0.15 suggesting 16 percent brighter nighttime lights for the entire post period
from the baseline average. The coefficient is highly significant at 1 percent level. In column
(2) we report the results of the D-i-D framework on first differences of natural log nighttime
lights. The interaction coefficient is measured at 0.08 and is significant at 1 percent level. This
suggests that the growth rate of nighttime lights in the post period was 9 percent higher than the
baseline average. These results indicate that mobile connectivity increases the levels as well as
the growth rate of nighttime lights.

6.2.2 Time Varying Estimates

We present the time-varying effects of mobile coverage under the program on the same outcome
variables in Table 9. Column (1) reports the effects on log nighttime lights. The coefficient
estimate for the interaction between treatment and an indicator for the first year since a tower
was built is 0.02, and it is significant at 10 percent level. This estimate suggests that average
luminosity increased by 2 percent in the treated villages one year after the commissioning
of a mobile tower. The coefficient estimates for later years are 0.07, 0.15, 0.35, and 0.45
respectively. These time-varying effects of mobile telephony are very precisely estimated at
one percent level and indicate that the effects of mobile towers take some time to emerge but
the effects increase over time. We plot the estimated coefficients over time in Panel A of
Figure 4. The time-varying estimates for log differences, reported in Column (2) also shows
similar effects. We do not find any effect on the growth rate of luminosity in the first year
of construction of towers. However, the effects are positive and increasing for the subsequent
years. Panel B of Figure 4 plots the estimated coefficients.

6.2.3 Trend-Break Estimates

One of the main empirical concerns for the results reported in Table 7 and 9 might be that lumi-
nosity of the village covered under SMIP is trending differently, and the results are confounded
by these trends. We allay this concern by estimating a model that allows the treatment and
control villages to evolve along different time trends before the implementation of SMIP. The
estimation strategy with trend-break is outlined in equation 2.

We report the results separately for villages that were treated in the year 2008 and 2009
in Panel A and B, respectively in Table A.6. Column (1) in Panel A presents the result for
log nighttime lights for the villages where mobile towers were commissioned in 2008. The
coefficient on the interaction between (Year-2003) and Treatment is estimated at 0.04 and is

23We use log transformations and differences in logs instead of using levels of nighttime lights because it
enables us to ally concerns about non-normality assumption and see the effect of mobile towers on growth rate of
nighttime lights.
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highly significant at 1 percent level. This suggests that even before the SMIP the nighttime
lights for treatment villages were increasing over time at a higher rate than for the control vil-
lages. The coefficient on the interaction between Year-2008, Treatment and Post is estimated
at 0.04 suggesting that even after controlling for the differential trend of nighttime lights for
the two groups, the treatment villages on average had higher nighttime lights in the post pe-
riod than the baseline average. The coefficient is highly significant at 1 percent level. The
coefficient estimate for the interaction between treatment and post is negative at -.17 and it is
highly statistically significant. In column (2) we report the results of the above specification
on first differences of log nighttime lights. The coefficient on the interaction between Year-

2008, Treatment and Post is estimated at 0.05 suggesting that even after controlling for the
pre-existing differential trend, the treatment villages were on a significantly higher trajectory
of growth of nighttime lights in the post period. For villages that were covered in 2009, the
results show a similar pattern. However, the coefficient on the triple interaction between Year-

2009, Treatment and Post is estimated at 0.11, is much larger than the villages that were covered
earlier.

6.3 Complementarity with Village Amenities

Improved communication technology may be a necessary condition for growth, but it might
not be sufficient. Physical infrastructures and socio-economic conditions along with improved
connectivity may act as a catalyst that can enable growth. We use data from the Village Di-
rectory 2001 to obtain village infrastructure characteristics and use a triple difference model to
explore which baseline amenities facilitate the effects of mobile coverage. Our triple difference
model is specified below.

Yvst = β0 +β1Treatmentvs ×Postt × Infrastructure Dummy2001 +β2Treatmentvs ×Postt

+β3Treatmentvs × Infrastructure Dummyvs2001 +β4Postt × Infrastructure Dummyv,2001

+τt +κvs + ςst + εvst ,

(3)

where the indices v, s and t represent village, state and year respectively. Treatmentvs

is an indicator which takes the value one if the village v in state s received mobile tower
connectivity under SMIP. Postt is an indicator for years after the mobile tower was built.
Infrastructure Dummyvs2001 is an indicator for the relevant infrastructure, taking the value one
if the village v in state s in 2001 had access. The coefficient β1 measuring the average effect of
interaction of the infrastructure variable with mobile connectivity is the parameter of interest.
Our specification also include year (τt) and village (κvs) fixed effects, and state-specific time
trends (ςst).

Each row in Column (1) and (2) of Table 11 presents the result of a separate regression
with different indicators for infrastructure. Results on log nighttime lights reported in column

15



(1) suggest that covered villages that had more literates, access to banking services, closer
to a town, bus services, and better telephone connections at the baseline, had higher average
nighttime lights for the entire post period. The results on first differences of nighttime lights
presented in Column (2) are however not significant for most of the infrastructure variables. The
coefficient on the interaction of Treatment and Post with literacy and bank facility continues
to remain positive and significant at 1 percent level. These results provide suggestive evidence
that mobile phone are more effective to improve economic outcomes in areas with high literacy
rates and access to formal banking facilities. Literate mobile users can make the most use out
of cellular phones and access to banking services may act as a catalyst for growth as it can
facilitate access to loans and money transfer during distress.

6.4 Effects on Inequality

Many countries have experienced sharp increases in wage and income inequality over the past
several decades. There is a growing consensus that technological advancement is one of the
major factors behind rising income inequality (Acemoglu, 2002; Jaumotte et al., 2013; Krueger,
1993). The adoption rate for mobile phones had been one of fastest technology adoption. The
effects of mobile phones on income inequality is theoretically ambiguous. For example, declin-
ing handset prices and tariff rates have made the technology affordable for the poor. Therefore,
the benefits of using mobile phones are not limited to higher ends of the income distribution.
At the same time, there are significant price and non-price entry barriers for adoption of mo-
bile phones with internet connectivity. There is also considerable regional variation in mobile
coverage. These factors may encourage income and regional inequality.

In this section, we explore the effects of mobile coverage on income inequality. We con-
struct a proxy for income inequality by calculating the Gini coefficient of luminosity at the
subdistrict level. We collapse the village level mobile coverage under SMIP at the subdistrict
level. As a result, our main explanatory variable is the fraction of villages covered under SMIP
over time in a given sub-district. We report the results in Table 13. The variable % of Villages

Covered measures the fraction of uncovered villages in a sub-district that were covered under
SMIP while % of Population Covered measures the fraction of uncovered population that were
covered. The coefficient estimate on % of Villages Covered in Column (1) suggests that for the
villages without access to mobile telephony in 2006, a one percent increase in mobile coverage
decreases luminosity Gini by 0.04 percentage points. The point estimate is highly statistically
significant at one percent level. Given the baseline average Gini coefficient at 0.51, this trans-
lates as a 0.08 percent decrease in the measure of income inequality. Similarly, in Column (2)
our estimate suggests that every additional percent of population brought under mobile phone
connectivity reduces income inequality by 0.04 percentage points.
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7 Conclusions

Since the beginning of the twenty-first century, mobile telephony has witnessed unprecedented
growth in developed nations. The adoption of mobile phones in developing countries was even
faster. In this paper, we study the effects of access to mobile telephony on economic growth
and inequality in the context of an emerging country. We use exogenous change in mobile
coverage in rural India under the Shared Mobile Infrastructure Program between 2007–2009.
Using village level nighttime lights between 2003-2013 as a proxy for income and a difference-
in-difference estimation strategy we find that the villages covered under the program had a 12
percent additional growth compared to the uncovered villages. Our results on luminosity Gini
suggests that for every additional percent of population brought under mobile phone connec-
tivity reduces income inequality by 0.06 percent. These results are robust to alternate specifi-
cations and a smaller sample where the baseline difference between the villages covered under
the program and control villages are minimum.
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FIGURE 1: Location of Mobile Towers Built under the Shared Mobile Infrastructure Program
(SMIP).

Notes: Locations of mobile towers built under the SMIP are shown by gray triangles. Tower
locations are superimposed on the luminosity map of India. Tower locations are concentrated
in the darker areas, in line with the intent of the SMIP to improve coverage in rural and re-
mote areas. The satellite images come from the National Aeronautics and Space Adminis-
tration’s (NASA) Defense Meteorological Satellite Program’s Operational Linescan System
(DMSP-OLS). Exact location of towers are obtained from the Universal Service Obligation
Fund (USOF).
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FIGURE 2: District Level Mobile Coverage under the Shared Mobile Infrastructure Program
(SMIP).

Notes: The map shows the district-wise mobile coverage under the SMIP (2008-09). Coverage
is defined as the ratio of the number of villages that were covered under the SMIP to the number
of villages that were uncovered at the baseline (2006). District-wise number of uncovered
villages as of 2006 is obtained from the Wireless Planning & Co-ordination (WPC) wing of the
Department of Telecommunications (DoT) and village-level mobile tower construction details
were obtained from the Universal Service Obligation Fund (USOF).
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FIGURE 3: Nighttime Lights and Village Boundaries for the State of Haryana in 2001

NIGHT TIME LIGHT 2001ML INFOMAP, NEW DELHI

Notes: The satellite image used was obtained from the National Aeronautics and Space Admin-
istration’s (NASA) Defense Meteorological Satellite Program’s Operational Linescan System
(DMSP-OLS) and depicts the nighttime lights for the year 2001. The village boundary maps
are obtained from the Registrar General of India.
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FIGURE 4: Time-varying Effects of the SMIP on Nighttime Lights using Village-level Data

PANEL A: Natural Log of Average Nighttime Lights
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PANEL B: Lagged Differences in Natural Log of Average Nighttime Lights
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Notes: The graphs plot the coefficients (effects) of SMIP on the natural log and lagged dif-
ferences of average nighttime lights over the years since construction of a mobile tower. Both
specifications control for district- and year-fixed effects and state-specific time trends. Errors
are robust and clustered at the district level.
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FIGURE 5: Predicted Probabilities and the Common Support
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Notes: The solid line plots the predicted probability of mobile coverage under the SMIP for the
villages that were actually covered under the program using a Linear Probability Model with
baseline village characteristics as controls. The dashed line plots the predicted probability of
mobile coverage under the SMIP for villages that were not covered under the program using the
same model. The range of common support shown by the pair of dashed vertical lines [0.63,0.7]
was selected on the basis of visual inspection of the predicted probability distributions.
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TABLE 1: Summary Statistics for District-level Data

Variable Pre-SMIP Post-SMIP Difference

(1) (2) (2) – (1)

Nighttime Lights 0.80 1.36 0.56***
( 1.63) ( 2.48)

Population 288996.89 335017.68 46020.79**
( 258895.36) ( 304222.35)

Literacy 0.47 0.57 0.10***
( 0.12) ( 0.10)

Availability of Post Office 0.35 0.12 -0.23***
( 0.60) ( 0.18)

Number of Telephone Connections 521.18 105.54 -415.64***
( 930.94) ( 117.56)

Availability of Railway Services 0.01 0.02 0.01***
( 0.05) ( 0.06)

Availability of Domestic Power Supply 0.31 0.88 0.57***
( 0.27) ( 0.22)

Availability of Bank Facility 0.08 0.09 0.01
( 0.15) ( 0.15)

Availability of Bus Facility 0.42 0.51 0.09***
( 0.32) ( 0.31)

Notes: We use district-level characteristics for pre- and post-SMIP period from the Census of
India 2001 and 2011, respectively. Luminosity data was extracted from the raster images for
2001 and 2011 obtained from the National Aeronautics and Space Administrations (NASA)
military weather satellites.
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FIGURE A.1: Village Boundaries for Mysore

Notes: The graph superimposes the nighttime lights data for the year 2013 on the map of village
boundaries for the district of Mysore in Karnataka.
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TABLE 3: D-i-D Estimate of the Effect of SMIP on Mobile Coverage using Village-level Data.

(1) (2)

Treatment × Post 0.194*** 0.199***
(0.04) (0.06)

Treatment -0.023
(0.01)

Post 0.507*** 0.540***
(0.04) (0.06)

Total Population 0.000
(0.00)

Total Literate Population 0.000**
(0.00)

Availability of Telephone Connection 0.131***
(0.01)

Availability of Post Office -0.043***
(0.01)

Availability of Bank Facility -0.016*
(0.01)

Availability of Bus Facility 0.059***
(0.01)

R Squared 0.593 0.774
No. of Observations 209116 224809

Notes: Treatment refers to the villages that were covered under the Shared Mobile Infrastruc-
ture Program (2008-09) and the villages that remained uncovered as of 2011 are controls. Mo-
bile coverage status at the endline are from the Village Directory 2011, while it is 0 for all
villages at the baseline. The regression in column (1) controls for village characteristics and
district fixed effects. The coefficients from a similar regression with village fixed effects are
reported in column (2). Robust standard errors clustered at the district level are reported in
parentheses. ***, **, and, * indicate statistical significance at the 1, 5, and, 10 percent levels
respectively.
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TABLE 4: Estimate of the Effect of SMIP on Mobile Coverage using District-level Data.

(1) (2)

Current Treatment Intensity 0.009*** 0.009***
(0.00) (0.00)

Total Population 0.000
(0.00)

Total Literate Population -0.000***
(0.00)

Availability of Telephone Connection -0.000
(0.00)

Availability of Post Office 0.005
(0.01)

Availability of Domestic Power Supply -0.001
(0.03)

Availability of Bank Facility -0.122
(0.08)

Availability of Bus Facility 0.015
(0.05)

R Squared 0.746 0.800
No. of Observations 974 988

Notes: Since our sample is restricted to the villages that did not have mobile coverage in 2006
as per the Wireless Planning & Co-ordination wing (WPC) of the Department of Telecommuni-
cations (DoT), mobile coverage status at the baseline (2006) is 0 for all districts. Coverage sta-
tus at the endline (2011) is defined as the ratio of the number of villages that have received cov-
erage as per the Village Directory 2011 to the number of villages that were uncovered in 2006.
The coefficients in column (1) are from the regression of mobile coverage status on treatment
intensity under SMIP, average village characteristics, and state fixed effects. The coefficients
from a similar regression without average village characteristics but with district fixed effects
are reported in column (2). Robust standard errors clustered at the district level are reported in
parentheses. ***, **, and, * indicate statistical significance at the 1, 5, and, 10 percent levels
respectively.
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TABLE 5: Effect of SMIP on Mobile Ownership using Village-level Data.

Baseline Average 19.27

(1) (2)

Treatment 13.572*** 9.955***
(1.27) (0.99)

Total Population -0.006***
(0.00)

Total Literate Population 0.017***
(0.00)

Distance from Town -0.087***
(0.01)

Availability of Telephone Connection 1.898**
(0.72)

Availability of Post Office -0.260
(0.45)

Availability of Bank Facility -2.161***
(0.53)

Availability of Bus Facility 2.093***
(0.70)

R Squared 0.420 0.438
No. of Observations 105372 96499

Notes: Treatment refers to the villages that were covered under the Shared Mobile Infrastruc-
ture Program (2008-09) and the villages that remained uncovered as of 2011 according to the
Wireless Planning Commission are controls. The dependent variable, Mobile Ownership, is the
fraction of households that own a mobile phone as of 2011. Both regressions control for district
fixed effects. Robust standard errors clustered at the district level are reported in parentheses.
***, **, and, * indicate statistical significance at the 1, 5, and, 10 percent level respectively.
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TABLE 6: Effect of SMIP on Mobile Ownership using District-level Data.

Average 0.50

Treatment Intensity 0.002*** 0.002***
(0.00) (0.00)

Total Population -0.000***
(0.00)

Total Literate Population 0.000***
(0.00)

Distance from Town -0.002***
(0.00)

Availability of Telephone Connection -0.000*
(0.00)

Availability of Post Office 0.026*
(0.01)

Availability of Domestic Power Supply -0.010
(0.03)

Availability of Bank Facility 0.008
(0.06)

Availability of Bus Facility 0.142**
(0.06)

R Squared 0.629 0.682
No. of Observations 480 474

Notes: The dependent variable, Mobile Ownership, is the fraction of households that own a
mobile phone as of 2011. Both regressions control for state fixed effects. Robust standard er-
rors clustered at the district level are reported in parentheses. ***, **, and, * indicate statistical
significance at the 1, 5, and, 10 percent level respectively.
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TABLE 7: D-i-D Estimate of the Effects of SMIP on Nighttime Lights using Village-level Data

Dependent Variable Log Log Difference

(1) (2)

Treatment × Post 0.12*** 0.047***
(0.01) (0.01)

R Squared 0.588 0.135
No. of Observations 1013359 921230

Notes: Treatment refers to the villages that were covered under the Shared Mobile Infrastruc-
ture Program (2008-09) and the villages that remained uncovered as of 2011 according to the
Wireless Planning & Co-ordination wing are controls. Post takes the value 1 after the SMIP
and 0 otherwise. In columns (1) and (2), the dependent variables are nighttime lights in natu-
ral logs and lagged log differences, respectively. All specifications control for village and year
fixed effects and state-specific time trends. Robust standard errors clustered at district level are
reported in parentheses. ***, **, and, * indicate statistical significance at the 1, 5, and, 10 per-
cent level, respectively.

TABLE 8: Effects of SMIP on Nighttime Lights using District-level Data

Dependent Variable Log Log Difference

(1) (2)

Intensity of Treatment 0.0037*** 0.00035***
(0.00) (0.00)

R Squared 0.504 0.385
No. of Observations 10868 10374

Notes: In columns (1) and (2), the dependent variables are nighttime lights in natural logs and
lagged log differences, respectively. Intensity of Treatment refers to the ratio of the number
of villages covered under the SMIP in a district by the year corresponding to the observation
to the number of villages in the district without mobile coverage as of 2006 as per the Wire-
less Planning & Co-ordination wing. All specifications control for state and year fixed effects
and state-specific time trends. Robust standard errors clustered at district level are reported in
parentheses. ***, **, and, * indicate statistical significance at the 1, 5, and, 10 percent level,
respectively.
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TABLE 9: Time-Varying D-i-D Estimate of SMIP on Nighttime Lights using Village-level Data.

Panel A: Effect on Log Nighttime Lights

Dependent Variable Log Nighttime Lights

(1) (2) (3) (4) (5) (6)

Treatment × 0 Years 0.074***
(0.01)

Treatment × 1 Years 0.079***
(0.01)

Treatment × 2 Years 0.077***
(0.01)

Treatment × 3 Years 0.23***
(0.02)

Treatment × 4 Years 0.29***
(0.02)

Treatment × 5 Years 0.37***
(0.03)

R Squared 0.690 0.681 0.684 0.590 0.584 0.580
No. of Observations 736992 736992 736992 736987 644863 552739

Panel B: Effect on Log Differences

Dependent Variable Log Differences

(1) (2) (3) (4) (5) (6)

Treatment × 0 Years -0.015
(0.01)

Treatment × 1 Years -0.019***
(0.01)

Treatment × 2 Years -0.028***
(0.01)

Treatment × 3 Years 0.13***
(0.01)

Treatment × 4 Years 0.17***
(0.02)

Treatment × 5 Years 0.24***
(0.02)

R Squared 0.122 0.131 0.135 0.191 0.215 0.236
No. of Observations 644868 644868 644868 644858 552734 460610

Notes:
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TABLE 10: Time-Varying Estimate of SMIP on Nighttime Lights using District-level Data.

Dependent Variable Log Log Difference

(1) (2)

Overall effect 0.0013*** -0.00041***
(0.00) (0.00)

Treatment Intensity × 1 Year after Coverage 0.0018* -0.000099
(0.00) (0.00)

Treatment Intensity × 2 Years after Coverage 0.0037*** 0.0026***
(0.00) (0.00)

Treatment Intensity × 3 Years after Coverage 0.0027*** -0.00018
(0.00) (0.00)

Treatment Intensity × 4 Years after Coverage 0.0057*** 0.0039***
(0.00) (0.00)

Treatment Intensity × 5 Years after Coverage 0.0073*** 0.0057***
(0.00) (0.00)

R Squared 0.482 0.164
No. of Observations 10868 10374

Notes: Years since coverage is the number of years since the construction of the majority of
mobile towers being built in that district. Intensity of Treatment refers to the ratio of the number
of villages covered under the SMIP in a district by the year corresponding to the observation
to the number of villages in the district without mobile coverage as of 2006 as per the Wireless
Planning & Co-ordination wing. In columns (1) and (2), the dependent variables are nighttime
lights in natural logs and lagged log differences, respectively. All specifications control for
state and year fixed effects and state-specific time trends. Robust standard errors clustered at
district level are reported in parentheses. ***, **, and, * indicate statistical significance at the
1, 5, and, 10 percent level, respectively.
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TABLE 11: Heterogeneity by Pre-Program Amenities using Village-level Data.

Dependent Variable Log Log
Difference

(1) (2)

Treatment × Post × Literacy greater than Median 0.094*** 0.048***
(0.01) (0.01)

Treatment × Post × Bank Facility 0.075*** 0.022***
(0.01) (0.01)

Treatment × Post × Distance to Town greater than Median -0.075*** -0.015*
(0.01) (0.01)

Treatment × Post × Bus Services 0.052*** 0.015
(0.01) (0.01)

Treatment × Post × Telephone Connections 0.060*** -0.0024
(0.01) (0.01)

Treatment × Post × Power for Domestic Users -0.012 0.0010
(0.01) (0.01)

Notes: Treatment refers to the villages that were covered under the Shared Mobile Infrastruc-
ture Program (2008-09) and the villages that remained uncovered as of 2011 according to the
Wireless Planning Commission are controls. Post takes the value 1 after the SMIP and 0 oth-
erwise. In columns (1) and (2), the dependent variables are nighttime lights in natural logs and
lagged log differences, respectively. Each row reports results from a triple difference regres-
sion with village and year fixed effects and state specific time trends. Robust standard errors
clustered at the district level are reported in the parenthesis. ***, **, and, * indicate statistical
significance at the 1, 5, and, 10 percent level respectively.
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TABLE 12: Heterogeneity by Pre-Program Amenities using District-level Data.

Dependent Variable Log Log
Difference

(1) (2)

Intensity of Treatment × Literacy greater than Median 0.00074** 0.00051***
(0.00) (0.00)

Intensity of Treatment × Bank Facility -0.00034 0.00029**
(0.00) (0.00)

Intensity of Treatment × Distance to Town greater than
Median

-0.000060 0.00010

(0.00) (0.00)

Intensity of Treatment × Bus Services 0.000048 0.00039***
(0.00) (0.00)

Intensity of Treatment × Telephone Connections 0.00056 0.00038
(0.00) (0.00)

Intensity of Treatment × Power for Domestic Users 0.00074** 0.00023**
(0.00) (0.00)

Notes: Intensity of Treatment refers to the ratio of the number of villages covered under the
SMIP in a district by the year corresponding to the observation to the number of villages in
the district without mobile coverage as of 2006 as per the Wireless Planning & Co-ordination
wing. In columns (1) and (2), the dependent variables are nighttime lights in natural logs and
lagged log differences, respectively. Each row reports results from a regression with state and
year fixed effects and state specific time trends. Robust standard errors clustered at the district
level are reported in the parenthesis. ***, **, and, * indicate statistical significance at the 1, 5,
and, 10 percent level respectively.
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TABLE 13: Estimate of the Effects of SMIP on Inequality.

Panel A: Subdistrict-level Analysis

Baseline Average 0.50 0.50

% Villages Covered -0.00035***
(0.00)

% Population Covered -0.00034***
(0.00)

R Squared 0.709 0.709
No. of Observations 43629 43629

Panel B: District-level Analysis

Baseline Average 0.67 0.67

% Villages Covered -0.00054***
(0.00)

% Population Covered -0.00048***
(0.00)

R Squared 0.469 0.470
No. of Observations 10572 10573

Notes: Proportion of treatment by number of villages refers to the ratio of the number of vil-
lages covered under the SMIP in a subdistrict or district by the year corresponding to the ob-
servation to the number of villages in the subdistrict or district without mobile coverage as of
2006 as per the Wireless Planning & Co-ordination wing whereas, proportion of treatment by
population refers to the ratio of the number of people covered under the SMIP in a subdistrict or
district by the year corresponding to the observation to the number of people in the subdistrict
or district without mobile coverage as of 2006 as per the Wireless Planning & Co-ordination
wing. The Gini coefficients are calculated using night-time lights data. Robust standard errors
clustered at the district level are reported in the parenthesis. ***, **, and, * indicate statistical
significance at the 1, 5, and, 10 percent level respectively.
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FIGURE A.2: Evolution of Coverage using Village-level Data.
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FIGURE A.3: Evolution of Coverage using District-level Data.
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TABLE A.2: D-i-D Estimate of the Effects of SMIP on Nighttime Lights on Common Support
using Village-level Data.

Dependent Variable Log Log
Difference

(1) (2)

Treatment × Post 0.092*** 0.061***
(0.02) (0.01)

R Squared 0.521 0.154
No. of Observations 77942 70385

Notes: Treatment refers to the villages that were covered under the Shared Mobile Infrastruc-
ture Program (2008-09) and the villages that remained uncovered as of 2011 according to the
Wireless Planning Commission are controls. Post takes the value 1 after the SMIP and 0 oth-
erwise. In columns (1) and (2), the dependent variables are nighttime lights in natural logs and
lagged log differences, respectively. Common support refers to villages that had similar prob-
ability (between 0.63–0.7) of getting mobile towers under the SMIP as predicted by the 2001
village characteristics. All specifications control for village and year fixed effects and state-
specific time trends. Robust standard errors clustered at district level are reported in parenthe-
ses. ***, **, and, * indicate statistical significance at the 1, 5, and, 10 percent level, respec-
tively.
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TABLE A.3: Time-Varying D-i-D Estimate of SMIP on Nighttime Lights on Common Support
using Village-level Data.

Dependent Variable Log Log
Difference

(1) (2)

Treatment × 1 Year after Coverage 0.0062 -0.0063
(0.01) (0.02)

Treatment × 2 Years after Coverage 0.040** 0.040***
(0.02) (0.02)

Treatment × 3 Years after Coverage 0.096*** 0.079***
(0.02) (0.01)

Treatment × 4 Years after Coverage 0.20*** 0.16***
(0.03) (0.03)

Treatment × 5 Years after Coverage 0.36*** 0.33***
(0.06) (0.05)

R Squared 0.526 0.148
No. of Observations 82499 74999

Notes: The sample includes only villages covered under SMIP. Coverage takes the value 1 if
a village was covered at time t and 0 otherwise. Years since coverage is the number of years
since the construction of the mobile tower. In columns (1) and (2), the dependent variables
are nighttime lights in natural logs and lagged log differences, respectively. Common support
refers to villages that had similar probability (between 0.63–0.7) of getting mobile towers un-
der the SMIP as predicted by the 2001 village characteristics. All specifications control for
village and year fixed effects and state-specific time trends. Robust standard errors clustered at
district level are reported in parentheses. ***, **, and, * indicate statistical significance at the
1, 5, and, 10 percent level, respectively.
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TABLE A.4: NL, Energy Consumption, and Agri. GDP at 2004 prices

Panel A: Agricultural GDP at 2004 Prices

Ln(NL per sq. km) 0.16** 0.17*** 0.18**
(0.06) (0.06) (0.07)

Ln(Square of NL per sq. km) -0.018
(0.02)

Ln(Energy Consumption) 0.055 0.041
(0.05) (0.04)

R Squared 0.997 0.997 0.997 0.997
No. of Observations 220 220 198 198

Panel B: Agricultural GDP at Current Prices

Ln(NL per sq. km) 0.15*** 0.14** 0.18***
(0.05) (0.06) (0.05)

Ln(Square of NL per sq. km) 0.026
(0.02)

Ln(Energy Consumption) 0.053* 0.038
(0.03) (0.03)

R Squared 0.997 0.997 0.997 0.997
No. of Observations 220 220 198 198

Notes: All estimates include state- and time fixed effects. Robust standard errors clustered at
the state level are reported in the parenthesis. ***, **, and, * indicate statistical significance at
the 1, 5, and, 10 percent level respectively.
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TABLE A.6: Effects of SMIP on Nighttime Lights with Differential Trends.

Dependent Variable Log Log Difference

(1) (2)

Panel A: Villages Covered in 2008

Year-2003 0.02*** -0.01***
(0.01) (0.00)

(Year-2003)× Treatment 0.04*** 0.03***
(0.01) (0.01)

(Year-2008) × Treatment × Post 0.04*** 0.05***
(0.01) (0.01)

Treatment × Post -0.17*** -0.23***
(0.02) (0.03)

R Squared 0.585 0.134
No. of Observations 574163 521961

Panel B: Villages Covered in 2009

Year-2003 0.01 -0.02***
(0.01) (0.00)

(Year-2003)× Treatment 0.03*** 0.01***
(0.00) (0.00)

(Year-2009) × Treatment × Post 0.09*** 0.11***
(0.01) (0.01)

Treatment × Post -0.18*** -0.17***
(0.02) (0.03)

R Squared 0.577 0.141
No. of Observations 675971 614518

Notes: The estimation sample is confined to villages that were covered in 2008 and 2009 in
Panel A and B, respectively and the villages that remained uncovered. Treatment refer to the
villages that were covered under SMIP and villages without mobile telephony in 2011 are con-
trols. Post is an indicator taking value 1 for all years after the village was covered under SMIP
and 0 otherwise. All specifications control for village and year fixed effects and state-specific
time trends. Robust standard errors clustered at district level are reported in parentheses. ***,
**, and, * indicate statistical significance at the 1, 5, and, 10 percent level, respectively.
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TABLE A.7: Effects of SMIP on Nighttime Lights with Differential Trends using District-level
Data.

Dependent Variable Log Log Difference

(1) (2)

Panel A: Districts Covered in 2008

Overall effect 0.00*** 0.00*
(0.00) (0.00)

Treatment Intensity × 1 Year after Coverage -0.00 -0.00
(0.00) (0.00)

Treatment Intensity × 2 Years after Coverage -0.00 0.00
(0.00) (0.00)

Treatment Intensity × 3 Years after Coverage -0.00 -0.00
(0.00) (0.00)

Treatment Intensity × 4 Years after Coverage -0.00 -0.00
(0.00) (0.00)

Treatment Intensity × 5 Years after Coverage 0.00* 0.00***
(0.00) (0.00)

R Squared 0.563 0.411
No. of Observations 5324 5082

Panel B: Districts Covered in 2009

Overall effect 0.00*** -0.00
(0.00) (0.00)

Treatment Intensity × 1 Year after Coverage 0.00* 0.00
(0.00) (0.00)

Treatment Intensity × 2 Years after Coverage 0.00* 0.00
(0.00) (0.00)

Treatment Intensity × 3 Years after Coverage 0.00 0.00
(0.00) (0.00)

Treatment Intensity × 4 Years after Coverage 0.01*** 0.01***
(0.00) (0.00)

R Squared 0.557 0.397
No. of Observations 6292 6006

Notes: The estimation sample is confined to districts that were primarily (more than half) cov-
ered in 2008 and 2009 in Panels A and B respectively, and the districts that remained uncovered
under the scheme. All specifications control for state and year fixed effects and state-specific
time trends. Robust standard errors clustered at district level are reported in parentheses. ***,
**, and, * indicate statistical significance at the 1, 5, and, 10 percent level, respectively.
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TABLE A.8: Effects of SMIP on Nighttime Lights with Differential Trends on Common Sup-
port using Village-level Data.

Dependent Variable Log Log
Difference

(1) (2)

Panel A: Villages Covered in 2008

Year-2003 0.03** 0.00
(0.01) (0.01)

(Year-2003)× Treatment 0.03*** 0.02***
(0.01) (0.01)

(Year-2008) × Treatment × Post 0.03*** 0.04***
(0.01) (0.01)

Treatment × Post -0.16*** -0.18***
(0.02) (0.03)

R Squared 0.528 0.147
No. of Observations 48058 43689

Panel B: Villages Covered in 2009

Year-2003 0.02*** -0.00
(0.01) (0.01)

(Year-2003)× Treatment 0.02*** 0.01**
(0.00) (0.00)

(Year-2009) × Treatment × Post 0.05*** 0.06***
(0.01) (0.01)

Treatment × Post -0.12*** -0.11***
(0.03) (0.03)

R Squared 0.490 0.131
No. of Observations 58267 52970

Notes: The estimation sample consists of the villages that remained uncovered along with con-
fined to villages that were covered in 2008 and 2009 in Panel A and B, respectively, and are
part of the sample in both panels. Treatment refer to the villages that were covered under SMIP
and villages without mobile telephony in 2011 are controls. Post is an indicator taking value
1 for all years after the village was covered under SMIP and 0 otherwise. Common support
refers to villages that had similar probability (between 0.63–0.7) of getting mobile towers un-
der the SMIP as predicted by the 2001 village characteristics. All specifications control for
village and year fixed effects and state-specific time trends. Robust standard errors clustered at
district level are reported in parentheses. ***, **, and, * indicate statistical significance at the
1, 5, and, 10 percent level, respectively.
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TABLE A.9: Heterogeneity by Pre-Program Amenities on Common Support using Village-level
Data.

Dependent Variable Log Log
Difference

(1) (2)

Treatment × Post × Literacy greater than Median 0.034** 0.021**
(0.02) (0.01)

Treatment × Post × Bank Facility 0.015 -0.017
(0.03) (0.02)

Treatment × Post × Distance to Town greater than Median 0.0072 0.016*
(0.02) (0.01)

Treatment × Post × Bus Services 0.016 -0.0098
(0.02) (0.01)

Treatment × Post × Telephone Connections -0.019 -0.022*
(0.02) (0.01)

Treatment × Post × Power for Domestic Users -0.016 -0.0062
(0.02) (0.01)

Notes: Treatment refers to the villages that were covered under the Shared Mobile Infrastruc-
ture Program (2008-09) and the villages that remained uncovered as of 2011 according to the
Wireless Planning & Co-ordination wing are controls. Post takes the value 1 after the SMIP
and 0 otherwise. In columns (1) and (2), the dependent variables are nighttime lights in natural
logs and lagged log differences, respectively. Common support refers to villages that had simi-
lar probability (between 0.63–0.7) of getting mobile towers under the SMIP as predicted by the
2001 village characteristics. Each row reports results from a triple difference regression with
village and year fixed effects and state specific time trends. Robust standard errors clustered at
the district level are reported in the parenthesis. ***, **, and, * indicate statistical significance
at the 1, 5, and, 10 percent level respectively.
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