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Abstract

Does the flow of financing respond to changes in productive opportunities even

for the world’s poor? We answer this question by examining the response of private

bank financing to a shock to the rural road network in India, which brought road

access to hitherto unconnected villagers. The program prioritized road connectivity

for villages above explicit population thresholds, allowing us to exploit discontinuities

in treatment probability to identify our effects. We find large financing responses to

rural road connectivity – over 50% more villagers receive loans, and the average amount

lent to them is about 50-60% higher– for villages right above the threshold compared

to those just below. Roads seem to disproportionately benefit lower caste villagers

who lack collateralizable assets. Finally, we examine macro lending data from India’s

central bank and district-level GDP data, and find that connectivity and finance are

complements in the growth process.
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1 Introduction

One of the first principles of finance is that capital should flow to its most productive uses. So

when productive opportunities improve, financing should flow to those who see these gains,

allowing them to fully realize potential benefits. Naturally, then, a very large literature is

devoted to understanding the response of financing to productivity changes (starting with

Schumpeter, 1911; more recently, King and Levine, 1993a, 1993b); and this literature has

indeed been helpful in influencing many important economic policies of our time. But does

private, profit-motivated financing really respond to productivity changes – not just for large

corporations or households in countries with developed financial markets – but also in the

day-to-day lives of the rural poor?

This is a very important issue because about half of world population – nearly 3.5 billion

people – still live in rural areas, often characterized by poverty. As Levine (2008) points out,

“...the operation of the formal financial system is profoundly important for the poor. It influences

how many people are hungry, homeless and in pain. It shapes the gap between the rich and the

poor. It arbitrates who can start a business and who cannot, who can pay for education and who

cannot, who can attempt to realize ones dreams and who cannot.”

But whether banks will respond to and facilitate productivity improvements is far from

obvious. Private profit-motivated banks have typically only begun lending in rural areas in

very recent times, and face various social, political and economic impediments in this new

rural setting, leading to much skepticism on their efficacy (e.g., Basu, 2006).

We shed light on this issue by examining a shock to productive opportunities arising from

a large rural road-building initiative in India. Program rules allow us to exploit population-

based discontinuities in road construction to identify lending effects using a novel, proprietary

loan-level dataset. The effects we uncover are large – over 50% more villagers receive loans,

and the average amount lent to them is about 50-60% higher – for villages right above the

threshold used for road construction, compared to those just below.

The road-building program we study is among many such infrastructure projects being

undertaken in various parts of the world – projects that are thought to be key to unlocking

productivity increases among the growing population of surplus rural labor. Hundreds of

thousands of miles of such roads have been built in Asia, Africa, South America, and Eastern
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Europe in the past two decades – India alone built 1.96 million kilometers of rural roads

between 2000-2016, bringing road access to hundreds of million people for the first time in

their lives. Many more roads are being built as we write; a large chunk of China’s trillion

dollar ‘Belt and Road Initiative’ – branded the biggest investment project in history – is

devoted to such road building. But the type of productive opportunities policy makers

often talk about as examples of trickle down benefits – for example, opening or expansion

of village grocery shops, or changing crop patterns from subsistence cereal farming to more

profitable market-based crops – very often require availability of financing (e.g., King and

Levine, 1993b, Aghion and Bolton, 1997, Levine, 1997). It is typically assumed in much of

the policy discourse that such financing to households will automatically follow once roads

are built. But this assumption sits in stark contrast to a substantial literature pointing out

inefficiencies in rural financial markets (e.g., see Conning and Udry, 2005, or more recently,

Agarwal et al. 2017, for further references).

This literature points out, for example, that state-subsidized financial institutions – main

lending sources in rural areas where present – have had significant difficulties in terms of both

outreach and profitability. Some of these problems are endemic and difficult to address – e.g.,

a lack of political will to allow independent operation of rural finance institutions – leading

many to question their capacity to effectively meet increasing rural credit demand (e.g.,

Coffey, 1998, Satish, 2004).1 Moreover, governments financing some of these infrastructure

projects face budget constraints and are often under heavy debt – and this is especially true

in poorer countries. Given the typical loss-making nature of state lending in rural areas, then,

they often cannot both finance infrastructure and provide loan financing through state-owned

banks to reap its productivity benefits.

But is there a way for profit-motivated private banks to lend a helping hand? There has

been increasing interest among private banks across the developing world in rural banking

recently.2 Can private sector financiers indeed provide financing to respond to the predicated

new productive opportunities in a way that theory - and policy makers - often expect them

to?

1As an example of the acuteness of problems, state-owned banks in many countries, that have had rural
operations for decades, are known to have hired management consulting firms to advise them on how to
do rural banking better, as recently as in 2010 (e.g., see “SBI pays Rs 62.8 cr to McKinsey to learn rural
banking”).

2See, e.g., media and industry articles on private banking interest in rural areas. In India: “New private
banks upbeat on rural expansion”, livemint.com, 2013; China: Foreign Banks in China, PriceWaterhouse
Coopers, 2010 (e.g., page 5); Tanzania: “JPM promises to support banks’ rural expansion”, 2018, etc.
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Rural banking divisions of private banks are, however, typically small and very young

– often set up on an experimental basis – making it uncertain whether such financing will

indeed respond as expected to changing productive opportunities. Moreover, even if financing

does follow infrastructure improvements, does it disproportionately benefit the relatively rich

villagers who had assets prior to the infrastructure being built, and were in a better position

to exploit the resultant opportunities? Or does it benefit the poorer parts of society more

– people who were excluded from formal finance before, but can now find a way in (Beck,

Demirguc-Kunt, and Levine, 2007)?

One reason why these questions have not already been answered is the difficulty re-

searchers face in accurately identifying the causal impact of new infrastructure. This diffi-

culty arises because it is hard to identify an appropriate counterfactual or comparison group.

Although one can observe what happens before and after new infrastructure is constructed

in ‘treated’ areas, it is hard to attribute the change exclusively to the project and not to any

other environmental or policy factors that may also have been changing at the same time. If

infrastructure were located randomly, a natural comparison group would be locations that

did not (randomly) receive infrastructure. Then one could compare changes in the treated

and untreated areas to estimate the impacts of the program. Infrastructure, of course, is not

placed randomly in practice, making comparisons with untreated areas problematic.

We find a way to progress by exploiting a policy directive surrounding a major public

road construction program in India. The objective of this nationwide program – called

the Pradhan Mantri Gram Sadak Yojna, (henceforth PMGSY) – was to provide all-weather

road connectivity to hitherto unconnected villages. Shamdasani (2016) and Aggarwal (2018)

examine the effects of this program on rural households, and find evidence of improvements in

productivity for affected villages through the use of yield-improving fertilizer and hybrid seeds

on farms, as well as a transition from subsistence to market-oriented farming. We examine

whether these productivity improvements were accompanied and enabled by financing flows

toward newly connected villagers, and also bring in to focus the distributional impacts of

infrastructure-building.

The roads program we study created a nearly random comparison group for policy eval-

uation, by explicitly focusing on building new roads to connect all villages above explicit

population thresholds. By doing so, program rules created discontinuities in the probability

of treatment at these village population thresholds, which we exploit using a discontinuity

design. For example, villages with populations just above a round figure, say 500, were to
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be prioritized under the program. Under the assumption that villages with populations just

below the threshold are very similar to those above, especially if they are located in close

geographic proximity, the resultant variation in roads is quasi-random.

Our empirical analysis is made possible by our access to a proprietary loan-level dataset

from one of India’s largest private lenders on loans made in the eastern Indian state of

Odisha. We begin our analysis by showing that a previously unconnected village right above

the population cutoff is about twice as likely to get a road than an otherwise identical village

below the cutoff. Next, we examine the effect of connectivity on financing outcomes. Our

bank lends to 5.1% of villagers living in unconnected villages below the population threshold;

this coverage jumps by over 60% to about 7.8-9.5% for villages just above. Net loan disburse-

ment also shows a significant jump of about 20-40% at the cutoff. Given that we control for

the entire set of borrower characteristics that the bank cares about and collects information

on, these are economically large magnitudes. Other loan characteristics, however, do not

vary at the cutoff: loans in connected villages are similar to those in unconnected ones in

terms of default probability, maturity, and interest rates. These results are robust; they also

do not show up in a placebo test looking at previously connected villages around the same

cutoffs.

While our setting buys us the advantage of relatively clean identification, the reduced

form nature of our analysis makes it difficult for us to distinguish between whether the

effect we observe is a demand-side story (roads increase marginal productivity of capital,

so villagers demand more loans) or a supply-side story (the bank actively seeks out lending

opportunities to easier-to-reach newly connected villagers or finds it easier to monitor lending

in connected villages).

The weight of our indicative evidence, however, tilts more towards a demand-based ex-

planation: First, while the supply side story can explain our extensive margin results, loan

amounts conditional on the borrower having been reached being higher above cutoff goes

against the ease-of-reaching-out story. Second, we uncover evidence that almost all our re-

sults come from productive loans, which are loans taken out for crops, micro enterprises,

etc. On the other hand, loan amounts granted for consumption uses are actually lower

in villages with populations above thresholds. This is consistent with some reallocation of

credit from consumption uses to productive uses when road connectivity improves. This,

again, is not consistent with a supply-side reach-the-borrower story. Third, we present a

novel test based on the variation in loan contract terms, which shows no support for a
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ease-of-screening/monitoring-based supply side explanation either.

Next, we examine the distributional consequences of connectivity from our lending sam-

ple. Our data allows us to focus on individual-level differences. This is a critical step in

understanding the trickle-down effects of development, as well as for the financial inclusion

literature (e.g., Aghion and Bolton, 1997, Beck and Demirguc-Kunt, 2008, Demirguc-Kunt

and Levine, 2009, Beck, 2012). Under the assumption of private financing being efficient,

we can think of these tests in terms of backing out – from financing data – which pockets of

population benefit more from road connectivity.

We find that villagers with less assets benefit more. This is consistent with the view that

productivity shocks release collateral constraints, and improve financial inclusion for those

with a lack of traditional collateralizable assets (Agarwal et al., 2017). We also uncover

another interesting distributional effect: lower caste villagers – those who get less loans in

the overall sample – also benefit disproportionately more from road connectivity, even after

controlling for assets, income and education. One possible explanation behind this finding

is that these villagers – who are typically landless wage laborers – can now go out of their

villages and seek better work opportunities elsewhere, which helps smooth incomes in these

heavily crop-yield-, and hence, rainfall-dependent regions. The caste system has long been an

impediment to social mobility in India, so this result is also encouraging from a development

policy point of view.

In the last section of the paper, we address another concern with discontinuity designs like

ours: the idea that identification in such settings comes at the cost of external validity of the

findings. Unfortunately data limitations do not allow us to examine the impact of new roads

on lending using our detailed bank data. However, the Reserve Bank of India (RBI) does

provide data aggregated by districts, on overall lending activity by sector (rural-urban, etc.)

which we exploit to understand macro effects. Our evidence suggests that financing does

indeed seem to respond to rural road-building well beyond our baseline bank-loan sample,

and seems important for realizing the benefits of connectivity. Our conclusions, however,

need to tempered by the fact that access to credit in rural areas remains very low in India

and other developing countries, so even if banks respond in the right way and the percentage

changes are economically significant, much remains to be done in terms of the aggregate

numbers of people reached.

Our paper contributes to the growing literature on the role of financing in economic

development and poverty alleviation (King and Levine, 1993, Black and Strahan, 2002,
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Burgess and Pande, 2004, Levine, 2005, Beck, Demirguc-Kunt, and Levine, 2007, Beck,

Demirguc-Kunt and Peria, 2007, Demirguc-Kunt and Levine, 2008a, 2008b, Allen et al.,

2011, Beck, 2012, Demirguc-Kunt, Feyen, and Levine, 2013, Beck, Lu and Yang, 2014, among

others). Many of these papers have established important results on the effect of financing on

economic growth and development. In the context of financing in a rural setting in India, our

paper is related to Burgess and Pande (2004) and Agarwal et al. (2017), who both examine

the effect of government-led expansion of credit and savings facilities. Our paper, different

from these papers, does not examine the causal effect of financing policy; instead, we look

at whether formal, private-sector financing responds as expected to improved connectivity

in poor rural areas.

This focus on poor households is the key distinction between this paper and a contempo-

raneous study by Das et al. (2017), who examine aggregate industrial financing by district

around a different road upgradation program in India. The other distinction, of course, lies

in that we focus on examining the effects of new road connectivity, rather than upgradation,

by focusing on a discontinuity design based on PMGSY. Such a design has also been used by

Mukherjee (2011) to examine school enrolments, and Asher and Novosad (2017), who show

that new roads led to a reallocation of village labor from agriculture to wage labor. Aggarwal

(2018) also uses PMGSY to examine adoption of agricultural technology and school dropout

rates. Our paper is different from these studies on at least two counts: first, our outcome

of interest is very different – we examine financing responses to productivity shocks, which

is a central question in finance but missing from these other papers. Second, our unique

individual-loan-level dataset allows us to study who benefits from such financing – which is

an independently important issue from an inequality and development policy point of view.

Third, our results qualify those in Asher and Novosad (2017): while they show that in an

average village – which typically lacks access to credit in rural India – roads might have

little impact on economic outcomes, we complement macro data from the government of

India with lending data from the RBI to show that in regions with relatively better access

to finance, it might be possible to see some of these elusive benefits of connectivity.

Our evidence adds to extant literature estimating the effects of public infrastructure in

low- and middle-income countries. This literature generally finds economically meaningful

effects of such projects on a wide range of outcomes. Specifically, transportation infras-

tructure has been shown to raise the value of agricultural land (Donaldson and Hornbeck,

2015), increase agricultural trade and income (Donaldson, 2016), reduce the risk of famine

(Burgess and Donaldson, 2012), increase migration (Morten and Oliveira, 2014) and accel-
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erate urban decentralization (Baum-Snow et al., 2015). In addition, there is mixed evidence

that transportation costs can increase (Ghani et al., 2016, 2017; Khanna, 2014; Storeygard,

2014), decrease (Faber, 2014) or leave unchanged (Banerjee et al., 2012) growth rates in local

economic activity. Relative to these papers, our proprietary rural bank dataset allows us to

focus on detailed financing outcomes.

Also, while there is a strong sense among policy makers that investing in infrastructure

leads to economic growth, the empirical literature has often found mixed evidence on the ef-

fects of infrastructure on inequality. In a recent survey, Calderon and Serven (2004) note that

cross-country empirical studies often find weak and suggestive evidence that infrastructure

reduces inequality. Within-country studies, however, offer mixed evidence. For example,

Artadi and Sala-i-Martin (2004) find that infrastructure spending may have contributed

to income inequality in Africa, whereas Khandker, Bakht, and Koolwal (2009), find that

the poorest households benefitted the most from road improvement projects in Bangladesh.

Given these mixed results, there is a clear need for more work on identifying the impact of

road construction on local inequality. Section 5 in our paper takes a modest step towards

this goal.

2 Data and Summary Statistics

2.1 Data

The main dataset we use is a proprietary rural-bank-account level dataset that we have

obtained from one of India’s largest publicly traded banks. One of the main obstacles

limiting research of questions like ours is the lack of availability of granular financing data

at the individual level, particularly in the case of rural areas. Our data is for the district

of Ganjam in the eastern state of Odisha. This dataset contains information on individual

accounts and transactions in loans over the period 2009-2014. Given our focus in this paper,

we mainly consider conventional bank financing for productive activities, leaving out Joint

Liability Group (JLG) loans. JLG loans are microfinance loans, which our bank gives out

for consumption uses only. If we add JLG loans to our measure of traditional non-JLG

consumption loans (Section 4.10), our results remain very similar. The data also contains

relatively detailed demographic information, such as the borrower’s gender, education, assets,

and income at the time of the bank account opening. Asset values are provided by the bank,
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and further information on the breakdown of assets is available on the number of dwellings

owned, the type of dwelling (brick or mud), number of livestock etc., but values of these

sub-categories is not available.

We obtain data on road construction in India, from the website of Pradhan Mantri Gram

Sadak Yojna (PMGSY), the road-building program in India we study. The data includes

detailed information on road sanction and completion dates, which we use a program to

scrape. The PMGSY data is structured to consist of information both at the habitation-level

and at the road-level. The correspondence between habitation and roads is many-to-many,

as several roads serve multiple habitations, and habitations may be connected to multiple

roads. We define our treatment at the village level wherein a village is considered as “treated”

under PMGSY if at least one habitation in the village – which was previously unconnected

to the paved “all-weather” road network – received a (completed) road during our sample

period. We conduct our analysis at the village level because many villages have only one

habitation, and even in cases they do not, multiple habitations were often aggregated up to

the village level for PMGSY road sanctions.3

We hand match the administrative road data to our proprietary dataset at the village

level. We successfully match over 90% of habitations listed on the PMGSY website to their

corresponding census villages. Overall, we are able to match 207 villages in 7 blocks across

both the datasets. We also use data on demographics and village-level amenities (such

electricity, roads, schools etc) from the 2001 Population Census and the previously listed

PMGSY webpage. Finally, we look at all unconnected villages in 2009 (which is the year

our bank started lending in this area), which ensures that we are indeed capturing the effect

of newly constructed roads.

We supplement this dataset with district level data on GDP from Indicus Analytics and

aggregate district level lending data from the Reserve Bank of India (RBI).

3A typical census village comprises of one to three habitations. Overall in 2001 Population Census,
approximately one third of all villages consists of only a single habitation.
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3 PMGSY and empirical strategy

3.1 The PMGSY program

The main challenge in identifying the impact of infrastructure investments on financing –

even if one had the data required to measure outcomes – is the endogenous placement of

transport infrastructure. Factors such as political favoritism, and local economic conditions

could be correlated directly with both road placement as well as the outcomes of interest,

which can render OLS estimates biased (Beck, 2008). In this section we describe the empirical

strategy we use to make some progress in identification.

Our identification strategy is based on guidelines set forth by a national road building

program, called Pradhan Mantri Gram Sadak Yojana (PMGSY). This program was launched

by the central government in December of 2000 to provide access to “all-weather” roads to

all 74% of India’s population that still lived in villages. PMGSY proved to be one the largest

rural road programs the world has ever seen, with 480,000 kilometers of rural roads built

under it by 2016, doubling the size of India’s rural road network.

The program mainly focused on hitherto unconnected villages, defined as those without

any pre-existing all-weather road within 500 meters of its boundaries, and the aim was to

construct roads to connect them to the closest market center, identified by the program as the

“center of activities for marketing agricultural produce and inputs, servicing of agricultural

implements, health, higher education, postal, banking services etc.”

Program guidelines prioritized villages to receive new roads based on population. At the

time most of these roads were constructed, the last nationwide official population record

was from the 2001 census. The instructions required state officials to target villages in the

following order: (i) villages with population greater than 1000; (ii) villages with popula-

tions greater than 500; and (iii) villages with populations greater than 250. Our identifying

assumption is therefore that even if selection into road connectivity is determined by ex-

traneous factors in general, these factors are not likely to change discontinuously at these

population thresholds. Hence, if these rules were followed by the officials in charge – which

we can test – we can estimate the effect of road connectivity under the program on financing

outcomes using a discontinuity design.

Papers before us, for example, Asher and Novosad (2017) have used PMGSY-based

discontinuity before, and have shown its validity/strength as an instrument. However, their
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results were for all of India, not just for Odisha. We show that instrument strength/validity

extends to Odisha, as well as to our bank-lending sample in the next sections, before we

move on to our analysis.

3.2 Empirical strategy

We focus on villages in the the state of Odisha, where our bank data comes from. We first

test for threshold manipulation under the PMGSY program. This is important to under-

stand whether, for example, a powerful politician was systematically classifying villages with

populations below the threshold as being above it, such that these villages get roads. This

can be problematic for identification, since then we will not know whether any lending effect

we identify in these villages that get roads is indeed attributable to the road connectivity,

or to the same politician’s simultaneous influence on bank lending. We check for any such

indication using tests for discontinuities in the density of our running variable, population

(McCrary, 2008).

In Figure 1, where we plot the histogram of villages in Ganjam by population, we can

see that there are no discrete jumps in population around the PMGSY thresholds of 500 and

1000, indicating no manipulation for these thresholds. Note that throughout the paper, we

will use thresholds of 500 and 1000 but not 250, because there are no villages below the 250

population threshold where our bank lends.

In Figure 2, we zoom in around these thresholds of 500 and 1000, and formally test the

discontinuity of the running variable around the thresholds, following McCrary (2008). In

panel (a), for the threshold of 500, the point estimate for the discontinuity is 0.469, with a

standard error of 0.782 while in panel (b), for 1000, the estimate is -0.011 with a standard

error of 0.598. To ensure that our results are not driven by a lack of statistical power when

we look at the thresholds individually, in Panel (c) we plot the figure for our pooled sample,

combining the thresholds into one cutoff, and re-scaling village population by subtracting the

relevant threshold. The point estimate for the discontinuity is still -0.219, with a standard

error of 0.183. In all of these cases, we fail to reject the null hypothesis of no discontinuity

in the running variable.

Second, in Figure 3, we examine the geographic clustering of above- versus below-cutoff

villages in all districts of Odisha, and find no evidence to suggest that the above- and below-

cutoff villages come from geographically disparate areas.
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Further, since our identifying assumption is that crossing the population threshold dis-

continuously affects the probability of receiving a road under PMGSY – but not other things

at the village level – there should be no jumps in other village characteristics (baseline co-

variates) at the population thresholds (Imbens and Lemieux, 2008). In Figure 4, we examine

a simple scatter plot of means of various village characteristics by different population bins

(each of size 25) around the threshold, to check for discontinuities of baseline covariates,

and find no such evidence. The characteristics we examine include the presence of schools,

health centers, electricity, presence of a telegraph office, distance from the nearest town,

the percentage share of the scheduled castes/tribes, and land irrigated. Table IA.1 in the

internet appendix shows that none of these characteristics are statistically different across

cutoffs even in a regression setting.

In Figure 5, however, when we examine a simple scatter plot of the proportion of villagers

in each population bin with access to a road, we find clear indication of a significant jump in

the probability of receiving a road just above the population cutoff relative to just below. To

check for the statistical stability of this jump, we estimate the following RDD specification

as a first step, where we examine the effect of population cutoffs on actual PMGSY road

construction:

Roadi,v = β0 + β11[Population above threshold]

+ β21[500− h ≤ popi,v < 500 + h] ∗ (popi,v − 500)

+β31[1000− h ≤ popi,v < 1000 + h]+β41[1000− h ≤ popi,v < 1000 + h]∗(popi,v−1000)+εi,v

(1)

where Roadi,v measures whether the village v – unconnected as of 2009 – received a

PMGSY road by 2014, and popi,v is the baseline village population as recorded in 2001

census. We restrict our sample to villages with population within a certain bandwidth

around the threshold, such that popi,v ∈ [c-h, c+h], where h is the population bandwidth

around threshold c. The specification involves fitting two linear functions, one each around

villages with populations of 500 and 1000 respectively. These linear functions are allowed to

have different intercepts and slopes.
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Note that our identification comes from threshold effects based on population; as a matter

of deliberate choice we do not exploit the differences in timing of road construction within

these threshold groups. There is indeed variation in when individual villages receive roads,

but this time-variation in largely endogenous. Therefore, to keep our design clean, we do not

use any time series information in our formal tests; instead, we take a snapshot of our data

at the last available year-end, and exploit the discontinuity based on where our borrowers

live.4.

Since our bank loan data contains very few small villages to start with (not surprisingly,

our bank – like other private banks – finds it more fruitful to lend to larger habitations

with existing roads), we choose 250 and 200 as our bandwidths for estimation purposes.

Our results remain qualitatively similar if we restrict bandwidth further, but the number of

villages falls rapidly (we lose a further 30% of our sample if we reduce bandwidth by just

one more notch to 150, for example), and the resultant decline in statistical power makes

our estimates lose significance.

Even then, we are left with a total of 12 villages in our bank loan sample within a

bandwidth of 200 (13 within 250) that received a paved road after the bank launched its

lending program in the district; so to retain enough statistical power, we do not estimate the

thresholds of 500 and 1000 separately. In addition, our main specifications allow for piece-

wise linearity, that is, we allow outcome variables to be related to population differently in

villages with populations around 500 and 1000, with different slopes and different intercepts.

In Table IA.7 we show that our results are robust to alternative functional forms of piecewise

linearity, such as allowing intercepts to be different but restricting slopes to be the same,

etc.). Note, however, that data limitations do not allow us to explore higher order functional

forms: fitting non-linear functionals, for example, on a base of 12 data points (12 different

village population levels) is unreasonable.

In our baseline specification, we estimate the effect of roads on our financing variables

by running a reduced form specification, using population-based cutoffs as below.

4We take the last available year in our dataset as it allows us to measure financing responses which might
take time to show up in our data, i.e., to ensure that we can measure effects even if financing takes time to
respond to road connectivity
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Yi,v = γ0 + γ11[Population above threshold]

+ γ21[500− h ≤ popi,v < 500 + h] ∗ (popi,v − 500)

+γ31[1000− h ≤ popi,v < 1000 + h]+γ41[1000− h ≤ popi,v < 1000 + h]∗(popi,v−1000)+εi,v

(2)

where Yi,v are the borrower level outcomes of interest. Other variables are as above.

Standard errors are bootstrapped throughout.

4 Results

In this section, we describe and discuss the main results.

4.1 Do population cutoffs predict road construction?

Table 1 formalizes the visual evidence in Figure 5 by presenting first stage estimates from

Equation 1 in both the census sample of all villages in our state of Odisha and in the bank

loan sample. Our results for the census sample are reported in Panel A of Table 1. Here our

unit of observation is a village. The estimates imply a 7 percentage point increase in the

probability of treatment around the cutoff. The unconditional probability of getting a road

is about 6.2%, this is about a 100% jump.5

Next, we concentrate on our bank loan sample. In that sample, when we examine a

bandwidth of 200 (250), we have 8 villages below cutoff and 4(5) above. All of the above 5

get connected to the road network by 2014, but 3 of the below-cutoff ones do not. As we

show in Panel B, this difference is statistically significant at the 1% level.

In Panel C, we examine this difference in a regression setting, using Equation 1. Here the

unit of observation is an average villager. We find that our estimates on the cutoff predicting

connectivity are even higher in this sample: they imply that an average villager living in

an initially unconnected village above the threshold has a 45-55% more chance of getting

5where the baseline is the set of village without paved roads according to census 2001, leaving out those
that received a PMGSY road between 2001 and 2009.
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connected by the end of our sample than a villager living in a village below threshold. Overall,

the results from this table confirm that there is a significant increase in the probability of

treatment around the population threshold.

4.2 Summary statistics for our bank lending data

First, we outline the geography of bank activity within the district of Ganjam in figures 6–7.

In Figure 6 we plot heat maps of bank activity across the 207 different villages in Ganjam

where our bank is active by 2014. In the next figure (Figure 7), we plot the locations of our

13 sample villages mentioned in the previous sections.

Table 2 shows the summary statistics for our bank dataset. The bank data we use contains

cash-flow information on each loan granted. We present means and standard deviations (in

parentheses) for our main variables of interest. The columns display results for borrowers

in villages around the population threshold (for our pooled sample) and without access to

’an all-weather’ road. Our bank loan sample consists of individuals who had some kind of

relationship with the bank at the end of the calendar year 2014.

Panel A presents main loan characteristics observed in our dataset. Columns 1 through 3

present means for borrowers residing in villages with populations within 200 of the population

threshold (300-700 for the 500 threshold and 800-1200 for the 1000 threshold) while columns

4 through 6 presents means expanding the sample to include villages within 250 of the

population thresholds. Extensive Margin is an indicator variable that takes on the value one

if an individual in the village received a loan from the bank. NetDisbursement
Inc

is the (net) loan

amount disbursed scaled by borrower income, while Net Disbursement is the logarithm of

this loan amount. For each borrower, we compute the net loan amounts disbursed as the loan

amount outstanding for each borrower at the end of the calendar year 2014. Loan maturity

is the average loan maturity for each borrower while Interest Rate is the average interest

rate across loans for each borrower. Interest rate information is not directly reported in our

data, but we are able to back it out using information on loan amounts, type, installment

payments and maturity. In order to measure loan performance, we create a variable %

Overdue amount which captures the fraction of loan amount disbursed that was overdue at

our time of measurement.

We see that around 5% of the village population received standard loans from the bank.

Majority of these loans were given for productive uses; others were loans to finance con-
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sumption or repay village moneylenders. Although a majority was for productive uses, the

average size of a consumption loan is still similar to a productive loan. The typical net

loan amount outstanding is around 21,000 Indian Rupees (slightly above USD 300). Loan

maturity is about 2 years on average, while the average interest rate is 15%. Defaults are

very rare in our sample, with only 0.4% of loans granted being overdue at an average point

in time. Bank officials indicate to us that these low defaults are a feature of borrowers being

desperate to maintain a good record with the bank for future borrowing possibilities, as their

only other source of credit in these villages are the local moneylenders who charge usurious

interest rates.

Panel B presents borrower characteristics for our main sample. Age is in years and Female

is an indicator variable equal to one if the borrower is a female. To measure education level

of the borrower, we create an indicator, School Education, which takes the value of one if

the borrower attended school, and zero otherwise. We also use information on borrowers

incomes and assets; and within assets, on their land and jewellery holdings.

The average borrower in our sample is 38 years old. Productive loans are mostly given

out to men. More than two-thirds who receive a loan have a high school education. Not

surprisingly, this is a higher level of education than the underlying population, which had

an average literacy rate of 63% in the 2001 census. The average income for borrowers in our

data is about 7416 Indian Rupees (slightly more than 110 USD) per month, translating to a

little over 89,000 Indian rupees per year. Again, not surprisingly, this is below the average

for Ganjam district (Rs.12,742 per month in 2004-05, as per Ganjam District Plan Report

2010-11), because our sample is made up of relatively small villages, and therefore does not

include residents of larger villages and the city of Behrampur, who have higher incomes.

4.3 The extensive margin: Number of borrowers

Table 3 presents our population cutoff-based discontinuity estimates of the impact of new

roads on the extensive margin for our bank loan sample, using Equation 2. Column 1 presents

discontinuity estimates for villages with populations within 200 of the population threshold

(300-700 for the 500 threshold and 800-1200 for the 1000 threshold); and column 2 uses a

threshold of 250. The dependent variable, ExtMargin, is an indicator variable that takes on

the value one if an individual in the village received a loan from our bank.

We find that a new road is associated with a significant increase in number of villagers
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who receive financing. While our bank lends to 5.1% of village population in a typical village

just below the thresholds, this number jumps to 7.9% in a village right above, using the more

conservative coefficient estimate. This is a 55% jump in coverage right above the threshold,

relative to right below. Note that when we expand the cutoff to 250 from 200, the economic

magnitude of our results tend to go down a bit while statistical significance goes up: this

is consistent with the effect of road building being slightly weaker in the larger village that

gets added on as a result, but we gain more observations which improves statistical power.

Note that bank branches are set up where villagers from surrounding villages come to

take loans, and that bank officials indicate to us that there is no official policy of actively

going out to different villages and seek loan customers. Instead, these branches employ

people from surrounding villages; these people spread the word on the bank’s operations to

their neighbors. In this setting, the jump in the number of customers we see around the

cutoff seems more consistent with a demand-side story, where villagers who lacked profitable

investment opportunities before but recently gained access to the road network seek out

these loans. However, we cannot completely rule out the supply side story here that bank

employees find it easier to provide information on the bank’s loan products to connected

villagers, and hence these villagers are more likely to be served. We return to this issue in

Section 4.10.

4.4 Loan quantities

In Table 4 we focus on the loan amounts granted at the intensive margin, that is, within the

sample of bank borrowers.

Our main dependent variable is log(1+NetDisbursement
AnnualIncome

) (Panel A).6 In Panel B, we show

that our results are not coming from differences in the denominator (Income) by using log(Net

Disburse) as our dependent variable. The coefficient of interest in these regressions give us

a sense of how outstanding loans to the average villager on the bank’s balance sheet differs

in above vs below cut-off villages.

The granularity of information in the bank data allows us to precisely control for borrower-

level characteristics that the bank cares about in its lending decisions. We control for age,

assets, education, and gender in columns 1 and 3, and additionally for a collateral index.

This collateral index adds three dummy variables indicating whether the borrower owned

6We use log here to prevent outliers from disproportionately affecting our estimates.
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land, property, or gold jewellery (we only know whether they owned these assets, not how

the value of their declared assets can be split between the categories).

Looking at the coefficient estimates on these characteristics, we find that villagers with

higher incomes and more collateralizable assets – land and jewellery – are likely to get

higher loan amounts from our bank. Younger and more educated villagers also seem to get

higher loan amounts, but these results are not consistently statistically significant. Females

get lower loan amounts than men. One possible explanation for this latter result could be

that these agrarian societies are gender-biased and the bias shows up even in bank lending

decisions; another explanation could be that the bias is in the demand side – when a family

decides to take a loan, it is the male member under whose name the loan is registered.

Interestingly, however, our coefficient on the population cutoff term suggests that – even

after controlling for these differences – the expansion of lending activity extends to the

intensive margin. Not only do more villagers living in villages above cutoffs get loans,

they also get significantly larger loans. In terms of economic magnitudes, using our most

conservative estimate the net amount lent to an average villager above the population cutoff

is about 50% higher than that to an average villager below the cutoff.

Overall, our evidence suggests that the lack of transport infrastructure may be one cause

of lower banking penetration levels in developing economies (Agarwal et al., 2017), both

on the extensive and on the intensive margins. Note that while the supply side story can

explain our extensive margin results, under that view it is unclear why loan amounts should

be higher conditional on the borrower having been reached.

4.5 Loan maturities and performance

In this section we examine the maturity structure of loans granted, and their performance. If

the flow of increased financing to areas with recently improved infrastructure indeed reflects

improvements in productive lending opportunities, we expect loan performance, i.e., default

behavior, not to be worse than in unconnected villages. Performance could either remain

unchanged or improve. Given that we should measure maturity and performance only on

similar loans, we add loan-type fixed effects in our regression.

Table 5 presents coefficient estimates from Equation 2 on the effect of the population

threshold-based discontinuity on the maturity and quality of loans disbursed. Columns 1–

3 presents coefficient estimates for villages with populations within 200 of the population
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threshold (300-700 for the 500 threshold and 800-1200 for the 1000 threshold) while Columns

4–6 presents estimates expanding the sample to include villages within 250 of the population

thresholds.

When we examine loan structure, we generally find that loans made out to villagers

likely to live in newly-connected villages are of very similar maturity. This is particularly

true when the economic magnitude of the coefficient on maturity is put into perspective

by benchmarking against the control group mean, that is, the average maturity in below-

threshold villages.

In order to measure the loan performance, we create two measures: (1)Total loan amount

that was overdue (Overdue amount), and (2)% Overdue amount captures this overdue

amount as a fraction of loan amount disbursed (% Overdue amount). The evidence from the

table generally suggests that individuals in villages above the threshold had better repay-

ment behaviour than those in villages below, although our estimates are not precise. Overall,

loan performance seems largely similar or (magnitude-wise) slightly better for loans made to

villagers more likely to have received a new road. Note that here the economic magnitudes of

our coefficient of interest is large relative to the control group means, but one reason behind

the lack of significance is that the control group means themselves indicate a very low level

of default. Default is very rare in our entire sample – both above and below the thresholds

– so that we have no power to accurately estimate differences in it.

4.6 Loan interest rates

In this section we present discontinuity estimates for average interest rates (Table 6). The de-

pendent variable is AvgInterestRate, the averaged interest rate across loans for each borrower.

Again, to ensure that we compare interest rates only on similar loans, we add loan-type fixed

effects in this table.

We find that interest rates on loans made out to villagers living in villages above the

threshold were very similar to those on loans in below-threshold villages, both in terms of

economic magnitude and statistical significance.

So overall, controlling for loan type, the loans made to newly-connected villagers looked

very similar to the ones made out to those likely to lack connectivity: the connected villagers

were just getting more of these loans, and were paying them back at similar (if not slightly

higher) rates.
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Note that in our setting, the bank’s aggregate lending to the rural sector was tiny relative

to the size of its overall balance sheet. So supplying more capital to more profitable rural

sector projects was not subject to any binding constraints – the situation with rural banking

was probably not far from a highly elastic and flat supply curve at a fixed 15% interest rate.

Hence, it is difficult to use these interest rate (loan price) results to tease out relative shifts

of demand vs. supply.

4.7 Timing of road construction

While exact timing of road construction is endogenous, it is interesting to examine whether

and how exposure to more years of new rural roads affects the composition of financing

within these villages. For each village in our sample, we create an exposure measure, a

continuous variable which captures the total number of years since the road was completed.7

In this test, we are simply interested in finding out whether the effects of road building

on financing show up immediately, or are more gradual. To do so, we deviate from our

population-discontinuity based-design in the rest of the paper, and simply examine timing

since construction of a new road for all initially unconnected villages (as of 2009, constrained

to a bandwidth of 250) in Figure 8.

The figure plots the difference between lending amounts to newly connected villages

minus that to villages that are not connected to the network at all over time. The horizontal

axis plots time relative to road completion while the vertical axis presents differences in net

disbursement between treated and control villages by the end of each year. We find that

most of our financing effects from new rural roads around the population threshold take

about one year to materialize: there is a jump in lending at that point, which gradually goes

back to similar levels afterwards.

This is consistent with the view that a lot of the lending activity around new road

construction is to facilitate villagers to transition into higher-productivity uses of their time:

for example, changing their crop pattern. They need the loan to buy seeds and fertilizers

to change over from cereal to cash crop cultivation, for example. But once they have done

so, the higher profits from their changed pursuits allow them to pay off their loans within a

relatively short span of time.

7For our sample of villages, the earliest possible year to receive a road is 2009 while the latest year is
2014. By construction, the lower limit of this variable is censored at 0 and upper at 5.

19



4.8 Robustness

Our results are also robust to clustering by population threshold-groups (which subsumes

village-level clustering), but we do not present this because of potential biases associated with

clustering when the number of clusters is small. But in the Internet Appendix (IA), we exam-

ine the robustness of our results with respect to various alternative standard error structures.

First, in Tables IA.2-IA.3 we show results for heteroskedasticity and autocorrelation-robust

standard errors. Then, in Table IA.4, we present standard errors from a stratified (at the

village level) bootstrap procedure.

While in the main paper we present results within the bank loan sample, where we can

control for granular borrower characteristics, this can raise a selection concern regarding

individuals in these villages who our bank could have lent to, but does not. In order to see

whether this has any effect on our results, in Tables IA.5, we redo our analysis by retaining

all villagers in our analysis, with those whom the bank does not lend to coded as zeros. Our

results remain largely similar.

In results presented in Table IA.6, we show that our results remain very similar if we

estimate them as instrumental variable regressions, using the population thresholds as in-

struments, instead of in reduced form.

Finally in table IA.7, we present robustness results for our baseline intensive margin

specification on lending amounts. We find that our results are robust to restricting sample

where population reported in PMGSY and Census are identical, various different specifica-

tions where we explore alternative types of piecewise linearity (same slopes around the two

cutoffs, same slope and intercepts), choice of data winsorization, and to restricting sample

to loans which do not suffer from problems associated with ‘evergreening’.8

4.9 A Falsification test

In this subsection we explore the possibility that factors other than the road treatment may

be spuriously driving our results.

8’Evergreening’ in the Indian banking context refers to banks’ unwillingness to recognize bad loans on
their books by giving back-to-back follow up loans to be used by the borrower just to pay off the previous
bad loan. In the last panel we rule out our effects being driven by ’evergreening’ in above-threshold villages,
by showing that our results remain similar even if we only look at first time borrowers, or borrowers for
whom the loans granted are not back-to-back, i.e., current loan issue date is at least one year after the last
instalment pay date of his or her previous loan.
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In our placebo exercise, we run our baseline specification for the set of villages which

are already connected to the road network in 2001. Importantly, all of these villages were

connected to the road network under a different program which had nothing to do with

population based cutoffs. For this sample, therefore, there is no discontinuous increase in

road treatment at the population threshold, although our estimation methodology remains

identical. Estimates from this exercise are reported in Table 8.

We find no evidence of any effect on loan outcomes for the placebo sample, both in terms

of economic magnitude and statistical significance, indicating that our results are not due

to other discontinuous differences in villages around the cutoffs whose effect we spuriously

attribute to new roads.

4.10 Channels: Demand vs. supply

We have found that lending activity responds to new road connectivity in the previous

sections. But can we say something more about the underlying mechanism? Is this driven

by a relatively greater shift in the demand or the supply curve? While we have found

that the quantity of loans responds, but the price (interest rate) typically does not, this by

itself cannot be taken as evidence of a similar shift in both curves. This is because of two

main reasons: first, interest rates on loans are regulated under usury laws etc., and, second,

because loans might not be homogenous across cutoffs.

The demand side explanation here is that greater productive opportunities result in a

higher demand for loans, for example by farmers who need funding to move from subsistence

cereal cultivation to cash crops. On the supply side, they are two possible explanations:

first, the bank might find it easier to sell loan products and reach villagers in connected vil-

lages; second, bank employees might find it easier to screen/monitor borrowers in connected

villages. While the first supply side story can explain our extensive margin results, loan

amounts conditional on the borrower having been reached being higher above cutoff goes

against this ease-of-reaching-out explanation. In this section, we examine the demand vs.

supply question in further detail.
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4.10.1 Evidence from loan uses

First, we examine what uses the increase in financing in connected villages was being put

to. For this, we partition the loan sample based on whether the financing was provided

for productive uses such as business expansion, asset acquisition, and working capital needs,

versus other non-productive uses such as consumption needs, marriage and festival expenses.

Table 7 presents our estimates of the impact of new roads on loan use. Columns 1–2

presents results for Productive loans while columns 3–4 present results for Non-Productive

loans. We partition the loan sample based on whether the financing was provided for produc-

tive uses (Productive Loans) such as crop and micro-enterprise loans, and loans for business

expansion, asset acquisition, and working capital needs or other uses such as consumption

needs, marriage and festival expenses (Non-productive Loans).

We find that the higher in financing indeed accrued to productive purposes within newly

connected villages. Interestingly, we find lower financing flows towards consumption loans

in these same villages. Our results show that almost all of the approximately 55% higher

credit to connected villages is through increase in loans for productive purposes. Economic

magnitude of the coefficient on non-productive loans almost equals that for productive loans;

still the overall lending expansion is about 55% given that non-productive loans are rarely

provided by the bank (Table 2). A point to note here is that crop loans and SME loans

are part of Indian government directives urging banks to lend to these sectors on a priority

basis, but priority lending policy is not discontinuous at population threshold-based cutoffs –

and therefore cannot explain any of our results.

This suggests that our main results in Table 4 are not being driven purely by wealth

effects. Had these been wealth effects, we should also have seen increases in consumption

loans being made out to the newly-connected villages. Most importantly, these results are

consistent with greater demand – rather than ease of loan supply – driving our effects: there

is no obvious reason why a bank that finds it easier to reach a connected village will increase

supply of productive loans, but not consumption loans to its residents.

4.10.2 Variability in contract terms

Another possibility for a supply-side explanation is that it is the ease of collecting informa-

tion/monitoring, conditional on having reached the borrower, that leads banks to be more
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willing to lend to connected villagers. Specifically, banks might have more/better soft infor-

mation on borrowers in villages with roads (where information is easier to collect), so they

are willing to supply more loans at the margin. Note that our results on default rates being

similar across the cutoff does not provide support for this hypothesis: if the bank did have

better information on connected villagers, default rates should have been lower for them.

However, default rates are so low in our sample in both below- and above-cutoff villages that

this explanation perhaps warrants further attention.

Information differences are difficult to observe directly, especially if the bank’s advantage

in connected villages is on soft information (recall that hard information that the bank

collects on borrowers is already controlled for in our tests). However, any information-based

theory here would make one clear prediction: if the bank really had more information on

borrowers in connected villages, then it should be able to better screen borrowers with the

same observables, that is, loan contracts will look different for two borrowers who may look

identical to an outsider. This yields an empirically rejectable hypothesis: that loan contract

terms will be more variable, even within similar groups of borrowers, in connected villages

relative to unconnected ones.

To test this hypothesis, we divide borrowers into groups based on observable character-

istics such as gender, education, household assets, and age. We generate four groups based

on gender and school education, and within each of these groups, we create three further

groups based on household assets and borrower age. Within each of these groups – now

we are looking at observationally similar borrowers – we compute the standard deviation

of loan contract terms: loan amounts, interest rates, maturity. We then test for differences

in standard deviations of loan contract terms between above and below-cutoff villages. The

prediction from the soft information story will be that the standard deviations will be higher

for above-cutoff villages.

We find (Table 8) that the variability of loan contract terms in above- vs below-cutoff

villages is very similar, and their differences are statistically indistinguishable from zero. In

sum, we do not find much support for a soft information-based supply-side channel.

Finally, conversations with bank officials also corroborated the demand view. The bank

operates on a nodal-branch network: bank branches are set up where villagers from sur-

rounding villages come to take loans. Given that the bank interest rates are far lower than

the local money lenders’, and that these are severely under-banked areas with no competition

from alternative formal lenders (our bank is the only formal/institutional lender in all of our
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sample villages, for example); there is ample demand for its services that the bank does not

need to actively go out to these villages and market itself.

Overall, then, the weight of our evidence seems to favor the demand- rather than the

supply-side being dominant in our context, although we cannot rule out that both curves

shift outward in response to connectivity.

5 Distributional consequences of connectivity: Evidence

from loan financing

We have thus far established the causal impact of rural roads on lending flows. New rural

roads leads to greater access to finance within these villages and most of the new loans

are disbursed for productive purposes. In this section, we examine the heterogeneity of the

treatment effects based on baseline borrower characteristics. If we assume that our aggregate

evidence that financing indeed flows to more productive uses also applies to population sub-

samples, then these estimates can also be interpreted as being useful to understand who

benefits more from transportation infrastructure. Also, in our discussion of these results

below, we will focus on loan amounts, as there is no difference in default behavior or interest

rates of note across different types of borrowers.

Here we use individual-level data to examine the distribution of treatment effects across

subgroups with different household assets and income. We exploit the data on demographic

information, such as the gender of the borrower, and importantly, information on the bor-

rower’s assets, income and education at the time of the bank account opening. We present

these results in Table 9. Columns 1 through 3 presents discontinuity estimates for villages

with populations within 200 of the population threshold (300-700 for the 500 threshold and

800-1200 for the 1000 threshold) while columns 4 through 6 presents estimates expanding

the sample to include villages within 250 of the population thresholds.

Results from Table 9 suggest that new roads seem to alleviate collateral constraints

among borrowers. Low asset households – especially those without significant cultivable land

ownership – typically get smaller loans on average, which is perhaps not surprising. But these

households benefit disproportionately more from connectivity. This is interesting because

this evidence rules out connectivity driving our effects through increases in land value. Had

the higher loan amounts to the newly connected villagers reflected roads increasing the value
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of their existing land – used as collateral – and therefore borrowing capacity, our effects

would have been stronger among those with higher assets. In unreported tests, we repeat

this analysis replacing assets by a dummy variable for the particular villager owning land and

jewellery – typical collateralizable assets in rural India – and find that our results continue

to hold. This is important, because giving access to financial markets to landless peasants –

some of the poorest sections of village society in India – has long been a focus of policy for

governments.

Next we examine differences between lending to scheduled caste (SC)/scheduled tribe

(ST)/other backward caste (OBC) villagers and others in our data. In India, people are

born into certain ’castes’, which they cannot change during their lifetimes. There is a clear

hierarchy of castes, which typically correlates with wealth and opportunities, especially in

rural India, with SC/ST/OBC villagers being some of the poorest with the worst income

opportunities. Consistent with that, we find that on average, SC/ST/OBC receive lower loan

amounts as a proportion of their incomes, and are charged higher interest rates. However,

in newly connected villages, this discrepancy disappears – lower caste villagers benefit more

from connectivity. One possible explanation is that lower caste villagers – who are typically

landless wage laborers – can now go out of their villages and seek better work opportunities

elsewhere (Asher and Novosad, 2017), which improves their ability to repay loans even if

local crop yields are not high in some years. Given that the caste system has long been

considered a major roadblock for social mobility in India, this is an encouraging result.

We also observe that loan disbursements are higher in newly connected villages for vil-

lagers with some education (which we measure using an indicator on whether the borrower

attended a village school). These results on the educated are consistent with Mukherjee

(2011) and Adukia et al. (2017), who respectively show that PMGSY increases school en-

rollment, and that children stay in school longer and perform better on standardized exams

in connected villages. If villagers saw benefits of the road accrue more visibly to the more

educated, this would encourage them to invest more in their children’s education.

Finally, we also examine gender differences, and find that women are less likely to get

loans across the board, but not particularly so in the newly connected villages. Again, this

could reflect either a gender bias on the loan supply side or on the loan demand side, as

outlined previously. Women who do get loans in newly connected villages do seem somewhat

less likely to default, but given the very low default rates in the overall sample, this difference

is not of an economically significant magnitude in percentage point terms.
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Overall, we find that new roads seem to disproportionately benefit lower-caste villagers

who do not have collateralizable assets.

6 External validity and macroeconomic effects

One concern with discontinuity designs like our is that the identification comes at the cost of

external validity of findings. Unfortunately data limitations do not allow us to examine the

impact of new roads on lending using our detailed bank data. However, the Reserve Bank of

India (RBI) does provide macro data, aggregated by districts, on overall lending activity by

sector (rural, urban, etc.). We use this data to show that macro effects of roads on lending

across the six states of India that followed PMGSY rules (Asher and Novosad, 2017), and

examine whether these effects are consistent with our discontinuity sample.

The main cost that we incur to translate things to the macro level is that we lose tightness

of identification. The RBI data is not at the village-level, so we cannot identify effects based

on the program discontinuity. So here, our main explanatory variable is simply the length

of road built under the same PMGSY program in different years at the district level.

We regress the aggregate annual lending amount, the number of bank branches, and the

total deposits in all banks in each district on the length of PMGSY road constructed in the

same quarter last year. We use information from the same quarter one year back to overcome

issues associated with seasonality, which is clearly important in rural lending. This is a panel

regression specification, in which we add quarter and district fixed effects.

Table 11 presents results. In columns (1)-(3), we examine bank activity in rural areas.

Here, we find a substantial increase in rural lending and the number of bank branches in

response to rural roads being constructed. Deposits do not seem to respond. Next, in

column (4)-(6) we look at urban lending in the same districts using the same specification.

There is no response in urban lending, both in terms of economic magnitudes and statistical

significance. This indicates that the effects we capture are a likely response to rural roads

and not some macro changes in these districts.

In our final test, presented in Table 12, we come back to the motivation we started with.

Should we care about the availability and efficiency in the allocation of finance in relation

to infrastructure-building? This issue assumes importance especially in light of Asher and

Novosad (2017), who find little or no effects of road-building activity on village outcomes.
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Here we look at district-level GDP numbers from the six Indian states mentioned before.

Again, we run a panel regression with district and year fixed effects, but here in addition to

our roads variable, we also look at the change in rural lending in each district in the previous

year, and its interaction with the roads variable. Our effect of interest here is this interaction:

roads led to higher output when they were accompanied by higher credit allocation. So, while

in an average village – which typically lacks access to credit in rural India – roads might

have little impact on economic outcomes, in regions with relatively better access to finance

it might be possible to see some benefits from connectivity. In columns 2, 3 and 4, we look

at GDP –still at the district level – but broken down by sectors. Our effects come only

from agriculture and allied goods, and not from industries. This, again, is what one would

expect if the effects occur through village roads – these small villages are predominantly

agricultural.

Overall, our macro evidence suggests that financing is important to realize the benefits

of connectivity, and that such financing does indeed seem to respond to rural road-building

well beyond our baseline bank-loan sample. Our conclusions, however, need to tempered by

the fact that access to credit in rural areas remains very low in India and other developing

countries. So, even if banks respond in the right way and the percentage changes in credit

are economically significant, in terms of aggregate number of people reached we are still

talking about very low proportions. Much, therefore, remains to be done.

7 Conclusion

Increasing infrastructure investments are a key component of growth strategy in many coun-

tries, and a particular focus of policy now (e.g., Chinas massive “Belt and Road Initiative”).

Although it is typically assumed that financing to households will follow once roads are

built, allowing them to make the best use of new productive opportunities, little is known

about whether this really happens, especially in poor countries. Moreover, even if financing

does follow infrastructure improvements, does it disproportionately benefit the rich who had

assets prior to the infrastructure being built, and were in a better position to exploit the

resultant opportunities? Or does it benefit the poor too who were excluded from formal

finance before, but can now find a way in?

We use a population-based discontinuity setting around a large rural road construction

program in India to answer these questions. We find that private financing does indeed
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respond to changes in productive opportunities resulting from connectivity. Financing flows

disproportionately to villagers who lack collateralizable assets, and have traditionally been

amongst the most disadvantaged. Our results have important implications for understanding

trickle down benefits of infrastructure-building and its distributional consequences.
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Figure 1: Distribution of running variable

Notes: The figure shows the distribution of village population around the different population thresholds as
outlined under PMGSY guidelines. We present the histogram of village population as recorded in the 2001
Population Census. The vertical lines depict the program eligibility cutoffs as defined in PMGSY at 500 and
1000. The sample consists of villages in Odisha that did not have paved roads at the start of our sample.
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Figure 2: McCrary Test for discontinuity in the running variable

(a) (b)

(c)

Notes: These figures plot non-parametric regressions of the distribution following McCrary (2008), testing
for a discontinuity at zero. The village population is normalized by subtracting the population threshold,
either 500 or 1000. The sample consists of villages in Odisha that did not have paved roads at the start of
our sample. Panel (a) plots the figure for villages with populations within 250 of the population threshold
i.e. 750-1250 for the 1000 threshold while Panel (b) plots the figure for villages with populations within
250 of the population threshold i.e. 250-749 for the 500 threshold. In panel (a), the point estimate for the
discontinuity is 0.12, with a standard error of 0.074 while in panel (b) the estimate is 0.006 with a standard
error of 0.117. Panel (c) plots the figure for our pooled sample. The point estimate for the discontinuity is
0.077, with a standard error of 0.059.
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Figure 3: Distribution of villages based on cutoff in all districts of Odisha

Notes: The figure shows the distribution of unconnected villages in all districts of Odisha. The sample consists
of villages that did not have paved roads at the start of our sample as recorded in the 2001 Population Census.
Blue shaded regions represent villages right below the population cutoff while red shaded regions display
villages right above the population cutoff.
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Figure 4: Balance of baseline village characteristics

Notes: The figure plots means of baseline village characteristics over normalized popuation. Points to the
right of zero are above treatment thresholds, while points to the left of zero are below treatment thresh-
olds. The bin width is 25 on either side of the threshold and each point represents approximately fifteen
observations. The sample consists of villages in Odisha that did not have paved roads at the start of our
sample.
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Figure 5: First stage: effect of road prioritization on probability of PMGSY road by 2014

Notes: The figure plots the probability of receiving a road under a PMGSY by 2014 over village population
as recorded in the 2001 Population Census. The sample consists of villages in Odisha that did not have
paved roads at the start of our sample. We normalize the baseline population by subtracting the cutoff.
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Figure 6: Distribution of bank lending sample

(a) (b)

(c)

Notes: The figure shows the geographic dispersion of the lending activity of the bank sample. Panel(a)
presents distribution of customers across the bank sample. Panel (b) presents the fraction of individuals
within the village who receive a loan from the bank. Panel (c) presents the average loan amounts across
different villages in our sample. In each panel, darker shades represent greater intensity.
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Figure 7: Geographic Dispersion in banking lending sample

Notes: The figure displays the geographic dispersion of bank lending sample we use relative to banking
activites in other villages in our sample.
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Figure 8: Timing of road construction and lending activity

(a)

Notes: The figure shows the lending activity of the bank relative to the year of road construction. The
horizontal axis plots time relative to road completion while the vertical axis present net disbursement by
end of each calendar year in rupees. Net Disbursement is the average net loan amount disbursed. For each
borrower, we compute the net loan amount disbursed as the average of loan amount disbursed minus any
repayment made by the end of each calendar year 2014.
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Table 1: First stage effect of road priority on PMGSY road treatment: (2009 - 2014)

The table presents first stage estimates from Equation 1 of the effect of being above the population threshold
on a village’s probability of receiving a road under PMGSY by 2014. Panel A presents first stage estimates
for the sample of villages in 2001 Population Census in Odisha while Panel B shows a test of means for
our main bank loan sample. Panel C presents first stage estimates for the sample of villages in our bank
loan sample. The dependent variable in panels A and C is an indicator variable that takes on the value
one if a village has received a PMGSY road before 2014. Our sample consists of all the villages which
received a road between 2009 and 2014. In all panels, column 1 presents results for villages with populations
within 200 of the population threshold (300-700 for the 500 threshold and 800-1200 for the 1000 threshold)
while column 2 expands the sample to include villages within 250 of the population thresholds. Both the
samples consist of villages that did not have paved roads at the start of our sample as recorded in the 2001
Population Census. The bank loan sample includes all the individuals in a particular village. In panel A,
the specification includes district-threshold fixed effects while in panel C the specification includes threshold
fixed effects. We report bootstrapped standard errors below point estimates.

Panel A: Census sample

(1) (2)
Bandwidth ±200 ±250

Above Cutoff 0.073∗∗∗ 0.069∗∗∗

(0.011) (0.010)
F-statistic 43.0 47.8
District-Threshold FE Yes Yes
R2 0.29 0.28
Observations 10616 13527

Panel B: Test of means, Bank Loan sample

(1) (2)
Bandwidth ±200 ±250

Below Cutoff 0.62 0.62
Above Cutoff 1.00 1.00
Difference (Above - Below) 0.38∗∗∗ 0.38∗∗∗

Panel C: Bank Loan sample

(1) (2)
Bandwidth ±200 ±250

Above Cutoff 0.552∗∗∗ 0.454∗∗∗

(0.016) (0.011)
F-statistic 1121.8 1797.8
Threshold FE Yes Yes
R2 0.20 0.22
Observations 8141 9260

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2: Summary Statistics : Bank Loan Sample

The table presents means (and standard deviations in parentheses) for our primary variables of interest.
Our sample is a proprietary rural bank-account level dataset from one of India’s largest publicly traded
banks. Panel A presents main loan characteristics observed in our dataset while Panel B presents borrower
characteristics for our main sample. Columns 1 and 2 present means for borrowers residing in villages with
populations within 200 of the population threshold (300-700 for the 500 threshold and 800-1200 for the 1000
threshold) while columns 3 and 4 presents means (and standard deviations in parentheses) expanding the
sample to include villages within 250 of the population thresholds. Columns 1 and 3 shows mean (standard
deviation in parentheses) for Non-JLG (non-microfinance) loans while columns 2 and 4 present statistics for
Productive loans. Extensive Margin is an indicator variable that takes on the value one if an individual in
the village received a loan from the bank while Net Disbursement is the net loan amount disbursed. For each
borrower, we compute the net loan amount disbursed as loan amount disbursed minus any repayment made
by the end of the calendar year 2014. Loan maturity is the maturity in years for each borrower while Interest
Rate is the average interest rate across loans for each borrower. % Overdue amount captures the fraction
of loan amount disbursed that was overdue by the end of 2014. Age is in years and Female is an indicator
variable equal to one if the borrower is a female. We create an indicator measure, Schooling, which takes
the value of one if the borrower has attended a school, and zero otherwise. Annual Income is the individual
income of the borrower at the time of opening an account with the bank. The bank loan sample consists of
individuals who had a loan with the bank by the end of the calendar year 2014.

Bandwidth ±200 ±250

(1) (2) (3) (4)
All Productive All Productive

Loans Loans Loans Loans

Panel A: Loan Characteristics

Extensive margin (%) 4.8 4.5 4.4 4.1
(0.21) (0.20) (0.20) (0.19)

Net Disbursement (Rs.) 21,107 22,244 20,831 21,983
(12,565) (12,609) (12,710) (12,774)

Loan maturity (Years) 1.90 1.98 1.90 1.98
(0.27) (0.10) (0.27) (0.10)

Interest Rate (%) 15.0 15.6 15.0 15.6
(3.0) (0.9) (3.0) (0.9)

Overdue Amount (%) 0.39 0.37 0.38 0.36
(6.13) (5.55) (6.01) (5.44)

Panel B: Borrower Characteristics

Age (Years) 37 37 37 37
(9) (9) (9) (9)

Female (%) 34 33 34 33
(47) (47) (47) (47)

Schooling (%) 78 78 77 77
(41) (42) (41) (42)

Annual Income (Rs.) 111790 113821 112104 114681
(77914) (78699) (79510) (80132)
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Table 3: Impact of new roads on lending: Extensive Margin

The table presents reduced form estimates of the effect of new rural roads on lending activity within the
villages. Column 1 presents reduced form estimates for villages with populations within 200 of the population
threshold (300-700 for the 500 threshold and 800-1200 for the 1000 threshold) while column 2 presents
reduced form estimates expanding the sample to include villages within 250 of the population thresholds.
The dependent variable in columns 1 and 2, ExtMargin, is an indicator variable that takes on the value
one if an individual in the village received a loan from the bank. We include all individuals within villages
that did not have paved roads at the start of our sample as recorded in the 2001 Population Census. All
regressions include threshold fixed effects. For each regression, the outcome mean for the control group
(villages with population below the threshold) is also reported. We report bootstrapped standard errors
below point estimates.

Bandwidth ± 200 ± 250

(1) (2)

Above Cutoff 0.044∗∗∗ 0.028∗∗∗

(0.013) (0.009)
Control group mean 0.051 0.051
Threshold FE Yes Yes
R2 0.0072 0.0088
Observations 8141 9260

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 4: Impact of new roads on the Lending quantities

The table presents reduced form estimates from Equation 2 of the effect of new rural roads on lending
activity within the villages. In both panels, columns 1 and 2 present reduced form estimates for villages
with populations within 200 of the population threshold (300-700 for the 500 threshold and 800-1200 for the
1000 threshold) while columns 3 and 4 presents reduced form estimates expanding the sample to include
villages within 250 of the population thresholds. The dependent variable in panel A, NetDisburse/Inc, is
the net loan amount disbursed divided by household income of each borrower while in panel B, NetDisburse,
is the natural logarithm of one plus total net loan amount disbursed. For each borrower, we compute the
net loan amount disbursed as loan amount disbursed minus any repayment made by the end of the calendar
year 2014. Our bank loan sample consists of individuals who had a loan with the bank by the end of
the calendar year 2014. We include villages that did not have paved roads at the start of our sample as
recorded in the 2001 Population Census. The specification also includes baseline borrower-level controls for
age, income, collateral, level of education and gender. In columns 2 and 4, we include an additional control
CollateralIndex which takes a value between 0 and 3. The index combines three indicators on whether
the borrower owns land, jewel and other assets. All regressions include threshold fixed effects. For each
regression, the outcome mean for the control group (villages with population below the threshold) is also
reported. We report bootstrapped standard errors below point estimates.

Panel A: Scaled Loan Amount

Bandwidth ±200 ±250

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

Above Cutoff 0.027∗∗ 0.026∗∗ 0.033∗∗∗ 0.033∗∗∗

(0.011) (0.011) (0.011) (0.011)

Age(Years) -0.001∗∗ -0.001∗∗ -0.001∗∗ -0.001∗∗

(0.000) (0.000) (0.000) (0.000)

Household Assets(Lakhs) 0.002∗∗ 0.001 0.002∗∗ 0.001
(0.001) (0.001) (0.001) (0.001)

School Education 0.003 0.004 0.002 0.003
(0.006) (0.006) (0.006) (0.006)

Female(1=Yes) -0.048∗∗∗ -0.048∗∗∗ -0.046∗∗∗ -0.046∗∗∗

(0.006) (0.006) (0.006) (0.006)

CollateralIndex 0.004 0.004
(0.004) (0.004)

Control group mean 0.055 0.055 0.055 0.055
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.15 0.15 0.15 0.15
Observations 759 759 792 792

Continued
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Panel B: Unscaled Loan Amount

Bandwidth ±200 ±250

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

Above Cutoff 1.370∗ 1.341∗ 1.229∗ 1.201∗

(0.739) (0.742) (0.705) (0.697)

Age(Years) -0.029∗ -0.031∗ -0.031∗∗ -0.033∗∗

(0.016) (0.016) (0.016) (0.016)

Household Assets(Lakhs) 0.213∗∗∗ 0.174∗∗∗ 0.208∗∗∗ 0.168∗∗∗

(0.045) (0.052) (0.044) (0.052)

School Education 0.471 0.497 0.401 0.428
(0.412) (0.403) (0.401) (0.405)

Female(1=Yes) -2.683∗∗∗ -2.682∗∗∗ -2.583∗∗∗ -2.578∗∗∗

(0.364) (0.365) (0.354) (0.350)

Household Income(Lakhs) 0.363∗∗∗ 0.384∗∗∗ 0.377∗∗∗ 0.398∗∗∗

(0.118) (0.120) (0.115) (0.118)

Collateral Index 0.316 0.325
(0.226) (0.216)

Control group mean 4.98 4.98 4.98 4.98
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.21 0.21 0.20 0.21
Observations 759 759 792 792

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 5: impact of new roads on loan maturity and quality

The table presents reduced form estimates from Equation 2 of the effect of new rural roads on quality of
loan disbursed. Columns 1 through 3 present reduced form estimates for villages with populations within
200 of the population threshold (300-700 for the 500 threshold and 800-1200 for the 1000 threshold) while
columns 4 through 6 present reduced form estimates expanding the sample to include villages within 250
of the population thresholds. To measure loan performance, we create two measures: (1) % OD Amount,
captures the fraction of loan amount disbursed that was overdue (2) ODAmount, is the total loan amount
that was overdue. The dependent variable in columns 1 and 4 is natural logarithm of loan maturity. The
dependent variable in columns 2 and 5 is Total Overdue amount while in columns 3 and 6 it is % Overdue
amount. Our sample consists of individuals who had a loan with the bank by the end of the calendar
year 2014. We include villages that did not have paved roads at the start of our sample as recorded in
the 2001 Population Census. All regressions include threshold and loan purpose fixed effects and baseline
borrower-level controls for age, income, collateral, level of education and gender. For each regression, the
outcome mean for the control group (villages with population below the threshold) is also reported. We
report bootstrapped standard errors below point estimates.

Bandwidth ±200 ±250

(1) (2) (3) (4) (5) (6)
Ln(Maturity) ODAmount %OD Amount Ln(Maturity) ODAmount %OD Amount

Above Cutoff -0.007 91.374 0.159 -0.008 75.348 0.032
(0.020) (75.876) (0.566) (0.018) (70.225) (0.480)

Control group mean 1.07 61.4 0.19 1.07 61.4 0.19
Controls Yes Yes Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes Yes Yes
Loanpurpose FE Yes Yes Yes Yes Yes Yes
R2 0.44 0.11 0.068 0.47 0.10 0.065
Observations 370 370 370 386 386 386

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 6: impact of new roads on interest rates

The table presents the effect of new rural roads on interest rates of loan disbursed. Column 1 presents
reduced form estimates for villages with populations within 200 of the population threshold (300-700 for
the 500 threshold and 800-1200 for the 1000 threshold) while column 2 presents reduced form estimates
expanding the sample to include villages within 250 of the population thresholds. The dependent variable
is the average interest rate across loans for each borrower. Our sample consists of individuals who had a
loan with the bank by the end of the calendar year 2014. We include villages that did not have paved roads
at the start of our sample as recorded in the 2001 Population Census. All regressions include threshold and
loan purpose fixed effects and baseline borrower-level controls for age, income, collateral, level of education
and gender. For each regression, the outcome mean for the control group (villages with population below
the threshold) is also reported. We report bootstrapped standard errors below point estimates.

Bandwidth ± 200 ± 250

(1) (2)

Above Cutoff 0.002 -0.002
(0.005) (0.005)

Control group mean 0.15 0.15
Controls Yes Yes
Threshold FE Yes Yes
Loanpurpose FE Yes Yes
R2 0.47 0.42
Observations 370 386

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 7: Impact of new roads on loan types

This table presents reduced form estimates from Equation 2 quantifying the effect of new rural roads on
lending activity based on the type of loan disbursed. Columns 1 and 3 presents reduced form estimates for
villages with populations within 200 of the population threshold (300-700 for the 500 threshold and 800-1200
for the 1000 threshold) while columns 2 and 4 presents reduced form estimates expanding the sample to
include villages within 250 of the population thresholds. Columns 1 and 2 present results for Productive
loans while columns 3 and 4 present results for Non-Productive loans. We partition the loan sample based
on whether the financing is provided for productive uses (Productive Loans) such as business expansion, asset
acquisition, and working capital needs or other purposes such as consumption needs, marriage and festival
expenses (Non-productive Loans). The dependent variable, NetDisburse/Inc, is the natural logarithm of
one plus total net productive(non-productive) loan amount disbursed divided by household income of each
borrower. For each borrower, we compute net productive (non-productive) loan amount disbursed as the total
productive(non-productive) loan amount disbursed minus any repayment made by the end of the calendar
year 2014. We include villages that did not have paved roads at the start of our sample as recorded in the
2001 Population Census. All regressions include threshold fixed effects. The specification includes baseline
borrower-level controls for age, income, collateral, level of education and gender. For each regression, the
outcome mean for the control group (villages with population below the threshold) is also reported. We
report bootstrapped standard errors below point estimates.

Productive Loans Non-Productive Loans

(1) (2) (3) (4)
Bandwidth ±200 ±250 ±200 ±250

Above Cutoff 0.028∗∗ 0.034∗∗∗ -0.022∗∗∗ -0.019∗∗∗

(0.011) (0.010) (0.008) (0.007)
Control group mean 0.052 0.052 0.045 0.045
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.16 0.15 0.15 0.14
Observations 759 792 759 792

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 8: Testing for the variability of loan contract terms

The table presents results that test the variability of loan contract terms between similar groups of borrowers
in above- vs. below-cutoff villages. We divide our sample into groups of borrowers within above- and below-
cutoff villages. We divide groups based on observable characteristics such as gender, whether the borrower
is educated, household asset size, and age. We generate four groups based on gender and school education,
and within each of these groups, we further create three groups based on household asset size and borrower
age. Within each of these groups, we compute the standard deviation of loan contract terms: loan amounts,
interest rates, maturity. We then test for the difference of standard deviation of loan contract terms between
above and below-cutoff villages. Columns 1 and 2 report the standard deviations within below and above-
cutoff villages respectively. Next two columns report difference in means and p-value on tests for equality
of means respectively. Panel A reports values for villages with populations within 200 of the population
threshold (300-700 for the 500 threshold and 800-1200 for the 1000 threshold) while panel B expands the
sample to include villages within 250 of the population thresholds.

Panel A: Bandwidth, ±200

Below
Threshold

Above
Threshold

Difference of
means

p-value on
difference

(1) (2) (1) - (2)

Scaled Loan Amount 0.067 0.074 -0.007 0.600
Avg. Interest Rate 0.015 0.018 -0.002 0.744
Ln(Maturity) 0.064 0.064 -0.000 0.993

Panel B: Bandwidth, ±250

Below
Threshold

Above
Threshold

Difference of
means

p-value on
difference

(1) (2) (1) - (2)

Scaled Loan Amount 0.065 0.075 -0.010 0.410
Avg. Interest Rate 0.015 0.023 -0.008 0.296
Ln(Maturity) 0.062 0.090 -0.028 0.236

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9: Placebo on Connected Villages

The table presents reduced form estimates of the effect of new rural roads on loan disbursed on a placebo
sample. We include villages that were already connected at baseline and hence the PMGSY thresholds were
not applicable to them. Columns l and 2 presents estimates for villages with populations within 200 of the
population threshold (300-700 for the 500 threshold and 800-1200 for the 1000 threshold) while columns 3
and 4 presents estimates expanding the sample to include villages within 250 of the population thresholds.
The dependent variable in columns 1 and 3,ExtMargin, is an indicator variable that takes on the value one
if an individual in the village received a loan from our bank. The dependent variable in columns 2 and 4,
NetDisburse/Inc, is the net loan amount disbursed divided by household income of each borrower. For each
borrower, we compute the net loan amount disbursed as loan amount disbursed minus any repayment made
by the end of the calendar year 2014. All regressions include threshold fixed effects. We report bootstrapped
standard errors below point estimates.

Bandwidth ±200 ±250

(1) (2) (3) (4)
ExtMargin Loan Amount ExtMargin Loan Amount

Above Cutoff 0.007 0.007 0.002 -0.002
(0.007) (0.008) (0.006) (0.007)

Control group mean 0.052 0.062 0.059 0.070
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.0050 0.062 0.0014 0.064
Observations 18332 2237 21372 2649

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 10: Impact of new roads, by borrower characteristics

The table presents reduced form estimates of the heterogeneous effects of new rural roads by borrower characteristics. Columns 1 through 3 present reduced form
estimates for villages with populations within 200 of the population threshold (300-700 for the 500 threshold and 800-1200 for the 1000 threshold) while columns 4
through 6 present reduced form estimates expanding the sample to include villages within 250 of the population thresholds. The dependent variable in column 1
and 4 is the net loan amount disbursed divided by the household income for each borrower. The dependent variable in columns 2 and 5 is the fraction of the loan
amount disbursed that was overdue while in columns 3 and 6 it is the average interest rate across loans for each borrower. For each borrower, we compute the net
loan amount disbursed as the loan amount disbursed minus any repayment made by the end of the calendar year 2014. We interact Above Cutoff with Age, the
logarithm of one plus assets, the logarithm of one plus income, an indicator for School Education and indicator for whether the gender of the borrower is female.
Our sample consists of individuals who had a loan with the bank by the end of the calendar year 2014. For each regression, the outcome mean for the control
group (villages with population below the threshold) is also reported. All regressions include threshold fixed effects. We report bootstrapped standard errors below
point estimates.
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± 200 ± 250

(1) (2) (3) (4) (5) (6)
Loan Amount %ODAmount AvgIntRate Loan Amount %ODAmount AvgIntRate

Above Cutoff -0.030 1.864 0.014 -0.016 1.425 0.007
(0.033) (2.128) (0.021) (0.031) (1.946) (0.021)

Age(Years) -0.001∗ -0.002 -0.000∗ -0.001∗ -0.001 -0.000∗

(0.000) (0.008) (0.000) (0.000) (0.008) (0.000)

Low Assets -0.030∗∗∗ 0.660 0.002 -0.029∗∗∗ 0.653 0.001
(0.008) (0.534) (0.002) (0.008) (0.529) (0.002)

School Education 0.000 -1.343 -0.003 0.000 -1.355 -0.004
(0.008) (1.060) (0.004) (0.008) (1.061) (0.004)

SC/ST/OBC -0.026∗∗ 0.293 0.004 -0.021∗∗ 0.219 0.002
(0.010) (0.269) (0.003) (0.010) (0.251) (0.003)

Female(1=Yes) -0.044∗∗∗ 0.299 0.004 -0.043∗∗∗ 0.242 0.002
(0.007) (0.271) (0.003) (0.007) (0.255) (0.003)

Above Cutoff x Age (Years) -0.000 -0.045 -0.000 -0.000 -0.040 -0.000
(0.000) (0.035) (0.000) (0.000) (0.031) (0.000)

Above Cutoff x Low Assets 0.026∗∗ -0.861 -0.006 0.025∗∗ -0.793 -0.004
(0.012) (0.554) (0.006) (0.012) (0.499) (0.006)

Above Cutoff x School Education 0.010 1.473 0.012 0.008 1.316 0.013
(0.013) (1.195) (0.011) (0.012) (1.121) (0.009)

Above Cutoff x SC/ST/OBC 0.034∗∗∗ -0.631 -0.012∗ 0.030∗∗ -0.533 -0.013∗∗

(0.013) (0.514) (0.006) (0.013) (0.443) (0.006)

Above Cutoff x Female -0.007 -0.662 -0.012∗ -0.002 -0.601 -0.008
(0.013) (0.509) (0.006) (0.013) (0.452) (0.006)

Control group mean 0.055 0.19 0.15 0.055 0.19 0.15
Controls Yes Yes Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes Yes Yes
Loanpurpose FE No Yes Yes No Yes Yes
R2 0.18 0.15 0.55 0.17 0.15 0.49
Observations 759 370 370 792 386 386

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 11: Macro evidence: Impact of new roads on bank credit, 2009 to 2014

The table presents the impact of new rural roads on overall bank credit extended for the period 2009 to
2014. Our sample consists of villages from the following states which followed the population threshold
prioritization rules as given by the national guidelines of the PMGSY: Chhattisgarh, Gujarat, Madhya
Pradesh, Maharashtra, Orissa, and Rajasthan. The dependent variable in columns 1 (and 4), Log(Credit),
is the natural logarithm of one plus total rural(urban) bank credit extended by banks within a district. In
columns 2 and 5, the dependent variable, Log(Branches), is the natural logarithm of one plus total number
of rural(urban) bank branches within a district. In columns 3 and 6, the dependent variable,Log(Deposits),
is the natural logarithm of one plus total rural (urban) bank deposits within a district. For each state,
we aggregate the total kilometers of road constructed under PMGSY at the district-level. The primary
independent variable, Log(roadt−4), is the natural logarithm of one plus length of new roads (in kilometers)
constructed under PMGSY within a district in the same quarter last year. We include all villages within a
district that receive roads under PMGSY. All regressions include district and quarter fixed effects. Standard
errors are clustered at the district-level and reported below point estimates.

Dependent variable Log(1+Rural) Log(1+Urban)

(1) (2) (3) (4) (5) (6)
Ln(Credit) Ln(Branches) Ln(Deposit) Ln(Credit) Ln(Branches) Ln(Deposit)

Log(roadt−4) 0.011∗∗∗ 0.005∗∗ 0.001 0.003 -0.003 -0.001
(0.003) (0.002) (0.002) (0.004) (0.003) (0.005)

Quarter FE Yes Yes Yes Yes Yes Yes
District FE Yes Yes Yes Yes Yes Yes
R2 0.98 0.99 0.99 0.98 0.99 0.97
Observations 3660 3660 3660 3660 3660 3660

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 12: Macro evidence: Impact of new roads on economic growth, 2009 to 2014

The table presents the impact of new rural roads on the overall economic growth of districts for the period
2009 to 2014. Our sample consists of villages from the following states which followed the population
threshold prioritization rules as given by the national guidelines of the PMGSY: Chhattisgarh, Gujarat,
Madhya Pradesh, Maharashtra, Orissa, and Rajasthan. The dependent variable in columns 1 through
4, Log(GDP), is the natural logarithm of gross domestic product for each district. We observe GDP for
different industries and present the estimates for Agriculture & Allied industries, Agriculture and Industry.
Log(roadt−1), is the natural logarithm of one plus length of new roads (in kilometers) constructed under
PMGSY within a district in the last year. We include all villages within a district that receive roads under
PMGSY. For each state, we aggregate the total kilometers of road constructed under PMGSY at the district-
level. ∆ Rural Creditt−1,t is the rural credit growth measured from t-1 to t for each district. All regressions
include district and year fixed effects. Standard errors are clustered at the district-level and reported below
point estimates.

Dependent variable Log(GDP)

(1) (2) (3) (4)
GDP Agri & Allied Agriculture Industry

Log(roadt−1) -0.003 -0.017∗∗∗ -0.017∗∗ 0.003
(0.002) (0.005) (0.007) (0.003)

∆ Rural Creditt−1,t 0.008 0.016 0.008 0.011
(0.014) (0.022) (0.028) (0.011)

Log(roadt−1) × ∆ Rural Creditt−1,t 0.017∗∗ 0.080∗∗∗ 0.065∗∗ -0.013
(0.009) (0.022) (0.027) (0.011)

Year FE Yes Yes Yes Yes
District FE Yes Yes Yes Yes
R2 0.99 0.98 0.97 0.99
Observations 900 900 900 900

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Internet Appendix: Additional tables
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Table IA1: Covariate balance

The table presents mean values for baseline village characteristics for all unconnected villages in Odisha,
as recorded in 2001 Population Census. Columns 1-3 present the unconditional means for all villages,
villages below the treatment threshold, and villages above the treatment threshold, respectively. Column 4
shows the regression discontinuity estimate, following the main estimating equation, of the effect of being
above the treatment threshold on the baseline variable and Column 5 is the p-value for this estimate, using
heteroskedasticity robust standard errors.

Full Below Above RD p-value
sample Threshold Threshold estimate on RD

estimate
(1) (2) (3) (4) (5)

Primary School 0.89 0.86 0.93 -0.01 0.21
Primary Health Centres 0.09 0.07 0.12 -0.02 0.13
Telegraph Office 0.00 0.00 0.01 -0.00 0.27
Electrified 0.74 0.71 0.78 -0.00 0.81
Distance from nearest town (in km) 31.37 32.01 30.41 -0.70 0.40
ln irrigated land 1.53 1.39 1.74 -0.13 0.44
Scheduled caste share 15.47 15.14 15.98 -0.20 0.76
Observations 10,616 6,405 4,211
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Table IA2: First stage effect of road priority on PMGSY road treatment: (2009 - 2014)

The table presents first stage estimates from Equation 1 of the effect of being above the population threshold
on a village’s probability of receiving a road under PMGSY by 2014. The dependent variable is an indicator
variable that takes on the value one if a village has received a PMGSY road before 2014. Columns 1 and
2 presents results for the sample of villages in 2001 Population Census for Odisha while columns 3 and 4
presents results for the bank loan sample. The first and the third column presents results for villages with
populations within 200 of the population threshold (300-700 for the 500 threshold and 800-1200 for the
1000 threshold). The second and fourth columns expand the sample to include villages within 250 of the
population thresholds. Both the samples consist of villages that did not have paved roads at the start of our
sample as recorded in the 2001 Population Census. The bank loan sample includes all the individuals in a
particular village. For the census sample, the specification includes district-threshold fixed effects while for
the bank loan sample the specification includes threshold fixed effects. We report heteroskedasticity robust
standard errors below point estimates.

Census sample Bank Loan sample

(1) (2) (3) (4)
Bandwidth ±200 ±250 ±200 ±250

Above Cutoff 0.073∗∗∗ 0.069∗∗∗ 0.552∗∗∗ 0.454∗∗∗

(0.011) (0.010) (0.017) (0.010)
F-statistic 41.8 47.8 1106.8 1894.9
District-Threshold FE Yes Yes No No
Threshold FE No No Yes Yes
R2 0.07 0.06 0.20 0.22
Observations 10616 13527 8141 9260

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table IA3: Impact of new roads on lending activity, robust standard errors

The table presents estimates from reduced form estimates of the effect of new rural roads on lending activity
within villages. Panels A present estimates of baseline Table 3 while panel B present estimates for Table 4.
Panel C present estimates of Table 5 while panels D presents estimates of Table 6. Panels E presents
estimates of Table 7. The dependent variable in panel A, ExtMargin , is an indicator which takes the
value of one if the individual received a loan from the bank and zero otherwise. The dependent variable
for panels B and E, NetDisburse/Inc, is the net loan amount disbursed divided by household income of
each borrower. For each borrower, we compute the net loan amount disbursed as loan amount disbursed
minus any repayment made by the end of the calendar year 2014. We measure loan performance using two
measures: (1) % Overdue amount captures the fraction of loan amount disbursed that was overdue (2) Total
loan amount that was overdue. The dependent variable in columns 1 and 4 of panel C is natural logarithm
of loan maturity. In columns 2 and 5, the dependent variable is Total Overdue amount while in columns 3
and 6 it is % Overdue amount. The dependent variable in panel D is the average interest rate across loans
for each borrower. Our bank loan sample consists of individuals who had a loan with the bank by the end
of the calendar year 2014. We include villages that did not have paved roads at the start of our sample
as recorded in the 2001 Population Census. The specification includes baseline borrower-level controls for
age, income, collateral, level of education and gender. In columns 2 and 4 of panels B and E, we include an
additional control CollateralIndex which takes a value between 0 and 3. The index combines three indicators
on whether the borrower owns land, jewel and other assets. All regressions include threshold fixed effects.
For each regression, the outcome mean for the control group (villages with population below the threshold)
is also reported. We report heteroscedasticity robust standard errors below point estimates.

Panel A: Extensive margin

Bandwidth ± 200 ± 250

(1) (2)

Above Cutoff 0.044∗∗∗ 0.028∗∗∗

(0.013) (0.009)
Control group mean 0.051 0.051
Threshold FE Yes Yes
R2 0.0072 0.0088
Observations 8141 9260

Panel B: Lending activity

Bandwidth ±200 ±250

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

Above Cutoff 0.027∗∗ 0.026∗∗ 0.033∗∗∗ 0.033∗∗∗

(0.011) (0.011) (0.011) (0.011)
Control group mean 0.055 0.055 0.055 0.055
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.15 0.15 0.15 0.15
Observations 759 759 792 792

Continued

58



Panel C: Loan maturity and quality

Bandwidth ±200 ±250

(1) (2) (3) (4) (5) (6)
Ln(Maturity) ODAmount %OD Amount Ln(Maturity) ODAmount %OD Amount

Above Cutoff -0.007 91.374 0.159 -0.008 75.348 0.032
(0.020) (70.608) (0.530) (0.019) (65.469) (0.449)

Control group mean 1.07 61.4 0.19 1.07 61.4 0.19
Controls Yes Yes Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes Yes Yes
Loanpurpose FE Yes Yes Yes Yes Yes Yes
R2 0.44 0.11 0.068 0.47 0.10 0.065
Observations 370 370 370 386 386 386

Panel D: Interest rates

Bandwidth ± 200 ± 250

(1) (2)

Above Cutoff 0.002 -0.002
(0.005) (0.005)

Control group mean 0.15 0.15
Controls Yes Yes
Threshold FE Yes Yes
Loanpurpose FE Yes Yes
R2 0.47 0.42
Observations 370 386

Panel E: Lending Quantity by loan type

Productive Loans Non-Productive Loans

(1) (2) (3) (4)
±200 ±250 ±200 ±250

Above Cutoff 0.028∗∗ 0.034∗∗∗ -0.022∗∗∗ -0.019∗∗

(0.011) (0.010) (0.008) (0.008)
Control group mean 0.052 0.052 0.045 0.045
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.16 0.15 0.15 0.14
Observations 759 792 759 792

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table IA4: Impact of new roads on lending activity, stratified bootstrapping

The table presents estimates from reduced form estimates of the effect of new rural roads on lending activity
within villages. Panels A present estimates of baseline Table 3 while panel B present estimates for Table 4.
Panel C present estimates of Table 5 while panels D presents estimates of Table 6. Panels E present estimates
of Table 7. The dependent variable in panel A, ExtMargin , is an indicator which takes the value of one if
the individual received a loan from the bank and zero otherwise. The dependent variable for panels B and E,
NetDisburse/Inc, is the net loan amount disbursed divided by household income of each borrower. For each
borrower, we compute the net loan amount disbursed as loan amount disbursed minus any repayment made
by the end of the calendar year 2014. We measure loan performance using two measures: (1) % Overdue
amount captures the fraction of loan amount disbursed that was overdue (2) Total loan amount that was
overdue. The dependent variable in columns 1 and 4 of panel C is natural logarithm of loan maturity. In
columns 2 and 5, the dependent variable is Total Overdue amount while in columns 3 and 6 it is % Overdue
amount. The dependent variable in panel D is the average interest rate across loans for each borrower. Our
bank loan sample consists of individuals who had a loan with the bank by the end of the calendar year
2014. We include villages that did not have paved roads at the start of our sample as recorded in the 2001
Population Census. The specification includes baseline borrower-level controls for age, income, collateral,
level of education and gender. In columns 2 and 4 of panels B and E, we include an additional control
CollateralIndex which takes a value between 0 and 3. The index combines three indicators on whether
the borrower owns land, jewel and other assets. All regressions include threshold fixed effects. For each
regression, the outcome mean for the control group (villages with population below the threshold) is also
reported. Bootstrap samples are taken independently within each village and bootstrapped standard errors
are reported below point estimates.

Panel A: Extensive margin

Bandwidth ± 200 ± 250

(1) (2)

Above Cutoff 0.044∗∗∗ 0.028∗∗∗

(0.013) (0.009)
Control group mean 0.051 0.051
Threshold FE Yes Yes
R2 0.0072 0.0088
Observations 8141 9260

Panel B: Lending activity

Bandwidth ±200 ±250

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

Above Cutoff 0.027∗∗ 0.026∗∗ 0.033∗∗∗ 0.033∗∗∗

(0.011) (0.011) (0.010) (0.010)
Control group mean 0.055 0.055 0.055 0.055
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.15 0.15 0.15 0.15
Observations 759 759 792 792

Continued
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Panel C: Loan maturity and quality

Bandwidth ±200 ±250

(1) (2) (3) (4) (5) (6)
Ln(Maturity) ODAmount %OD Amount Ln(Maturity) ODAmount %OD Amount

Above Cutoff -0.007 91.374 0.159 -0.008 75.348 0.032
(0.019) (70.089) (0.556) (0.018) (64.943) (0.477)

Control group mean 1.07 61.4 0.19 1.07 61.4 0.19
Controls Yes Yes Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes Yes Yes
Loanpurpose FE Yes Yes Yes Yes Yes Yes
R2 0.44 0.11 0.068 0.47 0.10 0.065
Observations 370 370 370 386 386 386

Panel D: Interest rates

Bandwidth ± 200 ± 250

(1) (2)

Above Cutoff 0.002 -0.002
(0.005) (0.005)

Control group mean 0.15 0.15
Controls Yes Yes
Threshold FE Yes Yes
Loanpurpose FE Yes Yes
R2 0.47 0.42
Observations 370 386

Panel E: Lending Quantity by loan type

Productive Loans Non-Productive Loans

(1) (2) (3) (4)
±200 ±250 ±200 ±250

Above Cutoff 0.026∗∗∗ 0.031∗∗∗ -0.020∗∗∗ -0.017∗∗

(0.010) (0.009) (0.007) (0.007)
Control group mean 0.048 0.048 0.042 0.042
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.16 0.16 0.15 0.16
Observations 759 792 759 792

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table IA5: Impact of new roads on the lending activity, entire village population

The table presents reduced form estimates from Equation 2 of the effect of new rural roads on lending
activity within the villages. Panels A presents reduced form estimates of the impact of new roads on the
lending quantities while panel B presents estimates of the impact of new roads on the lending quantities by
loan type. The dependent variable in panel A, NetDisburse/Inc, is the net loan amount disbursed divided
by household income of each borrower. For each borrower, we compute the net loan amount disbursed as
loan amount disbursed minus any repayment made by the end of the calendar year 2014. Our bank loan
sample consists of individuals who had a loan with the bank by the end of the calendar year 2014. We add
back individuals within the villages who did not receive loans from the bank by the end of the calendar year
2014. We include villages that did not have paved roads at the start of our sample as recorded in the 2001
Population Census. All regressions include threshold fixed effects. For each regression, the outcome mean for
the control group (villages with population below the threshold) is also reported. We report bootstrapped
standard errors below point estimates.

Panel A: Lending Quantity

Bandwidth ±200 ±250

(1) (2)

Above Cutoff 0.006∗∗∗ 0.004∗∗∗

(0.001) (0.001)
Control group mean 0.0047 0.0047
Controls No No
Threshold FE Yes Yes
R2 0.0073 0.0087
Observations 8141 9260

Panel B: Lending Quantity by loan type

Productive Loans Non-Productive Loans

(1) (2) (3) (4)
±200 ±250 ±200 ±250

Above Cutoff 0.005∗∗∗ 0.004∗∗∗ -0.001 -0.000
(0.001) (0.001) (0.001) (0.001)

Control group mean 0.0044 0.0044 0.0037 0.0037
Controls No No No No
Threshold FE Yes Yes Yes Yes
R2 0.0079 0.0096 0.0018 0.0033
Observations 8141 9260 8141 9260

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table IA6: Impact of new roads on lending activity, instrumental variables

The table presents estimates from instrumental variables (IV) regression of the effect of new rural roads on
lending activity within villages. We instrument new road with our treatment variable, i.e., a dummy variable
for whether the village is above the threshold (500 or 1000). Panels A present estimates of baseline Table 3
while panel B present estimates for Table 4. Panel C present estimates of Table 5 while panels D presents
estimates of Table 6. Panels E present estimates of Table 7. The dependent variable in panel A, ExtMargin, is
an indicator which takes the value of one if the individual received a loan from the bank and zero otherwise.
The dependent variable for panels B and E, NetDisburse/Inc, is the net loan amount disbursed divided
by household income of each borrower. For each borrower, we compute the net loan amount disbursed as
loan amount disbursed minus any repayment made by the end of the calendar year 2014. We measure loan
performance using two measures: (1) % Overdue amount captures the fraction of loan amount disbursed that
was overdue (2) Total loan amount that was overdue. The dependent variable in columns 1 and 4 of panel C
is natural logarithm of loan maturity. In columns 2 and 5, the dependent variable is Total Overdue amount
while in columns 3 and 6 it is % Overdue amount. The dependent variable in panel D is the average interest
rate across loans for each borrower. Our bank loan sample consists of individuals who had a loan with the
bank by the end of the calendar year 2014. We include villages that did not have paved roads at the start of
our sample as recorded in the 2001 Population Census. The specification consists of baseline borrower-level
controls for age, income, collateral, level of education and gender. In columns 2 and 4 of panels B and E,
we include an additional control CollateralIndex which takes a value between 0 and 3. The index combines
three indicators on whether the borrower owns land, jewel and other assets. All regressions include threshold
fixed effects. For each regression, the outcome mean for the control group (villages with population below
the threshold) is also reported. We report bootstrapped standard errors below point estimates.

Panel A: Extensive margin

Bandwidth ± 200 ± 250

(1) (2)

PMGSY Road 0.079∗∗∗ 0.061∗∗∗

(0.023) (0.021)
Control group mean 0.051 0.051
Threshold FE Yes Yes
R2 0.008 0.0032
Observations 8141 9260

Panel B: Lending Quantity

Bandwidth ±200 ±250

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

PMGSY Road 0.056∗∗ 0.054∗∗ 0.085∗∗∗ 0.082∗∗∗

(0.025) (0.025) (0.030) (0.029)
Control group mean 0.055 0.055 0.055 0.055
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.045 0.064 0.045 0.064
Observations 759 759 792 792

Continued
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Panel C: Loan maturity and quality

Bandwidth ±200 ±250

(1) (2) (3) (4) (5) (6)
Ln(Maturity) ODAmount %OD Amount Ln(Maturity) ODAmount %OD Amount

PMGSY Road -0.009 130.755 0.227 -0.016 141.801 0.061
(0.030) (110.948) (0.827) (0.036) (129.148) (0.934)

Control group mean 1.07 61.4 0.19 1.07 61.4 0.19
Controls Yes Yes Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes Yes Yes
Loanpurpose FE Yes Yes Yes Yes Yes Yes
R2 0.43 0.12 0.063 0.46 0.11 0.064
Observations 370 370 370 386 386 386

Panel D: Interest rates

Bandwidth ± 200 ± 250

(1) (2)

PMGSY Road 0.003 -0.005
(0.008) (0.010)

Control group mean 0.15 0.15
Controls Yes Yes
Threshold FE Yes Yes
Loanpurpose FE Yes Yes
R2 0.47 0.41
Observations 370 386

Panel E: Lending Quantity by loan type

Productive Loans Non-Productive Loans

(1) (2) (3) (4)
±200 ±250 ±200 ±250

PMGSY Road 0.059∗∗ 0.087∗∗∗ -0.046∗∗ -0.050∗∗

(0.025) (0.029) (0.019) (0.021)
Control group mean 0.052 0.052 0.045 0.045
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.026 0.028 0.016 0.018
Observations 759 792 759 792

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table IA7: Impact of new roads on lending activity, robustness

The table presents robustness on the reduced form estimates from Equation 2 of the effect of new rural
roads on lending activity within these villages. Panel A present results wherein we restrict the sample to
villages such that PMGSY population is same as Census 2001 population. Panel B presents results with
same slopes on either side of the population threshold and different intercept around the cutoff while panel C
allows for same slope and intercept around the population threshold. Panel D presents results from baseline
Table 4 without winsorizing our dependent variable while panel E presents results restricting the sample to
new borrowers. In all panels, the dependent variable in columns 1 and 3 (and 5), NetDisburse/Inc, is the
net loan amount disbursed divided by household income of each borrower while in columns 2 and 4 (and 6),
NetDisburse, is the natural logarithm of one plus total net loan amount disbursed. For each borrower, we
compute the net loan amount disbursed as loan amount disbursed minus any repayment made by the end of
the calendar year 2014. Our bank loan sample consists of individuals who had a loan with the bank by the
end of the calendar year 2014. The sample includes villages that did not have paved roads at the start of our
sample as recorded in the 2001 Population Census. In columns 1 and 2, the specification consists of baseline
borrower-level controls for age, income, collateral, level of education and gender. Additionally, we include a
control variable, CollateralIndex which takes a value between 0 and 3. The index combines three indicators
on whether the borrower owns land, jewel and other assets. All regressions include threshold fixed effects.
For each regression, the outcome mean for the control group (villages with population below the threshold)
is also reported. We report heteroskedasticity robust standard errors below point estimates.

Panel A: PMGSY population is same as Census 2001 population

Bandwidth ±200 ±250

(1) (2) (3) (4)
Scaled Unscaled Scaled Unscaled

Above Cutoff 0.041∗∗∗ 1.654∗ 0.041∗∗∗ 1.654∗

(0.013) (0.847) (0.013) (0.847)
Control group mean 0.054 4.87 0.054 4.87
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.14 0.18 0.14 0.18
Observations 683 683 683 683

Panel B: Same slope and different intercept around the cutoff

Bandwidth ±200 ±250

(1) (2) (3) (4)
Scaled Unscaled Scaled Unscaled

Above Cutoff 0.032∗∗∗ 1.472∗∗ 0.035∗∗∗ 1.387∗∗

(0.011) (0.722) (0.011) (0.696)
Control group mean 0.055 4.98 0.055 4.98
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.15 0.20 0.15 0.19
Observations 759 759 792 792

Continued
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Panel C: Same slope and intercept around the cutoff

Bandwidth ±200 ±250

(1) (2) (3) (4)
Scaled Unscaled Scaled Unscaled

Above Cutoff 0.036∗∗∗ 1.744∗∗ 0.034∗∗∗ 1.366∗

(0.011) (0.708) (0.011) (0.708)
Control group mean 0.055 4.98 0.055 4.98
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.14 0.19 0.14 0.18
Observations 759 759 792 792

Panel D: No winsorization

Bandwidth ±200 ±250

(1) (2) (3) (4)
Scaled Unscaled Scaled Unscaled

Above Cutoff 0.025∗∗ 1.422∗ 0.032∗∗∗ 1.274∗

(0.012) (0.729) (0.011) (0.700)
Control group mean 0.056 4.96 0.056 4.96
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.14 0.21 0.14 0.20
Observations 759 759 792 792

Panel E: Ruling out evergreening

Bandwidth ±200 ±250

(1) (2) (3) (4)
Scaled Unscaled Scaled Unscaled

Above Cutoff 0.029∗ 1.226∗∗∗ 0.045∗∗∗ 1.318∗∗∗

(0.017) (0.355) (0.016) (0.302)

Control group mean 0.10 9.40 0.10 9.40
Controls Yes Yes Yes Yes
Threshold FE Yes Yes Yes Yes
R2 0.10 0.12 0.09 0.11
Observations 353 353 367 367

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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