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1 Introduction

On November 8, 2016, the Indian government announced large currency denomination notes

would no longer be considered legal tender and, with few exceptions, had to be deposited

into banks by the end of the calendar year. These notes (in |500 and |1000 denominations)

accounted for 86% of currency in circulation. For a country like India, where almost

ninety percent of transactions take place in cash, such an abrupt announcement threw the

economy into chaos. The avowed goals of the policy were reducing the volume of the “black

economy”, increasing the tax base, and reducing funding sources for terrorist activities.

There is considerable, if not outright skepticism, whether the policy achieved any of these.

It is generally accepted that it reduced economic growth in the last quarter of 2016 and

also to some extent in the first quarter of 2017. Very little is known about the longer run

effects of such a dramatic policy. In this research, we investigate regional and household

outcomes over approximately a year and a half following demonetization (till April 2018).

For the regional analysis, we consider three pre-demonetization measures of socio-economic

characteristics at the district level - a measure of the poverty rate (headcount ratio), a

measure of financial inclusion (number of deposit accounts per capita), and a measure of

economic activity (night-light density). For all three measures, we show districts that were

placed in the lowest quintile, experienced greater increases in nighttime lights throughout

2017 and early 2018. We complement our regional results by examining household level data

from a large longitudinal panel, and show that those in the poorest quintiles of household

expenditures experienced larger increase in both expenditures and income relative to the

richest.

Since the entire country was subject to the treatment simultaneously, our estimation

strategy exploits two sources of variation for the regional analysis. First, we use a monthly

district-level panel of nighttime lights that allows us to separate the pre, during (the two im-

plementation months), and post-demonetization periods. Second, we exploit cross-sectional

variation of pre-demonetization conditions at the district level by using the three aforemen-

tioned variables. To make the analysis easier to comprehend, we group districts based on

quintiles of these variables. Our approach, which relies on the interaction between two

sources of variation, is a difference in difference strategy with simultaneous treatment,

where the entire population is treated at different degrees of intensity. Thus, we uncover

the relative effects. For the household analysis, we use the Consumer Pyramids House-

hold Survey (CPHS) conducted by the Centre for Monitoring Indian Economy (CMIE).

Described in detail later, the proprietary survey follows approximately 160,000 households
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(approximately 143,000 in our sample) and records monthly income and expenditure de-

tails, as well as other household characteristics. We follow a strategy similar to the regional

analysis, and divide households into quintiles based on 2015 real expenditures. We extract

the relative effects of demonetization on the poorer quintiles relative to the richest.

After presenting the main set of results for districts and households, we show our es-

timated effects are robust to a range of sensitivity and robustness checks. While our

respective baseline specifications already control for a variety of geographic and household

factors, we also check for parallel and pre-trends, placebo tests, intensive margin of night-

lights, continuous instead of discrete treatment, etc. We also investigate some associated

channels. In the case of regional analysis, we consider the geography of deposit growth

and uptake in a rural workforce program (NREGA), while for the household analysis we

examine the sources of income increases.

The findings in this study stand in sharp contrast, though not necessarily contradictory,

to much of the popular narrative and the emerging research that provides evidence of de-

clines in economic activity and household welfare in the few months immediately following

the announcement, e.g. Chodorow-Reich et al. (2020); Karmakar and Narayanan (2020).

Our results, at first glance, appear counter-intuitive, especially since the policy seemed to

have failed in its goal of removing black money from the economy. Nevertheless, there are

a number of reasons motivating the research.

First, for such a dramatic reduction of currency in circulation that took more than a year

to replenish, the aggregate effects as measured by official real GDP statistics seem to have

been rather benign - about 0.5 to 1% reduction in annual growth. Chodorow-Reich et al.

(2020), also using night-light data, estimate a 2.5% reduction in GDP during that quarter,

with the negative shock dissipating thereafter. Indeed, Lahiri (2020) notes the discrepancy

between the aggregate outcomes reflected in the GDP numbers, and the negative short run

effects in some of the research using household or firm level data. Figure 1a highlights real

quarterly GDP and its major constituents, after removing quarter effects. Clearly there

is no visible decline immediately following demonetization. Further, Figures 1b and 1c

which track the monthly night light data and surveyed household income and expenditures

also show clear upward trajectories during most of 2017 despite being relatively stagnant

between 2015 and 2016.

Second, despite the economic chaos during the initial two months, the policy was viewed

favorably, suggesting that the government might have successfully altered expectations

regarding future policy making and growth, especially among the poor and middle class.
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Indeed, Narender Modi’s Bhartiya Janata Party (BJP) was re-elected resoundingly in the

national elections held in April 2019.1

Third, the policy was considered a failure because 99% of the currency in circulation

made it’s way back to the banks. The government had counted on a substantial fraction of

notes never being returned. Clearly, those who had undisclosed currency figured out ways

to “launder” their cash. These methods, which emerged quickly and were widespread, in-

cluded channeling currency notes through accounts of employees, brokers who found low

income households or zero balance account holders, advance salary payments to employ-

ees, settlement of debts, or even finding businesses (usually informal) who were willing to

sell goods at a markup if purchased with the defunct notes. Invariably, all of these meth-

ods constituted an informal redistribution that involved paying premiums or commissions

to the intermediaries and ultimately depositors. Bhagwati, Dehejia, and Krishna (2017)

and Koning (2017) are early essays speculating on unintended redistribution.2 An obvi-

ous question that follows is whether the potential redistribution through channels such as

money laundering could be sizable enough to actually have any expansionary effect that

might offset what would have otherwise been a major decline in economic activity. An

accurate calculation would require knowledge regarding the amount of unaccounted cash

in the country preceding demonetization - still very much an unknown. While there is no

smoking gun, we can make a calculated guess. In an update to their earlier widely cited

studies, Medina and Schneider (2018) estimate India’s shadow economy to be on average

almost 25% of GDP for the period 2004 to 2015. Assuming that the cash-GDP ratio in

the shadow economy is the same as that of the regular economy, i.e. 12%, unaccounted

cash would amount to approximately 3% of GDP.3 If approximately 30% was redistributed

during the money laundering process, this amounts to 1% of GDP. As a point of reference,

refundable tax credits and assistance to households in 2010 as part of the American Recov-

ery and Reinvestment Act (ARRA) stood at 0.36% of GDP. Thus, even if only 10% was

1The elections were held after initial work began on this paper. Banerjee and Kala (2019) note that
despite suffering approximately 20% decline in their sales, traders surveyed in Bengaluru had an overwhelm-
ingly positive view of the policy. Further, using data from produce markets and state election results in
Uttar Pradesh, they estimate a 100% decline in sales was associated with only a 1% decrease in the vote
share of the BJP.

2See KPMG (2016) and Rajagopalan (2020) for a description of these methods.
3These numbers are conservative. The money to GDP ratio in the shadow economy is also certainly

higher than our assumption of 12% since the formal banking sector is avoided for these transactions. We
also obtained an unreleased government sponsored report in 2013 titled “Study on Unaccounted Incomes
in India” prepared by the National Institute of Public Finance and Policy. They estimate that the shadow
economy was about 45% of GDP (Table 4.16 ) for 2000-2010.
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redistributed, the relative value would be similar to ARRA rebates.4

Laundering is not the only way redistribution might happen. Increased spending by

the poor relative to the rich might also happen due to other factors. Indeed a perverse

reason might be intra-household regressive redistribution. Most Indian female homemakers

do not have independent bank accounts, and regularly undertake “secret savings” - small

amounts of cash accumulated over a long period of time, the true magnitude of which is

often unknown to the male head of household (BBC, 2016). From the perspective of the

head of household, revelations regarding these amounts would have been a positive shock.

Heads of poorer households are likely to have a higher marginal propensity to consume out

of this “newly discovered” wealth.

Fifth, the government realizing that they had under-estimated the initial chaos relied on

a number of pre-existing transfer schemes, in particular, the National Rural Employment

Guarantee Act, to alleviate short term hardship. It is certainly possible this might have also

had a redistributive effect. Sixth, a rationalization for demonetization was formalization

and push to digital banking. Whether this only happened more permanently is an open

question, it may also have contributed to increased economic activity in poorer areas where

the marginal effects would be greater.

Finally, even though the demonetization policy’s may have failed in its primary goal, it

could have altered the behavior of wealthy households who may have become more cautious

about their spending which in turn led to a compression. This provides further rationale

for our two pronged strategy of looking both at regional and household effects.

To summarize, our hypothesis of an unintended redistribution can easily reconcile the

facts that 99% of the money was returned indicating almost no wealth was lost in the

aggregate, any negative GDP effects were mild and short lived, the ruling party, BJP, did

not pay a political price (and, on the contrary, increased its support).

The rest of the paper is organized as follows. In the next section, we discuss demonetiza-

tion in some more detail and the related literature. In Section 3, we discuss the various data

sources and provide an overview some of the important patterns. We cover the empirical

specifications and present our results, both regional and household, in section 4. Section

5 presents robustness results. In section 6, we discuss some of the associated channels.

Section 7 concludes.

4Bhagwati, Dehejia, and Krishna (2017) also view 30% as the eventual equilibrium laundering fee.
The numbers for ARRA reflect the sum of outlays for Title 1 (Tax Provisions) and Title 2(Assistance for
Unemployed Workers and Struggling Families) in Congressional Budget Office (2009).
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2 Background and Related Literature

India’s demonetization has been widely covered and discussed in the media and academic

blogs.5 A reading of the Indian prime minister, Narendra Modi’s, speech from November

8th, 2016, clearly indicates two rationales, corruption and terrorism, both fueled by black

money (Modi, 2016). The use of counterfeit notes is also mentioned in the initial announce-

ment. Other rationales such as increasing the tax base and steering individuals towards

traceable methods of transacting are not mentioned in the speech, and were enunciated

later. While it is widely acknowledged that black money is a real problem in India, it is

also true that most residents rely on cash for their daily activity. For example, Mazzotta

et al. (2016) note that almost 87% of transactions in India used cash in 2012, and Indians

with access to formal banking also tend to transact in cash and carry high denomination

notes.6 The unusual hardship that this caused the general population combined with skep-

ticism about its success led to widespread criticism. This was validated later when in 2017,

the Reserve Bank released statistics indicating that 99% of the high denomination notes

made its way back to the banking system.

Related Literature. Due to its contemporaneous nationwide implementation, most of

the empirical literature on demonetization so far has exploited household, regional, or

sectoral variations. Chodorow-Reich et al. (2020) develop a macro model which calibrates

the aggregate effects. In the absence of higher frequency GDP data, they, too, use district

level estimates of night lights data, and rely on elasticities from Henderson, Storeygard, and

Weil (2012) to impute aggregate output reductions. To arrive at a measure of district level

exposure to demonetization, they use confidential Reserve Bank of India data on currency

note transactions. Their research finds that demonetization had negative effects during the

implementation quarter on light growth, credit growth, and employment but all the effects

were temporary, disappearing (or becoming insignificantly different than zero) by the first

half of 2017. Beyer et al. (2018) apply different measures of district level informality -

urbanization, banking access, and wage earners - and show that night lights growth was

lower in informal districts during the demonetization quarter.7

5For a more detailed discussion of the policy, an evaluation of its effects, and some of the emerging
research, see Lahiri (2020).

6While India’s currency to GDP ratio of approximately 12% was higher than average for a sample of
countries in 2014, it was not that much higher than that of the Euro Area (10.33%).

7Their findings are part of a larger research project on the applicability of using night lights to measure
short run variations. They also look at the 2015 earthquake in Nepal and conflict in Afghanistan.
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While the preceding papers use nighttime lights, they are part of a burgeoning body

of research documenting various aspects of the short run effects of demonetization. With

some generalization, the literature can be categorized into two groups - those documenting

short run economic and political outcomes, and those investigating behavioral changes,

particularly with respect to the adoption of formal banking and payment systems. Exam-

ples of the former include Karmakar and Narayanan (2020) and Wadhwa (2019) looking at

consumption and income outcomes, and Bhavnani and Copelovitch (2018) and Khanna and

Mukherjee (2020) examining political outcomes.8 With respect to formalization, Agarwal

et al. (2018) show that there was a significant rise in the use of digital technologies going

into the first half of 2017. However, the effects are stronger for regions that already had

pre-existing digital infrastructure in place. Crouzet, Gupta, and Mezzanotti (2018) show

that districts with higher exposure to demonetization also exhibited a higher takeup of

digital payment technologies along the intensive margin, but there were significant network

externalities. Compared to all of these, our research is quite different in both its scope and

conclusions.9

Apart from demonetization, our findings are relevant to the large literature on the re-

gional and household effects of aggregate shocks. Examples of regional studies include

effects of the financial crisis on local employment (Mian and Sufi, 2014), the long lasting

local effects of the housing crisis (Bhattarai, Schwartzman, and Yang, 2021), and the local

effects of the fracking boom (Feyrer, Mansur, and Sacerdote, 2017). At the household level,

the literature is limited when it comes to unanticipated shocks, and even more so when

it happens simultaneously across a country. Agarwal and Qian (2014) studies consump-

tion responses to a onetime unanticipated dividend program Singapore and find large and

heterogeneous effects. For every dollar received, expenditures increased by 0.80 cents over

the next ten months. The response was stronger for households with lower liquid assets

and credit lines. This body of research however has predominantly focused on developed

economies. A notable exception is Cravino and Levchenko (2017). They study the impact

of Mexican peso’s devaluation in 1994 on the cost of living at different points in the income

8Wadhwa (2019), notes that poorer households experienced lower reductions in consumption relative to
rich households in the months following demonetization. He attributes this to smaller reductions in utility
from declining consumption in the latter group, and reliance on access to informal credit in the former
group. This redistributive nature of consumption reduction reinforces our findings. In our specification,
where we differentiate between the two demonetization months and the post period months, we also find
that poorer households saw relative real expenditures increasing not just during the post period (Jan
2017-April 2018), but also during November and December 2016.

9Apart from the literature specific to India, there is work examining the welfare effects of the withdrawal
of paper currency, e.g. Gaŕın, Lastrapes, and Lester (2021).
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distribution. They show that low-income households in Mexico continued to be adversely

affected even two years later.10

Our paper focuses on the unintended effects stemming from a hypothesized redistribu-

tion, that we partly attribute to money laundering. A limitation is that we cannot identify

specific households that actually benefited from cash transfers that took place during the

process. Thus even though our evidence is indirect; by focusing on poorer regions, it high-

lights the fact that large cash transfers can lead to sizable multiplier effects on the local

economy. In this respect the research reinforces some of the recent findings of sizable mul-

tiplier effects of transfers on the local economy (Corbi, Papaioannou, and Surico, 2018;

Egger et al., 2019).

Our paper also adds to a body of research that uses nightlight data for India to overcome

the limitations of regional data which are either lacking, or of questionable quality. In

addition to Chodorow-Reich et al. (2020) and Beyer et al. (2018), a number of studies

have used light data to evaluate outcomes for varying geographic units - districts, villages,

and electoral constituencies. Examples include Asher and Novosad (2020) on rural roads,

Baskaran, Min, and Uppal (2015) on elections and electricity provision, Castelló-Climent,

Chaudhary, and Mukhopadhyay (2018) on long term effects of early 20th century missionary

activity on human capital, Chanda and Kabiraj (2020) on regional convergence, Cook and

Shah (2020) on the national rural employment guarantee program, Prakash, Rockmore,

and Uppal (2019) on crime in politics, and Beyer, Franco-Bedoya, and Galdo (2021) on the

Covid-19 pandemic.

3 Data

In this section we provide an overview of the various measures and their sources both at the

regional and household level. Mainly, we focus on the night time light data, the variables

capturing pre-demonetization characteristics of districts, and the household data from the

Consumer Pyramids survey. Tables 1 and 2 provide summary statistics of key variables.

Night Lights Since 2012, the Earth Observation Group (EOG) has been processing

and sharing global low light imaging data from the Visible Infrared Imaging Radiometer

Suite (VIIRS) Day/Night Band (DNB) on a monthly basis. This supersedes the earlier

annual night light data that has been widely used by economists beginning with Chen

10Also See Bunn et al. (2018) for an overview of the literature on unanticipated changes.
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and Nordhaus (2011) and Henderson, Storeygard, and Weil (2012), and was used widely

for sub-national analysis where official data is often missing or of dubious quality (e.g.

Lessmann and Seidel (2017) and Henderson et al. (2018)). One of the key advancements of

the newer data, apart from the monthly frequency, is four times greater resolution (at the

equator each pixel is now 0.214 sq km). Other major advancements include no saturation,

lower detection limits, wider dynamic range, and 45 times smaller pixel footprints. The

version we use is the monthly average filtered by EOG to exclude data impacted by stray

light, lightning, lunar illumination, and cloud-cover. Not surprisingly, in the absence of

high frequency economic activity data for many countries, the monthly series has been

widely adopted to study the effects of Covid-19. A Google Scholar search of “VIIRS” and

“Covid-19” returned almost 900 documents in early 2022.11

Figure 1b portrays the path of log lights for India as whole after controlling for cloud

free days and month effects. A problem that arises with monthly data, and particularly

for a country like India, is that extensive cloud coverage might lead to very few or even

zero daily observations for a pixel during the monsoon months. The monthly average has

a non-missing value only if there was at least one day with no cloud coverage. The light

extraction algorithm after removing clouds has only 84% accuracy (Elvidge et al., 2017).

To deal with these issues, we control for cloud free days in our econometric work (we also

control for monthly variation in rainfall in our baseline estimates). Despite controlling for

month effects and cloud free days, one can see there is still considerable month to month

variation in the data. When conducting robustness tests, we repeat our estimation but

restrict the pixels to only those that were lit in the annual composite data created by EOG

for 2015 that uses an algorithm to remove outliers–i.e., by looking at an intensive margin

rather than an extensive margin.12 We aggregate (the unweighted sum) the pixel level data

to the district level. The unusual spike in lights in 2017 clearly stands out in Figure 1b,

particularly compared to the relative stagnation preceding it.

Data on District Level Characteristics Our measures of the headcount ratio are

taken from Alkire, Oldiges, and Kanagaratnam (2021), who in turn use the 4th National

Family Health Surveys conducted in 2015-16. The survey is representative at the district

level. The data for deposit accounts per capita in 2014 is created from the Reserve Bank

of India publications that provide annual measures of deposits in March of every year

11A useful reference for development economists is Gibson et al. (2021). For a more technical discussion
see Elvidge et al. (2017).

12This refers to the V2.VNL version and is discussed further in the robustness section.
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(the end of the fiscal year) and the population estimates from the 2011 Census. We use

the March 2014 measure since it precedes the massive push to financial inclusion initiated

by the government from August 2014.13 For the measure of night light density prior to

demonetization, we use the 2015 annual average masked version v.2 of the VIIRS data

explained in Elvidge et al. (2021) divided by land area.

Summary statistics of for each of these three measures are provided in Table 1. As one

can see, for all of them there is a clear gradient. The headcount ratio shows quite a bit of

variation with the 55% of the population in the poorest quintile living in poverty, and only

5% in the richest. With deposit bank accounts per capita the variation is more muted -

0.45 accounts per capita in the poorest districts, and 1.66 in the richest. Nightlight density

shows a particularly large variation - the (non-logged) fifth quintile is about 41 times that

of the first. Given that it is theoretically unbounded compared to the other two, this is

not surprising. Overall, the three variables provide fairly distinct measures, and a variety

of ranges.14

We are able to create consistent data for 625 of the 640 districts in the 2011 census

for poverty rates and nightlights. For bank accounts, the sample size is a little smaller

mainly because the Reserve Bank of India updates its tables periodically, and we lose some

districts that could not be easily reassigned to a parent.15

Household Data We use Consumer Pyramids, a proprietary panel survey published by

the Centre for Monitoring Indian Economy (CMIE). The survey follows almost 160,000

households since 2015 and is designed to provide an overview of incomes, expenditures,

assets, demographics and more recently, employment and sentiments and is representa-

tive at the national level. Beyond some of the initial papers on the short-run effects of

demonetization (Chodorow-Reich, 2019; Karmakar and Narayanan, 2020; Wadhwa, 2019),

the data has also been used increasingly to study the effects of the Covid-19 pandemic

(Anand, Sandefur, and Subramanian, 2021; Gupta, Malani, and Woda, 2021; Mohanan

13We get similar results for March, 2016. For an assessment of the government’s financial inclusion
project, see Agarwal et al. (2017).

14In an earlier version of the manuscript, we considered three additional variables to capture exposure
to demonetization - literacy rates, share of non-agricultural laborers employed in small firms (less than ten
employees), and rural population shares, as well as continuous versions of all six variables. The results
were very similar.

15Since the 2011 census, 101 new districts have been created. Additionally, the Bank does not collect
data individually for the nine districts of the city-state of Delhi. As a result, Delhi, and also the union
territories of Chandigarh and Dadra and Nagar Haveli are automatically dropped during estimation since
they have no within region variation.
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et al., 2021), financial access (Agarwal et al., 2017), and household savings (Bairoliya,

Chanda, and Fang, 2021) among many others.16

We use the survey data to see if household income and expenditures were diferentially af-

fected post-demonetization. Households are interviewed tri-annually about their economic

situation over the previous four months. However, the problem of recall in household sur-

veys is well known. Therefore, we only consider the expenditures and incomes in the most

recent month. To maximize coverage, we use an unbalanced panel which also partly allevi-

ates self-selection issues if one used a balanced panel. To get real measures of income and

expenditures, nominal values deflated by state-level, rural/urban measures of CPI from the

Consumer Price Indices Warehouse provided by the Government of India. The last panel

in Table 1 summarizes the expenditure quintiles based on average monthly expenditures in

2015. The values are listed in hundreds of rupees. The overall mean is Rs. 7818. Using the

PPP exchange rate from 2015, this translates to USD434. The richest quintile has average

monthly expenditures that are about 3.23 times that of the lowest. This may seem a little

low, but we should note that the standard deviation in the top quintile is also very high.

4 Empirical Specification and Results

4.1 Regional (District) Analysis

We begin our analysis by looking at the district level variation covering the period from

January 2015 to April 2018. The starting month provides a reasonable balance between the

length of pre and post periods. For each of the three district characteristics, we create five

quintiles. Figure 2 displays the trajectory of mean value of night time lights for each of these

by quintile. The summary statistics of night lights for each of the quintiles, by period, are

provided in Table 2. The upward shift in the lowest quintile for all three characteristics post

demonetization are fairly apparent. However, as with any difference-in-difference analysis,

one has to be concerned about pre-trends, and in the case of night lights one might also be

worried about reversion to the mean, especially when we are talking about a reduction in

inequality. We deal with some of these issues next, and also in the robustness section.

16Somanchi (2021) highlights some inconsistencies between the data and government surveys, in particu-
lar, noting that the CPHS may be overestimating consumption of the poorest while underestimating their
income. Bairoliya, Chanda, and Fang however, show that the 2014 estimates of consumer expenditures are
similar to that of a 2014 government survey, and the growth is similar to that of private final consumption
expenditures in national accounts statistics. Gupta, Malani, and Woda (2021), in their appendix, also
provide evidence supporting the reliability of CPHS.
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Preliminary Analysis: Testing for Parallel Trends The first step of our analysis is

to establish that district characteristics are not related to pre-trends in nighttime lights.

We show this absence of differential pre-trends in event figures. We plot βq
t for the lowest

quintile (q = 1) from the following estimating equation, using (i.e., omitting) October of

2016 as the base month:

lnLightsit = α +

April2018∑
t=Jan.2015

βq
t

(
Montht × qDC

i

)
+ β′

XXi + γi + γst + ϵit (1)

Equation (1) tests for differential monthly effects of district characteristics by quintile on

nighttime lights relative to the month prior to demonetization, using our baseline speci-

fication that includes district and state-year-month FE and controls for cloud free days,

population, and district geo-climatic differences. The estimation drops the highest quintile

(i.e. β5
t ). Figures 3-5 plot the coefficients for the lowest, β1

t , but as specified in Equation

(1) the lower 4 quintiles are included in estimations.17

Monthly effects of the headcount ratio in Figure 3 show a noisy, but inconsistent associa-

tion with nighttime lights prior to demonetization. Following demonetization in November

2016, however, two patterns emerge. First, districts in the poorest quintile have relative

declines in nighttime lights in the months during and immediately after demonetization

(Nov 2016 to Jan 2017).18 After this initial decline, however, these districts show relative

increases in nighttime lights. Monthly coefficients for the post-demonetization period are

nearly all positive, statistically significant, and larger in magnitude than in any month

during the noisy pre-period, suggesting a clear break following the macroeconomic shock

under study. Despite the various controls, there is some cyclicality that is still observable.

More importantly, the coefficients post-demonetization are consistently positive unlike the

inconsistency in the months prior to demonetization. While Figure 3 documents this clear

upward shift for the poorest districts using the poverty rate, Figures 4 and 5, repeat the

exercise for financial development and 2015 night lights density. In both cases there is a

clear break between the coefficients prior to demonetization, and those from February 2017

onwards.

We next study these during- and post-demonetization effects through difference-in-

differences analysis.

17The control variables are also similar to that of col. (5) of Tables 3, 4, and 5 discussed next. The
pattern is similar when including only district and state-year-month FE.

18The during demonetization decline, however, is similar in magnitude to pre-demonetization declines,
suggesting a potentially spurious immediate decline in nighttime lights following demonetization.
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Short and Medium Term Impacts of Demonetization Our baseline analysis ex-

plores the relative within-district aggregate impacts of demonetization using nighttime

lights. To do so, we estimate district-level difference-in-differences (DiD) in nighttime

lights from variation in district characteristics following the enactment of demonetization

in November of 2016. This is given formally by the following estimating equation:

lnLightsit = α +
5∑

q=1

βq
Dur

(
IDur × qDC

i

)
+

5∑
q=1

βq
Post

(
IPost × qDC

i

)
+ β′

XXi + γi + γst + ϵit

(2)

The base district panel is monthly (t), running from January 2015 to April 2018, and is

comprised of 625 (i) districts. District (γi) and state-year-month (γst) are included in all

specifications, suggesting our coefficient is capturing state-specific within-district variation

over time.19 Our coefficients of interest βq
Dur and βq

Post measure the differential change

to night time lights during and post demonetization by quintiles of district characteristics

(qDC
i ). Equation 2 is repeated for each of the three district characteristics - headcount

ratio, bank accounts per capita, and 2015 nightlight density. As with the event figures, the

highest (most well-off) quintile is dropped. We separately estimate the immediate effect

of demonetization (November and December of 2016) to account for initial disruptions

due to the large reductions in currency and its impacts on transactions.20 Since the main

narrative has been about demonetization having been more harmful to vulnerable groups,

we hypothesize βq
Dur < 0, but in general remain agnostic to the sign, significance, and

magnitude of this coefficient. As argued in the introduction, the raw aggregate data portray

not only the absence of negative economic effects, but a consistent positive effect. Therefore,

and more crucial to our analysis, we hypothesize βq
Post > 0. The dual inclusion of during

and post interactions implies their coefficients are accounting for the relative effect of

demonetization compared to the pre-period of January 2015 to October 2016.

Tables 3 to 5 formally test this idea by estimating equation (2) for each of the three dis-

trict characteristics. All estimations include district and state-year-month fixed effects, and

standard errors are clustered at the district level.21 Column (1) estimates the equationwith

19Our results are not dependent on using state-year-month FE. When using year-month FE, the post-
demonetization increases associated with district characteristics remains roughly similar in magnitude and
statistical significance.

20Note that the event figures suggest January 2017 was also a month with lower economic activity.
However, we do not include January, since official restrictions were lifted at the end of December 2016.

21Appendix Tables C.6-C.8 includes spatially adjusted standard errors for 50km (in parentheses, “( )”)
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just district and state-year-month fixed effects. Columns (2) adds the natural log of cloud

free days. Since lights are strongly correlated with population, column (3) includes the

district-level population (2011 Census). Our final set of controls comprises a large range

of district-level geoclimatic conditions that are included in column (4); these include the

average and standard deviations for land area, temperature, precipitation, malaria ecology,

ruggedness, agricultural land suitability, the average distance to the coast, and indicators

for biomes.22 Both the population controls of column (3) and the geoclimatic controls of

column (4) are time invariant, so to include them in our within-district estimations, we

interact all controls with a during-demonetization indicator and a post-demonetization in-

dicator; this is identical to how our regressors of interest is treated. Doing so allows us

to control for differential post-demonetization trends that may be correlated with district

characteristics. Beyond these variables, it is well known that fluctuations in rainfall has

important effects on economic activity in India. Therefore, in column (4) we also control

for log monthly rainfall, which is time variant.23 All controls are included in column (5).

For all specifications of the three tables, a clear pattern exists: there is a statistically

significant and negative relationship between night time lights and being in the poorest

quintile in the immediate months during demonetization, but this initial negative relation-

ship is offset by a rebounding statistically significant (p < 0.01) positive effect throughout

2017 and early 2018. The positive relationship is not just true for the poorest quintile, but

is also present for the second and third quintiles in the case of headcount ratio. For deposit

accounts and 2015 nightlights, this is true for all four quintiles. From the simple estima-

tion of column (1) to our full baseline model of column (5), there is some reduction in the

estimated coefficient. This is more true for the headcount ratio than the other two. Magni-

tudes are slightly attenuated in column (3) when separately controlling for the pre-period

level of population, but the estimated effects remain statistically significant at the 1% level.

Using the estimates from Table 3 column (5), those districts with in the lowest quintile

experienced a monthly increase in nighttime lights that was roughly 20% greater than any

and 200km (in brackets, “[ ]”) (Hsiang, 2010). Given the close similarity between the district-clustered stan-
dard errors and the standard errors with spatial adjustments, we simply report district-clustered standard
errors.

22All geographic variables are taken from Chanda and Kabiraj (2020), except for the biome indicators
which are calculated from Henderson et al. (2018).

23The monthly rainfall data was webscraped from the Indian Meteorological Department website. About
5% of the sample (district-month) were missing observations. For those that were located in large states,
we used the average of adjoining districts for that month. For districts located in smaller states, we used
the state mean for that month (Jammu and Kashmir, Arunachal Pradesh, Manipur, Meghalaya, Mizoram,
Nagaland, and Sikkim).
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increase in the richest districts.24 Since lights by themselves are difficult to interpret, one

can use estimated measures of elasticity between lights and GDP. In a recent paper, Beyer,

Hu, and Yao (2021) estimate the elasticity of quarterly VIIRS nighttime lights to quarterly

GDP to be 1.55 for emerging markets and developing economies. They note that this is

remarkably stable across different sample checks.25 Applying these estimates to the head-

count ratios, districts in the poorest quintiles experience GDP growth that was 12.5% faster

than those in the richest quintile. The estimated coefficient for districts with the lowest

deposit accounts per capita, 0.237 is quite close to that of the headcount ratios, and the

implied effect for GDP is 15.3%. When considering pre-demonetization nighttime lights in

Table 5, the poorest quintiles had a relative 48% increase following demonetization, corre-

sponding to a 30.8% relative increase in output. The larger estimate for pre-period lights

may simply have to do more with the data exhibiting far more variation than the other

two indicators.

Furthermore, the positive effects following demonetization begin before the implementa-

tion of the Goods and Services Tax (GST) in July 2017. When restricting the post period to

before July 2017, the positive and statistically significant coefficient of IPost×qDC
i remains;

although, the magnitude is slightly lessened for the shorter time frame.

4.2 Household Redistribution

Given that we observe poorer regions having done relatively better post-demonetization, we

now examine whether the same is true for poorer households. Some poor households may

have benefited from money laundering schemes, and others may have benefited from being

paid several months wages in advance (as was anecdotally the case).26 It is also possible

that the rich became more cautious about their spending due to additional uncertainty

regarding further government actions against tax avoidance. We have no clear way to

identify which poor households might have received a transitory income shock, or which

rich households may have changed their behavior. Thus, like in the regional analysis, we

focus on the timing of the aggregate shock, and examine the more general question of

24Effects are relative to the pre-period.
25Commonly referred estimates such as those of Henderson, Storeygard, and Weil (2012), Pinkovskiy

and Sala-i Martin (2016) and Lessmann and Seidel (2017) are based on the older DMSP satellite program
which used an entirely different measurement scale, and reported lower values. Even with the older series,
a more rigorous econometric approach by Hu and Yao (2021) yielded an elasticity of 1.3.

26A large literature has shown larger responses (i.e. marginal propensities to consume) for poorer or
more constrained households (Agarwal, Liu, and Souleles, 2007; Jappelli and Pistaferri, 2014, 2019; Parker,
2017). Of these, only, Jappelli and Pistaferri (2014) consider unexpected income shocks.
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changes in relative expenditures and incomes between different groups.

Since incomes tend to be more volatile then expenditures, we use annual expenditures

during 2015, i.e. a year or more prior to demonetization in November 2016 to create quin-

tiles. Within-household differences in expenditure and income during and after demon-

etization are then compared between the lower four quintiles relative to the top quintile

(i.e., the omitted quintile). Table 6 provides some initial insights via summary statistics of

real expenditures and incomes of different quintiles for separate periods (pre, during and

post demonetization.). Casual inspection indicates that for both monthly expenditures and

incomes, the values went down for richer households during the demonetization but contin-

ued to increase for the poorest quintiles. During the post demonetization months, average

expenditures and incomes went up across most quintiles. The only exception is the richest

quintile whose expenditures remained lower compared to the pre-demonetization period. If

one looks at expenditures during the post-period relative to the pre-period, there is a clear

inverse gradient along the quintiles. Means by quintile for the natural log of real expen-

ditures are also given in Figure 6a. The graph indicates relatively stagnant expenditure

profiles for all the quintiles (with the exception of a hump shaped pattern for the richest)

preceding demonetization. Almost immediately after the event, there is an upward trend

for all groups. Figure 6b displays the corresponding figure for incomes. 27

To formally test the redistribution hypothesis, we estimate the following equation:

ln yit = α +
5∑

q=1

βq
Dur

(
IDur × qHH

i

)
+

5∑
q=1

βq
Post

(
IPost × qHH

i

)
+ β′

XXi + γi + γt + ϵit (3)

Our outcome of interest yit is monthly (t) real expenditures or income for i households

(N= 143,932). While there are a total of 143,932 separate households in our data, the

unbalanced panel implies not all households are present in each month. The number of

households ranges from 108,912 (July 2017) to 129,280 (December 2015).28 Households

are interviewed once every wave (every four months). During the interview they are asked

about their monthly expenditures for each of the previous four months. As is well known,

there are significant recall issues when conducting household surveys. To alleviate such

problems, we only use the most recent month’s information for the dependent variable.

If household i is in the bottom 20% of initial (2015) real expenditures, qHH
1 = 1; if

27Unlike Figure 1c which uses sampling weights to create national estimates, the lines here are unweighted
means within groups.

28We do not restrict our analysis to a fully balanced panel since that might be vulnerable to self-selection.
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household i is in the 20th-40th percentile of either initial measure, then qHH
2 = 1; etc. We

estimate coefficients for the bottom 4 quintiles relative to the top quintile (the omitted,

or base, group) during demonetization (Iduring = 1 for November and December of 2016)

and following demonetization (Ipost = 1 for January 2017-April 2018).29 We also control

for a number of household characteristics. These include an indicator for rural households,

the average years of schooling among adults within the household, the average age of all

household members, the number of school-age children in the household, and indicators

for religion and caste. Some of these are obviously time-variant and others are not. Since

those that are time variant can be endogenous to changed circumstances emanating from

demonetization, we use the 2015 characteristics and interacted them with during and post

indicators. We define adults as those members of the household 25 and older. The number

of school-age children is defined as a count of household members under 16 years of age.

Household fixed effects are included in all regressions (γi), and we sequentially consider

year-month, year-month by state, and year-month by district fixed effects (γt). Standard

errors are clustered at the district level for all estimations.

Expenditures Table 7 displays our base household quintile estimations. Columns (1)-

(3) respectively change time period fixed effects from simple year-month to year-month by

state and year-month by district. Column (4) includes a number of family size fixed effects

to the estimates of column (3). Finally, column (5) adds a number of static household

characteristics (measured the wave prior to demonetization and interacted with during-

and post-demonetization indicators).30 All coefficients on the lower 4 quintiles are positive

and significant at the 1% level both during and after demonetization. The magnitudes

are also stable across each specification and estimated differences between quintiles are

statistically significant. This suggests that relative to the top quintile, the lower quintiles

had gains in expenditures during and after demonetization. The during demonetization

effect, however, is somewhat misleading. As noted earlier the lowest quintiles had increases

in expenditures, while the higher quintiles had decreases. Therefore, the positive during

demonetization coefficients of Table 7 are accounting for relative increases or smaller relative

declines among the four lower quintiles compared to that of the top quintile. In contrast,

29Appendix B considers an alternative specification in which the middle three quintiles comprise the
omitted group.

30As stated earlier, the household characteristics include an indicator for rural households, the house-
hold’s years of schooling, the household’s mean age, the number of children in the household, and indicators
for religion and caste.
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there is a clear increase in expenditures following demonetization, and this increase is

relatively larger for those households that initially had lower expenditures. As one moves

from column (1) to (5), the relative increases become larger in magnitude. Compared

to their pre-demonetization values, the poorest quintile experienced a 35% increase in

expenditures relative to the rich. While the addition of numerous fixed effects, leads to

more precise estimates, one might also be worried about over controlling. However, even the

parsimonious specification in column (1) suggests a 22% increase in relative expenditures.

Furthermore, the magnitude increases for the lower quintiles–i.e., the effect for quintile 1 is

statistically larger than quintile 2, which in turn is statistically larger than that for quintile

3, etc. In other words, relative to the top quintile, poorer households are increasing their

expenditures more than richer households. This finding, while not definitive, is suggestive

of some redistributive effect from richer to poorer households.

We should also note that, even though we do not distinguish between rural and urban

areas in our quintile indicators, the composition of the quintiles reflect underlying differ-

ences. While the first quintile is evenly divided between rural and urban households, the

fifth has less than 10% from rural areas.31 As with our regional analysis, we also check

that the relative increases in expenditures are tied to demonetization and not before that.

Figure 7, provides support for that. While there is some indication that poorer households

might have experienced higher expenditures a couple of months before demonetization,

that appears to be more of a sampling anomaly. The overall consistency during and post

demonetization is quite evident.32

Income If the redistribution hypothesis is correct for the medium term, then we should

also observe this in household income. It would be unusual to observe eighteen months

of rising relative expenditures, without increases in reported income. Table 8 formally

tests the relative effect of quintiles (omitting the top quintile) on the natural log of in-

come both during and after demonetization; columns mirror those in Table 7. We see

very similar effects as with expenditures: relative increases of the lower 4 quintiles during

demonetization–due to the larger relative decline of the top quintile in Figure 6b, followed

by statistically significant relative increases in the natural log of income in the 16 months

31In any case, with rural/urban during and post fixed effects also included in column 5, this distinction
is moot.

32Earlier, we also investigated various categories of expenditures. In general, larger increases in con-
sumption were also true for a range of categories including both discretionary and non-discretionary items.
Results are available upon request.
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after demonetization. Again, this effect is largest for those in the bottom quintile, statisti-

cally so for the post-demonetization period.

The month-by-month effects of column (5) of Table 8 are plotted (relative to October

2016) in Figure 8. As with expenditures, there is a slight increase of the lowest quintile

relative to the top in the September of 2016, otherwise, there are no months that show

significantly higher relative incomes in the pre-period. In the post-demonetization period,

however, there is a consistent positive effect on the natural log of income.

Taken together the relative increase in expenditures and incomes from poorer households

is suggestive of some form of redistribution, that can explain why aggregate output was

not more adversely affected following demonetization.

5 Robustness

While the previous section presented the results with rigorous controls, one might still

be concerned about redistribution picking up other effects such as a more general trend

towards convergence. In this section, we address these issues. All the tables in this section

are included in the online appendix.

5.1 Placebo Tests and Pre-Trends

Alternative Timing Tables A.1-A.5 re-estimate our baseline findings of for both re-

gional and household outcomes, but shifts the treatment date one year early to November

of 2015, and ends the period of analysis at October 2016. This shift generally causes all

significant estimates to dissipate for district level nighttime lights. The decline during

demonetization is only present for the lowest quintile when we use 2015 night lights as

a district initial condition (Table A.3). Crucially, the post-demonetization estimates are

all statistically insignificant and if anything for the poorest quintile is also negative in the

same Table. Given that demonetization is considered to be a true macroeconomic shock,

it is no surprise that the true date of the treatment is associated with changes to nighttime

lights. This is also reassuring since it rules out the possibility of any electrification policy

related shift.33

33The Indian government embarked on two major rural electrification programs, with the first beginning
in 2005, and second starting in 2015. The former related to extensive electrification covering almost all
villages by 2015, while the second was intensive electrification. See Nhalur, Josey, and Mandal (2018) for a
useful discussion. Figure (3) in their paper clearly shows a dramatic resumption of household connections
beginning in 2015-16, and was thus well underway before demonetization.
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For household expenditures (Table A.4), we still see some negative effects during Nov/Dec

2015, but again the post-demonetization effects are absent. For household incomes, the dur-

ing demonetization effects while marginally significant in the fully saturated estimation, are

not conclusive of anything. The placebo effects are still present, but compared to Table 8

are highly attenuated. For the lowest quintile, the magnitude is now 0.055 compared to

0.187 previously.

Robustness to Pre-trends Although pre-trends in nighttime lights appear to be absent

in Figures 3-5, Table A.6 controls for the average monthly pre-demonetization (i.e., January

2014-October 2016) growth rate in nighttime lights. As with other controls, this district-

level mean growth rate is interacted with during and post-demonetization indicators, and

all estimations of Table A.6 include the baseline set of controls given by column (5) of

Tables 3- 5. This direct controlling of pre-trends does not alter our coefficients of interest.

Tables A.7-A.8 repeat this exercise for the household sample. Given our focus expendi-

tures and income, we piecemeal include average monthly growth rates for both expenditures

and income: column (1) of Tables A.7-A.8 includes a control for mean pre-demonetization

expenditure growth, column (2) includes an identical control for mean pre-demonetization

income growth, and column (3) includes both pre-demonetization growth rates. As with

the district-level estimates, these additional pre-trend controls do not substantially alter

our estimates.

5.2 Continuous Variables and Other Quintiles

We have chosen to divide both districts and households into quintiles as a way to assess

the redistributive effects. While using quintiles is common in the household income distri-

bution literature, it may not be as relevant for regional inequality. To ensure that neither

set of results hinges on using quintiles, the next exercises re-estimate the specification but

uses continuous variation. The results are presented in appendix tables B.1-B.3 for the

regional analysis. As is evident, the results still continue to hold. More specifically, dis-

tricts that had lower poverty rates, more bank accounts per capita, and greater night light

density did worse post-demonetization. With the continuous variables, we also see that

the effect was the opposite during demonetization. Tables B.4 and B.5 repeat the exercise

for households. We continue to see that richer households tend to perform relatively worse

post demonetization. The during demonetization coefficient also has a negative sign. This

is not surprising based on what we already learned from the summary statistics in Table 6
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and the baseline quintile estimates.

It is also of interest to check whether it’s really the poorest (1st) quintiles that have

performed better, or it is the richest (5th) that is doing worse compared to the rest with no

meaningful differences between the first four. While the pattern in the coefficient sizes going

from the first to the fourth quintile is evident, we investigate this further by estimating

the effects for the first and fifth quintile relative to the ones in the middle. The results for

nightlights are presented in Tables B.6-B.8. In the case of poverty rates, we can see that it

was the effects are really present for the poorest quintile, though with bank accounts and

initial lights, we see that both the poorest did better, and the richest did worse. Tables B.9

and B.10 repeat the exercise for households. We see that both the poorest had relatively

better outcomes, while the rich had relatively worse outcomes.

5.3 Additional Robustness Tests for Nightlights

The remaining robustness exercises are focused on specific aspects of nighttime lights.

Intensive Margin First, as is evident from Figure 1b, there is considerable variation

in nightlight activity despite adjusting for month effects and cloud free days. This un-

usual variation is well noted in the remote sensing literature (Elvidge et al., 2021), and is

attributed to ephemeral lights. Elvidge et al. present an algorithm to remove ephemeral

outliers incorporating monthly data from several years of lights. This corrected data (known

as version V.2) is only available on an annual basis. We use the 2015 V.2 annual data to

create a mask using pixels of only lit areas during that year. We then track only these lit

areas for the months in our study. In other words, we follow the intensive margin rather

than the extensive margin. The results are presented in Tables C.1 to C.3. Our main

result- that poorer districts experienced a larger increase in nightlights post demonetiza-

tion remains, even though the coefficients are smaller in magnitude. Interestingly, it is the

negative effects during the two demonetization months that are no longer present.

Spatial Spillovers and Correlated Errors Third, we consider spatial aspects. First,

we look at spatial spillovers. In reality, since we are looking at a simultaneous nationwide

shock, it is quite likely that districts which were affected less adversely than others, or even

beneficially, may partly be a function of what happened in adjoining districts (e.g. money

laundering may have involved neighboring rural districts or large urban ones). This means

that the outcomes of one district are not independent of outcomes in neighboring districts
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(over and above any usual spillovers), in other words the results are vulnerable to SUTVA

(Stable Unit Treatment Value Assumption) violations. To allay these doubts, we present

some results based on neighboring district characteristics. When considering spatial lags in

district well-being measures to measure potential spillovers, we see no evidence of indirect

effects, suggesting spillovers are not driving our findings. These results are presented in

Tables C.4 and C.5, which show no statistically significant indirect effects. Using two

ways to measure spillovers–contiguous districts and inverse distance weighting–we see no

statistically significant indirect effects for all three district well-being measures, suggesting

district spillovers are not driving our findings.

We also re-estimate the basic specification but cluster standard errors using Conley

standard errors (Appendix Tables C.6-C.8). These standard errors, however, are mostly

inline with our baseline district-clustered standard errors and do not change statistical

significance for any estimated coefficients.

To conclude this section, the findings of redistribution at both the district and household

level continue to withstand a range of robustness checks.

6 Discussion

The previous analysis has emphasized the redistributive nature of demonetization. In this

section, we conduct additional explorations into some specific aspects of events surround-

ing demonetization, particularly for different districts. More specifically, we look at district

level deposit growth during the demonetization period and shortly after, as well as em-

ployment through the rural employment guarantee scheme. Second, we also revisit income

data for households and explore the main source of income growth. It turns out that most

of the income growth seems to comprise of growth in wages and private transfers.

Deposit Growth To what extent were poorer districts exposed to the demonetization

shock relative to richer ones? By its very nature, demonetization required the deposit of

large value currency notes. A proximate measure of the “intensity” of treatment, at the

district level, is deposit growth. Districts that were more reliant on large currency notes

are more likely to experience a large growth in deposits during the last two months of

demonetization. It is not apparent ex-ante that these should be the poorest districts, and

is largely an empirical question. The relationship could run both ways. All else equal,

poorer districts, especially the poorest, may have lesser reliance on large value currency
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notes, and thus may not see a large increase in deposit growth. Moreover, if a portion

(even if it was as low as 12%) of undeclared wealth lying around was cash, this was more

likely to be salient in urban areas, and not poorer rural areas. Both of these factors would

lead to larger deposit growth in urban areas. However, spatial variation in cash shortage

could also be driven by policy. The government might have been more responsive to the

needs of wealthier districts in replenishing cash with new currency notes, making the net

growth in deposits in urban areas lower. Furthermore, in an effort to punish those with

unaccounted cash, the government introduced additional rules regarding the amount of

discontinued currency that could be deposited into a bank account. In other words, even

if black money was more prevalent in urban districts, it would be laundered and deposited

in other areas.34

To gain further insight, we take a look at quarterly deposit data publicly available from

the Reserve Bank’s website.35 We calculate the percentage change in total deposits between

the end of the fourth quarter of 2016 and end of the third quarter of 2016. This captures

deposit growth during the last quarter of 2016, of which almost two months, November

and December, were the demonetization period. The percentage change is the net growth

in deposits. If an account holder deposited a certain amount in old currency and replaced

it with new currency, the growth in deposits would be zero. In reality, due to the severe

restrictions in place, the amount of currency in circulation during those two months fell

dramatically to almost half of its pre-demonetization level, leading to large variations in

deposit growth across districts.36 For our research, an important advantage of looking at

deposit growth, is that it allows us to “follow the money”. This stems from the nature of

branch banking in India. As a hypothetical example, consider a migrant worker in New

Delhi. Usually, the worker makes monthly deposits in the Delhi branch to remit money

into an account that is located at their home district. In other words, this would lead to

deposit growth in the migrant’s origin district, and not Delhi. Thus it helps us examine

34While we use deposit growth, others such as Chodorow-Reich et al. (2020) have used confidential data
to create a measure of note shortage. We are less interested in note shortage per se, and in any case this
data is unavailable to us. Crouzet, Gupta, and Mezzanotti (2018) use a combination of deposit growth
and the location of currency chests in banks to create their measure of note shortage. Currency chests
are located at approximately 4100 bank branches across the country spanning almost all districts. As the
name suggests, they are equipped to handle cash management. This is less useful for us since our data is
at the district level already.

35Statement 4A of the Quarterly Statistics on Deposits and Credit of Scheduled Commercial Banks.
Total deposits usually reflect values for the last day of the quarter.

36Initially, daily cash withdrawals were restricted to INR 10,000 (US$150) per day with a weekly limit
of 20,000.
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the economic activity of regions where the money was finally deposited.

Figure 9a displays the time series of the unweighted mean of the district deposit growth

after subtracting the five year (2011-15) average for that district-quarter.37 Figure 9b

provides a glimpse of the spatial variation of the same growth rate for the demonetization

quarter. At the upper end of the distribution, there were many districts recording more

than 30% growth in deposits. An unusually large share of these belong to the northeast

states of India, particularly, Nagaland and Manipur. This should not come as a surprise for

those closely following developments in India during that time. The news media reported

that the area has many districts that are officially “scheduled tribes” designated populations

who benefit from income tax exemptions. This made them an important conduit for money

laundering with reports of chartered planes flying in with cash from districts close to New

Delhi (Sen, 2016). Other than the northeast, one can see another bunching of districts in

the north central and north-west part of the country. This includes the state of Rajasthan,

western portions of Uttar Pradesh, and western districts of Madhya Pradesh. These are

mostly high poverty districts. The southern states exhibit low deposit growth. Lastly, a

cluster of poor districts in east-central area (Eastern Uttar Pradesh, Bihar, Jharkhand,

Chattisgarh) exhibit low or average deposit growth.

There are also least a dozen districts that experienced declines during that time period.

These are concentrated in metropolitan areas. Particularly striking are Mumbai (-16%) and

Suburban Mumbai (-2%). Chennai also experienced a decline of -0.4%. More generally, at

the lower end of the distribution we see a predominance of other major urban areas such as

Bengaluru, Delhi, Hyderabad, Kolkata, etc. The fact that these are all urban areas could

mean that there was less dependence on cash to begin with. It is also possible that a large

chunk of the undeclared cash was redirected to adjoining rural districts or to other parts

of the country. It is also likely that Reserve Bank was more responsive, consciously or not,

to the cash needs in these places which facilitated greater withdrawals compared to the

rest of the country (though that would struggle to explain a decline given the restrictions

in place). To summarize, we observe that urban (i.e. richer) districts experiencing low

deposit growth but quite a bit of variation among rural/poor districts. We investigate this

relationship more thoroughly in the next Table.

Column 1 of Table 9 displays the cross-district estimates of regressing demonetization-

led deposit growth on the quintiles of pre-demonetization district characteristics. Each

panel in column 1 is a separate regression. All regressions include state fixed effects, 2011

37For each district-quarter we calculate: ln
(

deposity,q

deposity,q−1

)
− 1

5

∑2015
y=2011 ln

(
deposity,q

deposity,q−1

)
.
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district population, and geoclimatic controls. Much like the baseline specifications, one

can see a statistically strong relationship between deposit growth and the lower quintiles.

This in itself may not be surprising, but would also be immaterial if these deposits were

withdrawn over the first three months of 2017 when cash was replenished at greater rates.

In column 2, we consider the six month deposit growth (i.e from Oct 2016 to March 2017).

We continue to see a statistically strong association between the various quintiles and

deposit growth, with the coefficient being larger for the lower quintiles. In column (3), we

consider the possibility that this relationship might be true for deposit growth in general,

and not particular to demonetization. Therefore, we use deposit growth for an extended

pre-demonetization period (from Jan 2014 to Sept 2016) and examine its relationship with

the pre-demonetization district characteristics. For poverty rates and night lights, the

relationship is absent. In other words, these characteristics are associated with deposit

growth only during the demonetization episode. However, for financial development, we

see a relationship that pre-dates demonetization. Note, however, that the magnitudes for

all four quintiles are similar, though much smaller compared to columns 1 and 2. We are

not surprised to see significant coefficients. The period 2014-2016 coincided with a major

government initiative for financial inclusion leading to the opening of more than 250 million

plus bank accounts (Agarwal et al., 2017). The magnitude of the coefficient is similar across

the four quintiles unlike what we see after demonetization.

Overall, there are some broad conclusions we can draw. Clearly, deposit growth was

stronger for the poorest quintiles during demonetization, and this lasted well into the first

quarter of the following year. In other words, this was not followed by an immediate

reversal as soon as more cash was available. To the extent that this increase in deposit was

partly driven by money laundering, it can explain higher growth. However, there are other

potential channels as well. For example, this growth in deposits might have been associated

with increased adoption of digital payments that could have led to more transactions, and

increased economic activity. Another possibility is credit increases associated with deposit

growth. We explored this and found limited support by using credit as an outcome instead

of nightlights. The results are included in appendix Tables E.1-E.3. While there is some

evidence that credit increased for the poorest quintiles (but not according to the 2015

nightlight specification), overall its not convincing.

During the two months of demonetization, the disruption created to daily lives, and the

loss of income led the government to, ironically, re-invigorate a large scale rural workfare

program, National Rural Employment Guarantee Act, that it had previously begun to de-
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emphasize. An increase in economic activity might be less a function of deposits or informal

redistribution, but more formal redistribution, if the government channeled funds through

this program.38 In column (4) we examine the relationship between growth in number of

jobcards funded by NREGA (a common indicator), and district characteristics. There is

no evidence of any relationship.

Sources of Household Income Growth Table 10 extends the household analysis and

looks at the various components of household income. The CPHS provides information on a

number of different sources of household income. Here we explore a few that are likely to be

more relevant in understanding income growth in the context of demonetization - wages,

business income, direct government transfers, private transfers, and imputed income.39.

Appendix Tables D.1 and D.2 provide summary statistics regarding these various income

sources.

Wages (column 1) and private transfers (column 2) are clearly the two components that

seem to be driving the larger relative increases for the lower quintiles. The increases in

wages support the notion that there was an overall longer lasting effect benefiting these

groups. The same is true of private transfers, which are usually remittances, and point to

increased economic activity not just in their local regions, but elsewhere as well. Business

income on the other hand seems to have favored the higher quintiles. Taken together, the

rise in wages for the lower quintiles vs rise in business incomes for the higher quintiles can be

taken as a sign that the those in the former moved into more formal employment and while

those in the higher quintiles were more likely to form these businesses. Nevertheless the

relative divergence also masks large absolute increases across the groups. This is apparent

from the summary statistics. Indeed, the lowest quintile experienced substantial increases

in business income. It increased at a rate far greater than any other category. To put

it differently, wages, business incomes and private transfers all increased substantially for

the lowest quintiles. Lastly, direct government transfers and imputed income are not as

informative. Both the relative increases and absolute increases were low. This further

dilutes a government transfer driven story relative to other possibilities of multiplier effects

from laundering or formalization.

38On the relationship between NREGA and district level economic activity, see Cook and Shah (2020).
39The remaining categories include rent, sale of assets, lotteries and gambling, pension, dividends, and

interest income. Imputed income includes agricultural production for self consumption, as well as goods
taken from household owned convenience store, or food from self-owned restaurants.
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7 Conclusion

If there is one thing that is clear from our analysis, it is that the medium term effects

of India’s demonetization experiment were quite different, if not the polar opposite of the

short run disruption. Using night light data for districts, we find that initial chaos from

the shock led to temporary relative reductions in regional economic activity. Throughout

2017 and early 2018, the initial declines were overcome and surpassed by increases in

economic activity, as captured by nighttime lights. The redistributive effect is robust to

many specifications and controls. In addition to showing a decline in regional inequality,

we corroborate our analysis by looking at a panel of household incomes and expenditures.

Here too, we show that the households in the poorest expenditure quintiles experienced

larger increases post demonetization (in fact, also during demonetization.).

While our evidence for redistribution is strong, much more research needs to be done to

evaluate the specific channels discussed here, and perhaps even unearth ones not mentioned

here. What is clear though, the increase can hardly be attributed to the avowed gains from

demonetization. While the government might have counted on large scale wealth shocks

(and our research seems to indicates there is reason to believe some costs were imposed),

increased tax base, and reduction in counterfeit currency, the evidence indicates that the

effects of these, at least at the time of writing were minimal. At the same time the research

here highlights some unexpected ways the gamble may have paid off in terms of subsequent

electoral fortunes. Even though black money was not eradicated, the combination of send-

ing a strong message where the poor could clearly observe wealthier households panicking

to save their undeclared wealth, and also indirectly benefiting from this laundering process

may have worked in favor of the government.
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Tables and Figures

(a) Real GDP and Components (b) Nighttime Lights

(c) Household Real Incomes and
Expenditures

Figure 1: Economic Trends around Demonetization

Summary & Notes: This figure plots (a) real GDP and components after removing quarter

effects and normalizing to the demonetization quarter (Q4, 2016), (b) monthly nighttime

lights–demeaned by individual month effects and cloud free days, and (c) household real income

and expenditures (Consumer Pyramids). All figures show relatively small-to-nonexistent declines

in economic activity from demonetization followed by substantial increases in the medium term.
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Table 1: Summary Statistics of Pre-Demonetization Indicators

Variable Obs. Mean Std Deviation Min Max

Poverty Headcount Ratio (HCR), 2015 625 28.50 17.93 0.11 76.45

Quintile 1 125 55.20 7.01 45.52 76.45

Quintile 2 124 39.05 3.51 33.09 45.40

Quintile 3 127 27.30 3.30 21.46 33.01

Quintile 4 126 15.01 3.13 10.46 21.40

Quintile 5 123 5.81 2.93 0.11 10.39

Bank Accounts per Capita, 2014 613 0.92 0.49 0.12 4.22

Quintile 1 122 0.45 0.11 0.12 0.58

Quintile 2 124 0.65 0.04 0.58 0.72

Quintile 3 123 0.80 0.05 0.72 0.89

Quintile 4 124 1.04 0.09 0.89 1.20

Quintile 5 120 1.66 0.58 1.21 4.22

ln Nighttime Light Density, 2015 625 0.66 1.41 -6.63 5.61

Quintile 1 125 -1.38 1.31 -6.63 -0.09

Quintile 2 124 0.26 0.18 -0.09 0.54

Quintile 3 126 0.78 0.14 0.54 1.03

Quintile 4 125 1.32 0.18 1.03 1.61

Quintile 5 125 2.34 0.78 1.62 5.61

Avg. Monthly Real Expenditures, 2015 143,932 78.18 39.73 0 2909.75

Quintile 1 28,605 42.23 7.11 0 51.34

Quintile 2 29,620 57.77 3.66 51.34 64.08

Quintile 3 29,554 70.68 3.93 64.08 77.81

Quintile 4 28,999 87.49 6.30 77.81 99.84

Quintile 5 27,154 136.52 53.52 99.84 2909.75

Summary & Notes: This table provides summary statistics for the measures used to
determine pre-demonetization district and household well-being. For poverty head count ratio,
note that a larger value represents a greater fraction of impoverished households, so quintiles are
inverted to be inline with other measures; in other words, a higher poverty HCR is associated
with poorer districts, which is reflected in the quintiles. Household expenditures are listed in
hundreds of rupees. The PPP exchange rate for 2015 was 1USD=18.2INR
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Table 2: Monthly Nighttime Lights by Pre-Demonetization Quintiles
and Time

All Periods Pre During Post
Jan. 2015 - Jan. 2015 - Nov. 2016 - Jan. 2017 -
Apr. 2018 Oct. 2016 Dec. 2016 Apr. 2018

ln Monthly Nighttime Lights 1.22 1.06 1.04 1.47
(0.96) (1.01) (1.17) (0.79)

By Pre-demonetization Poverty HCR Quintiles:

Quintile 1 0.96 0.75 0.78 1.27
(0.69) (0.68) (0.93) (0.53)

Quintile 2 1.17 0.99 1.07 1.44
(0.75) (0.76) (0.98) (0.60)

Quintile 3 1.08 0.92 0.87 1.35
(0.91) (0.97) (1.21) (0.69)

Quintile 4 1.21 1.08 0.99 1.42
(0.94) (1.00) (1.10) (0.78)

Quintile 5 1.70 1.60 1.51 1.86
(1.25) (1.32) (1.44) (1.10)

By Pre-demonetization Bank Accounts per Capita Quintiles:

Quintile 1 0.72 0.50 0.35 1.07
(0.86) (0.88) (1.24) (0.62)

Quintile 2 0.99 0.80 0.84 1.27
(0.77) (0.81) (0.90) (0.60)

Quintile 3 1.17 1.00 1.04 1.43
(0.77) (0.81) (0.97) (0.60)

Quintile 4 1.46 1.34 1.34 1.63
(0.79) (0.83) (0.91) (0.67)

Quintile 5 1.79 1.70 1.66 1.94
(1.20) (1.24) (1.35) (1.10)

By Pre-demonetization Nighttime Lights Quintiles:

Quintile 1 0.16 -0.10 -0.58 0.60
(0.74) (0.73) (0.85) (0.46)

Quintile 2 0.83 0.63 0.64 1.12
(0.50) (0.50) (0.34) (0.36)

Quintile 3 1.17 1.02 1.12 1.40
(0.40) (0.39) (0.32) (0.30)

Quintile 4 1.57 1.45 1.56 1.73
(0.40) (0.43) (0.33) (0.30)

Quintile 5 2.43 2.35 2.51 2.51
(0.80) (0.83) (0.78) (0.77)

Summary & Notes: This table provides average montly ln nighttime light density for the 3
periods of interest–pre-demonetization, during demonetization, and post-demonetization by
district quintiles. Compared to the pre-period, note the general decline in nighttime lights
during demonetization followed by increasing nighttime lights.

34



8.
5

9
9.

5
10

M
ea

n 
ln

 N
ig

ht
tim

e 
Li

gh
ts

Jan. 2015 Jan. 2016 Jan. 2017 Jan. 2018
Year-month

Quintile 1 Quintile 2
Quintile 3 Quintile 4
Quintile 5

(a) Headcount Ratio (2015-16)

8
8.

5
9

9.
5

10
M

ea
n 

ln
 N

ig
ht

tim
e 

Li
gh

ts

Jan. 2015 Jan. 2016 Jan. 2017 Jan. 2018
Year-month

Quintile 1 Quintile 2
Quintile 3 Quintile 4
Quintile 5

(b) Deposit Accts. per capita (2014)
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(c) Night Light Density (2015)

Figure 2: Nighttime Lights by Quintiles of Pre-Demonetization
District Characteristics

Summary & Notes: The figures plot the behavior of mean log of monthly nightime lights for
districts within each quintile. Quintiles were created based on the three district characteristics.
Headcount ratio is from Alkire, Oldiges, and Kanagaratnam (2021). Mean log deposit accounts
per capita comes from Reserve Bank of India. Night light density (2015) refers to the 2015 v2
annual average masked measure from Elvidge et al. (2021) divided by land area.
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Figure 3: Event Figure- Lowest Quintile, HCR

Summary & Notes: This figure plots the relationship between the 2015/16 headcount ratio and
nighttime lights by month, omitting the period prior to demonetization (Oct. 2016). Additional controls
are same as in col. (5) of Table 3. No clear relationship exists prior to demonetization; during
demonetization a negative coefficient is estimated; and after demonetization a general positive
relationship is seen.
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Figure 4: Event Figure- Lowest Quintile, Deposit Accounts per Capita

Summary & Notes: This figure plots the relationship between deposit account per capita and nighttime
lights by month, omitting the period prior to demonetization (Oct. 2016). Additional controls are same
as in col. (5) of Table 4. No clear relationship exists prior to demonetization; during demonetization a
negative coefficient is estimated; and after demonetization a general positive relationships is seen.
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Figure 5: Event Figure- Lowest Quintile, 2015 Annual Nighttime
Light Density

Summary & Notes: This figure plots the relationship between the 2015 log annual nighttime light
density (v2) and nighttime lights by month, omitting the period prior to demonetization (Oct. 2016).
Additional controls are same as in col. (5) of Table 5. No clear relationship exists prior to
demonetization; during demonetization a negative coefficient is estimated; and after demonetization a
general positive relationships is seen.
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Table 3: Change in Nighttime Lights by Preperiod Poverty HCR

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Pre-demonetization (2015) Poverty Headcount Ratio
Quintile 1 -0.368∗∗∗ -0.364∗∗∗ -0.256∗∗∗ -0.341∗∗∗ -0.220∗∗∗

(0.052) (0.053) (0.055) (0.054) (0.055)

Quintile 2 -0.256∗∗∗ -0.245∗∗∗ -0.149∗∗∗ -0.237∗∗∗ -0.133∗∗

(0.048) (0.049) (0.053) (0.050) (0.054)

Quintile 3 -0.143∗∗∗ -0.139∗∗∗ -0.068 -0.155∗∗∗ -0.076
(0.043) (0.043) (0.046) (0.044) (0.047)

Quintile 4 -0.119∗∗∗ -0.109∗∗∗ -0.054 -0.098∗∗ -0.033
(0.036) (0.036) (0.038) (0.039) (0.039)

IPost×Pre-demonetization (2015) Poverty Headcount Ratio
Quintile 1 0.300∗∗∗ 0.291∗∗∗ 0.229∗∗∗ 0.272∗∗∗ 0.193∗∗∗

(0.033) (0.033) (0.035) (0.029) (0.030)

Quintile 2 0.191∗∗∗ 0.184∗∗∗ 0.128∗∗∗ 0.180∗∗∗ 0.113∗∗∗

(0.032) (0.032) (0.033) (0.028) (0.030)

Quintile 3 0.124∗∗∗ 0.119∗∗∗ 0.078∗∗∗ 0.110∗∗∗ 0.058∗∗

(0.028) (0.028) (0.028) (0.024) (0.024)

Quintile 4 0.064∗∗∗ 0.063∗∗∗ 0.031 0.052∗∗ 0.010
(0.024) (0.024) (0.024) (0.021) (0.019)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 25,000 25,000 25,000 25,000 25,000
r2 0.945 0.949 0.950 0.950 0.951

Summary & Notes: This table represents our baseline estimation for the pre-demonetization
poverty headcount ratio. Poorest to richest districts from poverty HCR are given respectively by
quintile 1-5 with quintile 5 being the omitted group. Note the larger decline for poorer districts
immediately following demonetization–i.e., IDuring = 1 for November and December
2016–followed by a relatively larger post-demonetization gain in nighttime lights–IPost = 1 for
January 2017 till April 2018. Geoclimatic controls include the district-level mean and standard
deviation of agricultural suitability, precipitation, temperature, malaria suitability; and mean of
ruggedness, area, coastal land, and indicators for each biome. Time invariant controls are
interacted with IDuring and IPost. Standard errors are clustered by district. Statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table 4: Change in Nighttime Lights by Pre-period Bank Accounts
per Capita

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Bank Accounts per Capita

Quintile 1 -0.220∗∗∗ -0.222∗∗∗ -0.156∗∗∗ -0.249∗∗∗ -0.185∗∗∗

(0.053) (0.054) (0.056) (0.050) (0.053)

Quintile 2 -0.121∗∗∗ -0.135∗∗∗ -0.075∗ -0.163∗∗∗ -0.106∗∗

(0.041) (0.042) (0.043) (0.041) (0.043)

Quintile 3 -0.112∗∗∗ -0.120∗∗∗ -0.073∗ -0.124∗∗∗ -0.078∗∗

(0.036) (0.037) (0.038) (0.038) (0.039)

Quintile 4 -0.040 -0.045 -0.028 -0.052∗ -0.040
(0.029) (0.029) (0.029) (0.031) (0.031)

IPost×Bank Accounts per Capita
Quintile 1 0.267∗∗∗ 0.268∗∗∗ 0.233∗∗∗ 0.275∗∗∗ 0.237∗∗∗

(0.030) (0.030) (0.031) (0.026) (0.027)

Quintile 2 0.208∗∗∗ 0.206∗∗∗ 0.175∗∗∗ 0.216∗∗∗ 0.182∗∗∗

(0.026) (0.026) (0.028) (0.023) (0.024)

Quintile 3 0.130∗∗∗ 0.127∗∗∗ 0.102∗∗∗ 0.136∗∗∗ 0.109∗∗∗

(0.026) (0.026) (0.026) (0.022) (0.022)

Quintile 4 0.048∗∗ 0.047∗∗ 0.039∗ 0.053∗∗∗ 0.046∗∗∗

(0.021) (0.021) (0.020) (0.018) (0.017)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 613 613 613 613 613
Months 40 40 40 40 40

Observations 24,520 24,520 24,520 24,520 24,520
r2 0.946 0.949 0.950 0.951 0.952

Summary & Notes: This table replicates Table 3, replacing quintiles derived from the poverty
HCR with quintiles from pre-demonetization bank accounts per capita. Results remain
qualitatively similar: larger declines for poorer districts during demonetization followed by a
relatively larger increases. Geoclimatic controls include the district-level mean and standard
deviation of agricultural suitability, precipitation, temperature, malaria suitability; and mean of
ruggedness, area, coastal land, and indicators for each biome. Time invariant controls are
interacted with IDuring and IPost. Standard errors are clustered by district. Statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table 5: Change in Nighttime Lights by Pre-period Nighttime Lights

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Pre-demonetization (2015) Nighttime Lights
Quintile 1 -0.528∗∗∗ -0.528∗∗∗ -0.477∗∗∗ -0.501∗∗∗ -0.432∗∗∗

(0.042) (0.042) (0.043) (0.047) (0.048)

Quintile 2 -0.159∗∗∗ -0.159∗∗∗ -0.113∗∗∗ -0.145∗∗∗ -0.088∗∗∗

(0.024) (0.024) (0.027) (0.025) (0.029)

Quintile 3 -0.075∗∗∗ -0.075∗∗∗ -0.040 -0.070∗∗∗ -0.024
(0.024) (0.024) (0.026) (0.023) (0.026)

Quintile 4 -0.040∗ -0.040∗ -0.015 -0.029 0.002
(0.021) (0.021) (0.023) (0.020) (0.022)

IPost×Pre-demonetization (2015) Nighttime Lights
Quintile 1 0.489∗∗∗ 0.489∗∗∗ 0.493∗∗∗ 0.477∗∗∗ 0.478∗∗∗

(0.021) (0.021) (0.023) (0.022) (0.025)

Quintile 2 0.313∗∗∗ 0.313∗∗∗ 0.316∗∗∗ 0.314∗∗∗ 0.315∗∗∗

(0.016) (0.016) (0.018) (0.017) (0.019)

Quintile 3 0.216∗∗∗ 0.216∗∗∗ 0.218∗∗∗ 0.217∗∗∗ 0.217∗∗∗

(0.016) (0.016) (0.017) (0.015) (0.017)

Quintile 4 0.119∗∗∗ 0.119∗∗∗ 0.120∗∗∗ 0.121∗∗∗ 0.122∗∗∗

(0.015) (0.015) (0.016) (0.014) (0.015)

[.25em] Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 25,000 25,000 25,000 25,000 25,000
r2 0.938 0.938 0.938 0.939 0.939

Summary & Notes: This table replicates Table 3, replacing quintiles derived from the poverty
HCR with quintiles from pre-demonetization ln nighttime light density. Results remain
qualitatively similar: larger declines for poorer districts during demonetization followed by a
relatively larger increases. Geoclimatic controls include the district-level mean and standard
deviation of agricultural suitability, precipitation, temperature, malaria suitability; and mean of
ruggedness, area, coastal land, and indicators for each biome. Time invariant controls are
interacted with IDuring and IPost. Standard errors are clustered by district. Statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table 6: Monthly Household Expenditures and Income
by Pre-Demonetization Expenditure Quintiles and Time

All Periods Pre During Post
Jan. 2015 - Jan. 2015 - Nov. 2016 - Jan. 2017 -
Apr. 2018 Oct. 2016 Dec. 2016 Apr. 2018

Monthly Real Expenditures (in 100s of |) 80.57 78.02 74.00 85.17
(56.25) (53.73) (48.16) (60.36)

By initial expenditure quintiles:

Quintile 1 49.30 44.48 47.54 56.59
(32.77) (19.85) (22.95) (45.32)

Quintile 2 63.96 59.78 60.46 70.53
(31.35) (22.93) (30.62) (39.84)

Quintile 3 74.74 71.67 69.66 79.90
(34.92) (27.56) (33.04) (43.20)

Quintile 4 89.86 87.78 83.13 93.78
(43.32) (34.47) (40.68) (53.68)

Quintile 5 130.29 132.32 114.14 129.46
(87.15) (89.08) (73.14) (85.77)

Monthly Real Income (in 100s of |) 133.69 124.83 125.51 147.70
(133.26) (121.35) (121.85) (149.17)

By initial expenditure quintiles:

Quintile 1 73.83 65.20 72.88 86.57
(59.10) (49.07) (52.86) (70.02)

Quintile 2 96.96 88.61 92.61 109.76
(75.90) (65.77) (67.01) (88.08)

Quintile 3 114.77 106.58 107.84 127.67
(93.59) (83.03) (82.65) (107.13)

Quintile 4 149.12 140.42 139.53 163.06
(126.50) (112.48) (111.34) (145.06)

Quintile 5 245.87 235.58 227.20 263.21
(201.50) (182.01) (192.32) (226.72)

Summary & Notes: This table provides average monthly ln real household expenditures and
income for the 3 periods of interest–pre-demonetization, during demonetization, and
post-demonetization by household quintiles. Compared to the pre-period, note the relatively
larger increases in expenditures and incomes for poorer households following demonetization.
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Figure 6: Mean Expenditures and Incomes by 2015 Expenditure
Quintile

Summary & Notes: Figure (a) plots the mean natural log of monthly real expenditures by
initial (2015) quintiles of annual real expenditures. Figure (b) plots the mean natural log of
monthly real incomes by initial (2015) quintiles of annual real expenditures. The vertical line
marks the demonetization month (November 2016).43



Table 7: Change in Household Expenditures by Preperiod
Expenditure Quintiles

Dependent variable: ln Monthly Total Expenditures + 1; January 2015 - April 2018

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

IDuring× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.187∗∗ 0.303∗∗∗ 0.301∗∗∗ 0.261∗∗∗ 0.302∗∗∗

(0.079) (0.039) (0.033) (0.033) (0.040)

Quintile 2 0.141∗ 0.234∗∗∗ 0.222∗∗∗ 0.199∗∗∗ 0.227∗∗∗

(0.073) (0.036) (0.026) (0.026) (0.029)

Quintile 3 0.135∗ 0.192∗∗∗ 0.178∗∗∗ 0.163∗∗∗ 0.184∗∗∗

(0.077) (0.039) (0.028) (0.027) (0.025)

Quintile 4 0.076 0.144∗∗∗ 0.145∗∗∗ 0.136∗∗∗ 0.148∗∗∗

(0.057) (0.028) (0.024) (0.024) (0.022)

IPost× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.220∗∗∗ 0.331∗∗∗ 0.349∗∗∗ 0.292∗∗∗ 0.351∗∗∗

(0.045) (0.032) (0.026) (0.027) (0.033)

Quintile 2 0.138∗∗∗ 0.238∗∗∗ 0.256∗∗∗ 0.223∗∗∗ 0.262∗∗∗

(0.034) (0.027) (0.017) (0.017) (0.021)

Quintile 3 0.098∗∗∗ 0.177∗∗∗ 0.198∗∗∗ 0.176∗∗∗ 0.204∗∗∗

(0.028) (0.029) (0.017) (0.017) (0.020)

Quintile 4 0.043∗ 0.116∗∗∗ 0.130∗∗∗ 0.119∗∗∗ 0.134∗∗∗

(0.025) (0.021) (0.012) (0.012) (0.013)

Controls:
Household FE Y Y Y Y Y
Year-month FE Y
Year-month by State FE Y
Year-month by District FE Y Y Y

HH Size and Earning Member FE Y Y
Household characteristics (× IDuring&IPost) Y

Households 143,932 143,932 143,932 143,932 143,932
Waves (unbalanced)† 10 10 10 10 10
Observations 1,215,870 1,215,870 1,215,870 1,215,870 1,215,870

r2 0.439 0.627 0.725 0.734 0.734

Summary & Notes: This table tests whether poorer households–measured by quintiles of
mean monthly 2015 real expenditures–had larger increases in expenditures during and following
demonetization. Indeed, lower quintiles had larger relative increases in expenditures both during
and post demonetization. As noted in Fig. 6a, the positive during demonetization coefficient
likely represents a smaller relative decline, while the post demonetization effect represents a
relative increase. Household characteristics include a rural indicator, mean years of schooling of
members 25 and older, mean age, the number of members under 16 years of age, and separate
indicators for religion and caste. Standard errors are clustered by district, and statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
† The mean number of waves is 8.8.
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Figure 7: Expenditure Effects for Household Quintiles by Month

Summary & Notes: This figure plots the monthly effect on household expenditures for the
lower 4 quintiles relative to the top quintile compared to October 2016, the month prior to
demonetization. A slight negative to insignificant difference is seen between most of the lower 4
quintiles and the top quintile prior to demonetization, but a clear and consistent positive effect,
suggesting relative increases among the lower quintiles, is seen after demonetization. The
estimation specification follows that of column (5) of Table 7.

45



Table 8: Change in Household Income by Preperiod Expenditure
Quintiles

Dependent variable: ln Monthly Total Income + 1; January 2015 - April 2018

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

IDuring× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.180∗∗ 0.276∗∗∗ 0.209∗∗∗ 0.124∗∗∗ 0.143∗∗∗

(0.085) (0.050) (0.046) (0.045) (0.047)

Quintile 2 0.118 0.182∗∗∗ 0.147∗∗∗ 0.091∗∗ 0.104∗∗∗

(0.079) (0.046) (0.037) (0.037) (0.034)

Quintile 3 0.124 0.153∗∗∗ 0.122∗∗∗ 0.085∗∗ 0.093∗∗∗

(0.085) (0.052) (0.037) (0.037) (0.031)

Quintile 4 0.070 0.114∗∗∗ 0.108∗∗∗ 0.084∗∗∗ 0.089∗∗∗

(0.062) (0.037) (0.029) (0.029) (0.026)

IPost× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.157∗∗∗ 0.286∗∗∗ 0.268∗∗∗ 0.156∗∗∗ 0.187∗∗∗

(0.046) (0.037) (0.029) (0.029) (0.033)

Quintile 2 0.082∗∗ 0.190∗∗∗ 0.189∗∗∗ 0.112∗∗∗ 0.136∗∗∗

(0.037) (0.035) (0.024) (0.024) (0.025)

Quintile 3 0.057∗ 0.144∗∗∗ 0.153∗∗∗ 0.098∗∗∗ 0.115∗∗∗

(0.032) (0.037) (0.023) (0.023) (0.024)

Quintile 4 0.027 0.102∗∗∗ 0.101∗∗∗ 0.074∗∗∗ 0.084∗∗∗

(0.029) (0.029) (0.018) (0.018) (0.017)

Controls:
Household FE Y Y Y Y Y
Year-month FE Y
Year-month by State FE Y
Year-month by District FE Y Y Y

HH Size and Earning Member FE Y Y
Household characteristics (× IDuring&IPost) Y

Households 143,932 143,932 143,932 143,932 143,932
Waves (unbalanced)† 10 10 10 10 10
Observations 1,215,870 1,215,870 1,215,870 1,215,870 1,215,870

r2 0.381 0.451 0.522 0.547 0.547

Summary & Notes: This table tests whether poorer households–measured by quintiles of
mean monthly 2015 real expenditures–had larger increases in income during and following
demonetization. Indeed, lower quintiles had larger relative increases in income both during and
post demonetization. As noted in Fig. 6b, the positive during demonetization coefficient
represents a smaller relative decline, while the post demonetization effect represents a relative
increase. Household characteristics include a rural indicator, mean years of schooling of
members 25 and older, mean age, the number of members under 14 years of age, and separate
indicators for religion and caste. Standard errors are clustered by district, and statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
† The mean number of waves is 8.8.
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Figure 8: Income Effects for Household Quintiles by Month

Summary & Notes: This figure plots the monthly effect on household income for the lower 4
expenditure quintiles relative to the top quintile compared to October 2016, the month prior to
demonetization. A slight negative to insignificant difference is seen between most of the lower 4
quintiles and the top quintile prior to demonetization, but a clear and consistent positive effect,
suggesting relative increases among the lower quintiles, is seen after demonetization. The
estimation specification follows that of column (5) of Table 7.
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(a) Quarterly Growth in Aggregate
Deposits

(b) Demonetization Deposit
Growth by District

Figure 9: Deposit Growth over Time and Space

Summary & Notes: This figure plots (a) the mean district-level quarterly growth rate of
deposits relative to the quarterly mean (2011-2015 average of corresponding quarters) and
(b) the district-level quarterly growth rate of deposits between the 3rd and 4th Quarter of
2016 relative to the quarterly mean (2011-2015 average growth for the corresponding district
and quarter). Districts are based on the 2011 census.
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Table 9: Cross District Associations

Dependent variable: Deposit Growth Deposit Growth Deposit Growth MGNREGA Growth
2016q3-2016q4 2016q3-2017q1 2014q1-2016q3 2015q2-2018q1

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

Panel A: 2015 Poverty HCR
Quinitile 1 0.070*** 0.051** 0.001 -0.073

(0.021) (0.019) (0.004) (0.076)

Quinitile 2 0.069*** 0.059*** 0.001 -0.080
(0.018) (0.017) (0.004) (0.072)

Quinitile 3 0.050*** 0.014 0.003 0.017
(0.018) (0.019) (0.004) (0.021)

Quinitile 4 0.022 0.010 0.002 -0.006
(0.017) (0.013) (0.002) (0.024)

Observations 625 625 625 618
r2 0.529 0.449 0.202 0.046

Panel B: 2014 Bank Accts. per Capita
Quinitile 1 0.117*** 0.073*** 0.005* -0.007

(0.011) (0.017) (0.002) (0.016)

Quinitile 2 0.095*** 0.047*** 0.006** -0.006
(0.011) (0.015) (0.002) (0.017)

Quinitile 3 0.072*** 0.040*** 0.006*** 0.041
(0.008) (0.010) (0.002) (0.031)

Quinitile 4 0.057*** 0.029*** 0.005*** -0.017
(0.009) (0.009) (0.001) (0.013)

Observations 613 613 613 606
r2 0.604 0.452 0.225 0.040

Panel C: 2015 Annual Nighttime Lights
Quintile 1 0.057*** 0.041*** -0.002 0.021

(0.010) (0.014) (0.003) (0.026)

Quintile 2 0.045*** 0.038*** 0.001 0.007
(0.009) (0.010) (0.002) (0.020)

Quinitile 3 0.041*** 0.034*** 0.000 0.057
(0.008) (0.010) (0.002) (0.064)

Quinitile 4 0.027*** 0.014** 0.003** 0.011
(0.008) (0.006) (0.001) (0.013)

Observations 625 625 625 618
r2 0.526 0.439 0.212 0.039

District Controls:

ln Population 2011 Y Y Y Y

Geoclimatic Controls Y Y Y Y

State FE Y Y Y Y

Summary & Notes: This table examines cross-district effects between our 3 primary measures
of district well being with deposit growth from demonetization. Column (1) shows that poorer
districts had relative large increases in deposit growth from demonetization that persists through
early 2017 (column 2). It is not the case, however, that poorer districts generally have larger
deposit growth (as seen in column 3). Column (4) shows that there is no observed increase in
government spending through the MGNREGA program to offset potential harms as a result of
demonetization. Geoclimatic controls include the district-level mean and standard deviation of
agricultural suitability, precipitation, temperature, malaria suitability; and mean of ruggedness,
area, coastal land, and indicators for each biome. Standard errors are clustered by state, and
statistical significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table 10: Components of Income by Quintiles

Dependent variable: ln (Monthly HH Income + 1) from: Wages Business Govt. Trans. Priv. Trans. Imputed

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

IDuring× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.195∗∗∗ -0.002 -0.037 0.087∗∗∗ -0.015
(0.054) (0.031) (0.041) (0.025) (0.038)

Quintile 2 0.170∗∗∗ -0.007 -0.013 0.054∗∗ -0.016
(0.043) (0.029) (0.042) (0.022) (0.027)

Quintile 3 0.157∗∗∗ -0.002 0.031 0.032∗ -0.006
(0.036) (0.029) (0.037) (0.019) (0.024)

Quintile 4 0.130∗∗∗ -0.002 0.056∗∗ 0.029∗ 0.021
(0.032) (0.024) (0.024) (0.016) (0.017)

IPost× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.340∗∗∗ -0.166∗∗∗ -0.085∗∗ 0.117∗∗∗ -0.066∗∗

(0.039) (0.029) (0.035) (0.018) (0.031)

Quintile 2 0.283∗∗∗ -0.098∗∗∗ -0.027 0.062∗∗∗ 0.009
(0.034) (0.028) (0.029) (0.016) (0.027)

Quintile 3 0.254∗∗∗ -0.042 0.053∗ 0.044∗∗∗ 0.022
(0.033) (0.026) (0.030) (0.014) (0.023)

Quintile 4 0.190∗∗∗ -0.004 0.095∗∗∗ 0.015 0.018
(0.027) (0.022) (0.019) (0.012) (0.016)

Controls :
Household FE Y Y Y Y Y
Year-month by District FE Y Y Y Y Y

HH Size and Earning Member FE Y Y Y Y Y
Household characteristics (× IDuring&IPost) Y Y Y Y Y

Households 143,932 143,932 143,932 143,932 143,932
Waves (unbalanced)† 10 10 10 10 10
Observations 1,215,870 1,215,870 1,215,870 1,215,870 1,215,870

r2 0.736 0.606 0.615 0.582 0.566

Summary & Notes: This table replicates the specification of column (5) of Table 8, swapping overall monthly household income with
notable sources of income. Of interest, wages, which represent the overwhelming majority source of income, exhibits similar patterns as seen
in Table 8. Also of interest is the positive and significant increases from lower quintiles in private transfers. Household quintiles have negative
or insignificant associations with other income sources. Household characteristics include a rural indicator, mean years of schooling of
members 25 and older, mean age, the number of members under 14 years of age, and separate indicators for religion and caste. Standard
errors are clustered by district, and statistical significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.† The mean
number of waves is 8.8.
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Data Availability Statement

The CPHS data obtained from CMIE underlying the household analysis in this article

cannot be shared publicly due to its proprietary nature. The remaining data will be made

available in the online supplementary material.
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Online Appendix Tables and Figures



A Robustness Exercises

Placebo Treatment Tables A.1-A.5 artificially move the date of treatment back one

year to show prior trends are not driving the post-demonetization increases.

Controlling for pre-trends Tables A.6 to A.8 further show our results are not driven by

pre-trends by directly controlling for pre-period growth rates for a number of key variables.

Table A.1: Placebo Test: Treatment 1-year early: Preperiod Poverty
HCR

Dependent variable: ln of monthly night time lights, Jan. 2014 - October 2016

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

IDuring,t−12× Poverty HCR
Quintile 1 -0.106∗∗∗ -0.112∗∗∗ -0.076∗∗ -0.097∗∗∗ -0.049∗

(0.030) (0.030) (0.033) (0.027) (0.029)
Quintile 2 -0.080∗∗∗ -0.090∗∗∗ -0.060∗ -0.084∗∗∗ -0.044

(0.029) (0.029) (0.031) (0.026) (0.028)
Quintile 3 -0.046∗ -0.053∗∗ -0.033 -0.065∗∗∗ -0.037

(0.027) (0.026) (0.028) (0.024) (0.025)
Quintile 4 -0.059∗∗ -0.049∗∗ -0.033 -0.048∗∗ -0.027

(0.025) (0.024) (0.025) (0.023) (0.023)

IPost,t−12× Poverty HCR
Quintile 1 -0.077∗∗∗ -0.062∗∗ -0.036 -0.026 -0.012

(0.025) (0.025) (0.025) (0.023) (0.025)
Quintile 2 -0.081∗∗∗ -0.065∗∗∗ -0.042∗ -0.041∗ -0.028

(0.024) (0.024) (0.024) (0.023) (0.024)
Quintile 3 -0.071∗∗∗ -0.061∗∗ -0.046∗ -0.041∗ -0.033

(0.024) (0.024) (0.024) (0.022) (0.023)
Quintile 4 -0.061∗∗∗ -0.054∗∗∗ -0.043∗∗ -0.033∗ -0.026

(0.021) (0.021) (0.021) (0.019) (0.019)
Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 21,250 21,250 21,250 21,250 21,250
r2 0.931 0.936 0.936 0.936 0.936

Summary & Notes: This table artificially moves up the date of demonetization to show our
results are dependent upon the true date. Standard errors are clustered by district, and
statistical significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table A.2: Placebo Test: Treatment 1-year early: Preperiod Bank
Accts per Capita

Dependent variable: ln of monthly night time lights, Jan. 2014 - October 2016

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

IDuring,t−12× Bank Accounts per Capita
Quintile 1 0.026 0.020 0.046∗ 0.004 0.037

(0.024) (0.024) (0.024) (0.022) (0.023)
Quintile 2 0.012 0.006 0.027 -0.006 0.019

(0.024) (0.023) (0.023) (0.021) (0.021)
Quintile 3 -0.042∗∗ -0.047∗∗ -0.032 -0.050∗∗ -0.032∗

(0.020) (0.019) (0.020) (0.019) (0.019)
Quintile 4 -0.007 -0.020 -0.014 -0.026 -0.021

(0.020) (0.018) (0.018) (0.019) (0.018)

IPost,t−12×Bank Accounts per Capita
Quintile 1 -0.005 0.000 0.020 0.002 0.014

(0.026) (0.025) (0.025) (0.023) (0.024)
Quintile 2 -0.004 0.006 0.022 0.005 0.014

(0.022) (0.022) (0.022) (0.019) (0.020)
Quintile 3 -0.012 -0.003 0.008 -0.005 0.002

(0.020) (0.020) (0.019) (0.017) (0.017)
Quintile 4 -0.024 -0.014 -0.010 -0.010 -0.008

(0.015) (0.015) (0.014) (0.014) (0.014)
Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 20,842 20,842 20,842 20,842 20,842
r2 0.932 0.936 0.936 0.937 0.937

Summary & Notes: This table artificially moves up the date of demonetization to show our
results are dependent upon the true date. Standard errors are clustered by district, and
statistical significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table A.3: Placebo Test: Treatment 1-year early: Preperiod
Nighttime Lights

Dependent variable: ln of monthly night time lights, Jan. 2014 - October 2016

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

IDuring,t−12× 2015 Nighttime Lights
Quintile 1 -0.111∗∗∗ -0.116∗∗∗ -0.088∗∗∗ -0.108∗∗∗ -0.070∗∗

(0.029) (0.027) (0.029) (0.026) (0.030)
Quintile 2 -0.068∗∗∗ -0.063∗∗∗ -0.045∗∗ -0.051∗∗ -0.026

(0.022) (0.021) (0.023) (0.021) (0.023)
Quintile 3 -0.036∗ -0.032 -0.021 -0.023 -0.006

(0.020) (0.020) (0.020) (0.019) (0.021)
Quintile 4 -0.024 -0.014 -0.006 -0.005 0.006

(0.016) (0.017) (0.017) (0.015) (0.016)

IPost,t−12×2015 Nighttime Lights
Quintile 1 -0.114∗∗∗ -0.116∗∗∗ -0.107∗∗∗ -0.051∗∗ -0.047∗

(0.021) (0.020) (0.022) (0.022) (0.027)
Quintile 2 -0.052∗∗∗ -0.058∗∗∗ -0.053∗∗∗ -0.035∗∗ -0.033∗

(0.016) (0.015) (0.017) (0.015) (0.018)
Quintile 3 -0.031∗∗ -0.031∗∗ -0.027∗ -0.015 -0.013

(0.015) (0.015) (0.015) (0.014) (0.016)
Quintile 4 0.007 0.002 0.004 0.004 0.005

(0.014) (0.014) (0.015) (0.014) (0.014)
Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 21,250 21,250 21,250 21,250 21,250
r2 0.931 0.936 0.936 0.936 0.936

Summary & Notes: This table artificially moves up the date of demonetization to show our
results are dependent upon the true date. Standard errors are clustered by district, and
statistical significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table A.4: Placebo Test: Treatment 1 Year Early: HH Expenditures

Dependent variable: ln Monthly Total Expenditures + 1; January 2014 - October 2016

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

IDuring,t−12× Mean 2015 HH Mthly Expenditures:

Quintile 1 -0.109 -0.131∗∗∗ -0.193∗∗∗ -0.169∗∗∗ -0.267∗∗∗

(0.084) (0.045) (0.034) (0.034) (0.037)

Quintile 2 -0.055 -0.086∗ -0.148∗∗∗ -0.137∗∗∗ -0.210∗∗∗

(0.079) (0.046) (0.025) (0.025) (0.022)

Quintile 3 -0.006 -0.023 -0.074∗∗∗ -0.068∗∗ -0.125∗∗∗

(0.087) (0.049) (0.028) (0.027) (0.022)

Quintile 4 -0.044 -0.022 -0.031 -0.029 -0.063∗∗∗

(0.063) (0.036) (0.027) (0.027) (0.021)

IPost,t−12× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.069∗∗ 0.025 -0.003 -0.006 0.006
(0.034) (0.018) (0.019) (0.019) (0.021)

Quintile 2 0.064∗∗ 0.044∗∗∗ 0.020 0.016 0.017
(0.030) (0.016) (0.017) (0.016) (0.018)

Quintile 3 0.045 0.042∗∗ 0.030∗∗ 0.024∗ 0.023
(0.031) (0.017) (0.014) (0.014) (0.016)

Quintile 4 0.031 0.034∗∗∗ 0.026∗∗ 0.023∗∗ 0.020∗

(0.023) (0.013) (0.011) (0.010) (0.012)

Controls:
Household FE Y Y Y Y Y
Year-month FE Y
Year-month by State FE Y
Year-month by District FE Y Y Y

HH Size and Earning Member FE Y Y
Household characteristics (× IDuring&IPost) Y

Households 145,767 145,767 145,767 145,767 145,767
Waves (unbalanced)† 9 9 9 9 9
Observations 1,047,902 1,047,902 1,047,902 1,047,902 1,047,902
r2 0.489 0.687 0.765 0.771 0.772

Summary & Notes: This table artificially moves up the date of demonetization to show our
results are dependent upon the true date. Standard errors are clustered by district, and
statistical significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
† The mean number of waves is 8.8.
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Table A.5: Placebo Test: Treatment 1-year early: HH Income

Dependent variable: ln Monthly Total Income + 1; January 2015 - April 2018

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

IDuring,t−12× Mean 2015 HH Mthly Expenditures:

Quintile 1 -0.026 0.038 -0.080 -0.026 -0.139∗∗∗

(0.094) (0.056) (0.050) (0.049) (0.051)

Quintile 2 0.044 0.067 -0.055 -0.024 -0.105∗∗∗

(0.085) (0.052) (0.039) (0.038) (0.033)

Quintile 3 0.085 0.085 -0.016 -0.002 -0.063∗

(0.092) (0.053) (0.039) (0.038) (0.033)

Quintile 4 0.056 0.083∗∗ 0.038 0.043 0.010
(0.068) (0.040) (0.035) (0.035) (0.029)

IPost,t−12× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.153∗∗∗ 0.157∗∗∗ 0.082∗∗∗ 0.077∗∗∗ 0.055∗

(0.041) (0.029) (0.026) (0.026) (0.028)

Quintile 2 0.124∗∗∗ 0.134∗∗∗ 0.082∗∗∗ 0.071∗∗∗ 0.046∗

(0.036) (0.026) (0.023) (0.023) (0.024)

Quintile 3 0.090∗∗ 0.097∗∗∗ 0.074∗∗∗ 0.060∗∗∗ 0.037∗

(0.037) (0.026) (0.021) (0.021) (0.022)

Quintile 4 0.077∗∗∗ 0.081∗∗∗ 0.061∗∗∗ 0.051∗∗∗ 0.036∗∗

(0.026) (0.019) (0.014) (0.013) (0.014)

Controls:
Household FE Y Y Y Y Y
Year-month FE Y
Year-month by State FE Y
Year-month by District FE Y Y Y

HH Size and Earning Member FE Y Y
Household characteristics (× IDuring&IPost) Y

Households 145,767 145,767 145,767 145,767 145,767
Waves (unbalanced)† 9 9 9 9 9
Observations 1,047,902 1,047,902 1,047,902 1,047,902 1,047,902

r2 0.426 0.492 0.558 0.580 0.581

Summary & Notes: This table artificially moves up the date of demonetization to show our
results are dependent upon the true date. Standard errors are clustered by district, and
statistical significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
† The mean number of waves is 8.8.
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Table A.6: Controlling for Pretrend in Nighttime Lights

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

Pre-demonetization variable: Poverty HCR Bank Acct. per Capita Nighttime Lights
(1) (2) (3)

IDuring× Pre-demonetization variable:
Quintile 1 -0.2203∗∗∗ -0.1892∗∗∗ -0.4413∗∗∗

(0.0546) (0.0523) (0.0486)
Quintile 2 -0.1326∗∗ -0.1093∗∗∗ -0.0861∗∗∗

(0.0531) (0.0422) (0.0288)
Quintile 3 -0.0731 -0.0751∗ -0.0165

(0.0462) (0.0392) (0.0274)
Quintile 4 -0.0329 -0.0402 0.0210

(0.0391) (0.0305) (0.0231)

IPost× Pre-demonetization variable:
Quintile 1 0.1927∗∗∗ 0.2317∗∗∗ 0.4592∗∗∗

(0.0293) (0.0265) (0.0238)
Quintile 2 0.1138∗∗∗ 0.1776∗∗∗ 0.3098∗∗∗

(0.0283) (0.0234) (0.0183)
Quintile 3 0.0626∗∗∗ 0.1120∗∗∗ 0.2104∗∗∗

(0.0228) (0.0216) (0.0167)
Quintile 4 0.0113 0.0460∗∗∗ 0.1194∗∗∗

(0.0185) (0.0163) (0.0149)

Observations 25,000 24,520 25,000
r2 0.9403 0.9411 0.9431

Additional Pretrend Control:
Mean Light Growth, Jan. 2014-Oct. 2016 Y Y Y

All Baseline Controls: Y Y Y

District FE Y Y Y

State-year-month FE Y Y Y

Summary & Notes: This table controls for the mean pre-demonetization growth rate in the
outcome variable. Standard errors are clustered by district, and statistical significance at the 1,
5, and 10% levels is respectively denoted by ***, **, and *.
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Table A.7: Controlling for Pretrends in Expenditures and Income:
HH Expenditures

Dependent variable: ln Monthly Total Expenditures + 1; January 2015 - April 2018

(1) (2) (3)

IDuring,t−12× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.338∗∗∗ 0.309∗∗∗ 0.338∗∗∗

(0.046) (0.042) (0.045)

Quintile 2 0.254∗∗∗ 0.232∗∗∗ 0.253∗∗∗

(0.034) (0.030) (0.034)

Quintile 3 0.202∗∗∗ 0.186∗∗∗ 0.201∗∗∗

(0.028) (0.026) (0.028)

Quintile 4 0.158∗∗∗ 0.150∗∗∗ 0.158∗∗∗

(0.023) (0.022) (0.023)

IPost,t−12× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.373∗∗∗ 0.356∗∗∗ 0.373∗∗∗

(0.036) (0.034) (0.036)

Quintile 2 0.279∗∗∗ 0.266∗∗∗ 0.279∗∗∗

(0.022) (0.022) (0.022)

Quintile 3 0.217∗∗∗ 0.207∗∗∗ 0.217∗∗∗

(0.021) (0.020) (0.021)

Quintile 4 0.142∗∗∗ 0.136∗∗∗ 0.142∗∗∗

(0.014) (0.013) (0.014)

Additional Pretrend Controls:
Mean HH Expenditure Growth, Jan. 2015 - Oct. 2016 Y Y

Mean HH Income Growth, Jan. 2015 - Oct. 2016 Y Y

Controls:
Household FE Y Y Y
Year-month by District FE Y Y Y

HH Size and Earning Member FE Y Y Y

Household characteristics (× IDuring&IPost) Y Y Y

Households 143,932 143,932 143,932
Waves (unbalanced)† 10 10 10
Observations 121,5077 121,5077 121,5077

r2 0.736 0.734 0.736

Summary & Notes: This table controls for the mean pre-demonetization growth rate in the
outcome variable. Standard errors are clustered by district, and statistical significance at the 1,
5, and 10% levels is respectively denoted by ***, **, and *.
† The mean number of waves is 8.8.
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Table A.8: Controlling for Pretrends in Expenditures and Income:
HH Income

Dependent variable: ln Monthly Total Income + 1; January 2015 - April 2018

(1) (2) (3)

IDuring,t−12× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.176∗∗∗ 0.131∗∗∗ 0.176∗∗∗

(0.051) (0.050) (0.052)

Quintile 2 0.128∗∗∗ 0.096∗∗∗ 0.128∗∗∗

(0.037) (0.036) (0.037)

Quintile 3 0.109∗∗∗ 0.089∗∗∗ 0.112∗∗∗

(0.033) (0.033) (0.033)

Quintile 4 0.098∗∗∗ 0.086∗∗∗ 0.099∗∗∗

(0.026) (0.027) (0.026)

IPost,t−12× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.207∗∗∗ 0.177∗∗∗ 0.205∗∗∗

(0.035) (0.034) (0.036)

Quintile 2 0.151∗∗∗ 0.128∗∗∗ 0.149∗∗∗

(0.026) (0.025) (0.026)

Quintile 3 0.127∗∗∗ 0.110∗∗∗ 0.126∗∗∗

(0.025) (0.024) (0.025)

Quintile 4 0.091∗∗∗ 0.081∗∗∗ 0.090∗∗∗

(0.018) (0.018) (0.018)

Additional Pretrend Controls:
Mean HH Expenditure Growth, Jan. 2015 - Oct. 2016 Y Y

Mean HH Income Growth, Jan. 2015 - Oct. 2016 Y Y

Controls:
Household FE Y Y Y
Year-month by District FE Y Y Y

HH Size and Earning Member FE Y Y Y

Household characteristics (× IDuring&IPost) Y Y Y

Households 143,932 143,932 143,932
Waves (unbalanced)† 10 10 10
Observations 121,5077 121,5077 121,5077

r2 0.548 0.548 0.549

Summary & Notes: This table controls for the mean pre-demonetization growth rate in the
outcome variable. Standard errors are clustered by district, and statistical significance at the 1,
5, and 10% levels is respectively denoted by ***, **, and *.
† The mean number of waves is 8.8.
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B Alternative Specifications

Continuous Measures of Poverty Quintiles Tables B.1-B.5 replace quintile indica-

tors with continuous measures of pre-demonetization well-being–i.e., poverty headcount

ratio, bank accounts per capita, and pre-period nighttime lights for districts and pre-

demonetization mean household expenditures for households. Statistical significance re-

mains with this alternative specification and estimated coefficients show that better-off

districts/households have lower relative increases following demonetization.40

Q1 and Q5 vs Middle Quintiles Tables B.6-B.10 replace our base estimations that

compare the bottom 4 quintiles to the top quintile with estimates for the bottom and

top quintiles relative to the middle 3. Estimates show that relative to middle quintiles,

the estimated coefficient for the poorest quintile remains statistically significant, showing

declines immediately after demonetization, followed by relative increases. This relationship

persists for all district/household measures, suggesting that using quintile 5 as the omitted

group is not the driving factor behind our base results.

40Note that poverty headcount ratio (HCR) is inversely related to other measures.
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Table B.1: Change in Nighttime Lights by Continuous Preperiod
Poverty HCR

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× ln Pre-demonetization (2015) Poverty Headcount Ratio -0.155∗∗∗ -0.151∗∗∗ -0.113∗∗∗ -0.151∗∗∗ -0.110∗∗∗

(0.019) (0.020) (0.020) (0.021) (0.022)

IPost× Pre-demonetization (2015) Poverty Headcount Ratio 0.118∗∗∗ 0.114∗∗∗ 0.092∗∗∗ 0.112∗∗∗ 0.084∗∗∗

(0.012) (0.012) (0.012) (0.011) (0.012)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 25,000 25,000 25,000 25,000 25,000
r2 0.933 0.938 0.938 0.939 0.940

Summary & Notes: This table uses the continuous measure of well-being in place of quintiles.
Standard errors are clustered by district, and statistical significance at the 1, 5, and 10% levels
is respectively denoted by ***, **, and *.
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Table B.2: Change in Nighttime Lights by Continuous Preperiod
Bank Accounts per Capita

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Bank Accounts per Capita 0.193∗∗∗ 0.195∗∗∗ 0.145∗∗∗ 0.217∗∗∗ 0.166∗∗∗

(0.037) (0.038) (0.040) (0.038) (0.040)

IPost×Bank Accounts per Capita -0.215∗∗∗ -0.216∗∗∗ -0.190∗∗∗ -0.219∗∗∗ -0.187∗∗∗

(0.021) (0.021) (0.022) (0.019) (0.019)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 613 613 613 613 613
Months 40 40 40 40 40

Observations 24,520 24,520 24,520 24,520 24,520
r2 0.934 0.938 0.939 0.941 0.941

Summary & Notes: This table uses the continuous measure of well-being in place of quintiles.
Standard errors are clustered by district, and statistical significance at the 1, 5, and 10% levels
is respectively denoted by ***, **, and *.
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Table B.3: Change in Nighttime Lights by Continuous Preperiod
Nighttime Lights

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Pre-demonetization (2015) Nighttime Lights 0.155∗∗∗ 0.156∗∗∗ 0.151∗∗∗ 0.168∗∗∗ 0.168∗∗∗

(0.014) (0.015) (0.016) (0.017) (0.020)

IPost×Pre-demonetization (2015) Nighttime Lights -0.131∗∗∗ -0.131∗∗∗ -0.133∗∗∗ -0.138∗∗∗ -0.145∗∗∗

(0.007) (0.007) (0.008) (0.007) (0.009)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 25,000 25,000 25,000 25,000 25,000
r2 0.939 0.943 0.943 0.944 0.944

Summary & Notes: This table uses the continuous measure of well-being in place of quintiles.
Standard errors are clustered by district, and statistical significance at the 1, 5, and 10% levels
is respectively denoted by ***, **, and *.
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Table B.4: Change in Household Expenditures by Continuous
Preperiod Expenditures

Dependent variable: ln Monthly Total Expenditures + 1; January 2015 - April 2018

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

IDuring× Mean 2015 HH Mthly Expenditures -0.169∗∗∗ -0.267∗∗∗ -0.280∗∗∗ -0.245∗∗∗ -0.294∗∗∗

(0.063) (0.033) (0.029) (0.030) (0.035)

IPost× Mean 2015 HH Mthly Expenditures -0.208∗∗∗ -0.307∗∗∗ -0.332∗∗∗ -0.281∗∗∗ -0.347∗∗∗

(0.038) (0.028) (0.023) (0.024) (0.030)

Controls:
Household FE Y Y Y Y Y
Year-month FE Y
Year-month by State FE Y
Year-month by District FE Y Y Y

HH Size and Earning Member FE Y Y
Months from Interview FE Y Y

Household characteristics (× IDuring&IPost) Y

Households 143,932 143,932 143,932 143,932 143,932
Waves (unbalanced)† 10 10 10 10 10
Observations 1,215,870 1,215,870 1,215,870 1,215,870 1,215,870

r2 0.381 0.451 0.522 0.547 0.547

Summary & Notes: This table uses the continuous measure of well-being in place of quintiles.
Standard errors are clustered by district, and statistical significance at the 1, 5, and 10% levels
is respectively denoted by ***, **, and *.
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Table B.5: Change in Household Income by Continuous Preperiod
Expenditures

Dependent variable: ln Monthly Total Income + 1; January 2015 - April 2018

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

IDuring× Mean 2015 HH Mthly Expenditures -0.139∗∗ -0.218∗∗∗ -0.184∗∗∗ -0.105∗∗∗ -0.127∗∗∗

(0.067) (0.042) (0.039) (0.038) (0.039)

IPost× Mean 2015 HH Mthly Expenditures -0.146∗∗∗ -0.261∗∗∗ -0.261∗∗∗ -0.157∗∗∗ -0.196∗∗∗

(0.039) (0.031) (0.024) (0.025) (0.029)

Controls:
Household FE Y Y Y Y Y
Year-month FE Y
Year-month by State FE Y
Year-month by District FE Y Y Y

HH Size and Earning Member FE Y Y
Months from Interview FE Y Y

Household characteristics (× IDuring&IPost) Y

Households 143,932 143,932 143,932 143,932 143,932
Waves (unbalanced)† 10 10 10 10 10
Observations 1,215,870 1,215,870 1,215,870 1,215,870 1,215,870

r2 0.381 0.451 0.522 0.547 0.548

Summary & Notes: This table uses the continuous measure of well-being in place of quintiles.
Standard errors are clustered by district, and statistical significance at the 1, 5, and 10% levels
is respectively denoted by ***, **, and *.
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Table B.6: Change in Nighttime Lights by Preperiod Poverty HCR

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Pre-demonetization (2015) Poverty Headcount Ratio
Quintile 1 -0.164∗∗∗ -0.168∗∗∗ -0.142∗∗∗ -0.146∗∗∗ -0.114∗∗∗

(0.034) (0.036) (0.033) (0.033) (0.031)

Quintile 5 0.136∗∗∗ 0.128∗∗∗ 0.060 0.123∗∗∗ 0.045
(0.034) (0.034) (0.038) (0.038) (0.039)

IPost×Pre-demonetization (2015) Poverty Headcount Ratio
Quintile 1 0.146∗∗∗ 0.143∗∗∗ 0.127∗∗∗ 0.128∗∗∗ 0.107∗∗∗

(0.020) (0.020) (0.020) (0.019) (0.019)

Quintile 5 -0.090∗∗∗ -0.088∗∗∗ -0.046∗∗ -0.076∗∗∗ -0.024
(0.023) (0.023) (0.023) (0.020) (0.019)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 25,000 25,000 25,000 25,000 25,000
r2 0.933 0.937 0.938 0.939 0.940

Summary & Notes: This table omits quintiles 2-5, estimating effects of quintile 1 and 5
relative to the omitted group . Standard errors are clustered by district, and statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table B.7: Change in Nighttime Lights by Preperiod Bank Accounts
per Capita

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Bank Accounts per Capita

Quintile 1 -0.122∗∗∗ -0.113∗∗ -0.092∗∗ -0.124∗∗∗ -0.101∗∗∗

(0.042) (0.044) (0.043) (0.039) (0.038)

Quintile 5 0.072∗∗ 0.079∗∗∗ 0.046 0.085∗∗∗ 0.057∗

(0.029) (0.029) (0.029) (0.031) (0.031)

IPost×Bank Accounts per Capita
Quintile 1 0.121∗∗∗ 0.124∗∗∗ 0.111∗∗∗ 0.120∗∗∗ 0.105∗∗∗

(0.023) (0.023) (0.023) (0.021) (0.020)

Quintile 5 -0.095∗∗∗ -0.093∗∗∗ -0.073∗∗∗ -0.096∗∗∗ -0.077∗∗∗

(0.021) (0.021) (0.021) (0.018) (0.017)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 613 613 613 613 613
Months 40 40 40 40 40

Observations 24,520 24,520 24,520 24,520 24,520
r2 0.933 0.938 0.938 0.940 0.941

Summary & Notes: This table omits quintiles 2-5, estimating effects of quintile 1 and 5
relative to the omitted group . Standard errors are clustered by district, and statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table B.8: Change in Nighttime Lights by Preperiod Nighttime Lights

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Pre-demonetization (2015) Nighttime Lights
Quintile 1 -0.429∗∗∗ -0.443∗∗∗ -0.424∗∗∗ -0.421∗∗∗ -0.392∗∗∗

(0.039) (0.039) (0.037) (0.042) (0.041)

Quintile 5 0.085∗∗∗ 0.076∗∗∗ 0.028 0.060∗∗∗ 0.003
(0.020) (0.021) (0.023) (0.021) (0.024)

IPost×Pre-demonetization (2015) Nighttime Lights
Quintile 1 0.261∗∗∗ 0.256∗∗∗ 0.253∗∗∗ 0.228∗∗∗ 0.221∗∗∗

(0.016) (0.016) (0.015) (0.017) (0.017)

Quintile 5 -0.205∗∗∗ -0.207∗∗∗ -0.198∗∗∗ -0.202∗∗∗ -0.186∗∗∗

(0.015) (0.015) (0.017) (0.015) (0.017)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 25,000 25,000 25,000 25,000 25,000
r2 0.937 0.941 0.941 0.942 0.942

Summary & Notes: This table omits quintiles 2-5, estimating effects of quintile 1 and 5
relative to the omitted group . Standard errors are clustered by district, and statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table B.9: Change in Household Expenditures by Preperiod
Expenditure Quintiles

Dependent variable: ln Monthly Total Expenditures + 1; January 2015 - April 2018

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

IDuring× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.070∗∗∗ 0.107∗∗∗ 0.109∗∗∗ 0.086∗∗∗ 0.100∗∗∗

(0.023) (0.015) (0.014) (0.014) (0.020)

Quintile 5 -0.118∗ -0.186∗∗∗ -0.174∗∗∗ -0.159∗∗∗ -0.173∗∗∗

(0.068) (0.034) (0.025) (0.025) (0.023)

IPost× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.127∗∗∗ 0.145∗∗∗ 0.137∗∗∗ 0.104∗∗∗ 0.126∗∗∗

(0.027) (0.016) (0.015) (0.016) (0.018)

Quintile 5 -0.093∗∗∗ -0.171∗∗∗ -0.181∗∗∗ -0.161∗∗∗ -0.177∗∗∗

(0.029) (0.025) (0.015) (0.015) (0.016)

Controls:
Household FE Y Y Y Y Y
Year-month FE Y
Year-month by State FE Y
Year-month by District FE Y Y Y

HH Size and Earning Member FE Y Y
Months from Interview FE Y Y

Household characteristics (× IDuring&IPost) Y

Households 143,932 143,932 143,932 143,932 143,932
Waves (unbalanced)† 10 10 10 10 10
Observations 1,215,870 1,215,870 1,215,870 1,215,870 1,215,870

r2 0.438 0.627 0.725 0.733 0.734

Summary & Notes: This table omits quintiles 2-5, estimating effects of quintile 1 and 5
relative to the omitted group . Standard errors are clustered by district, and statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table B.10: Change in Household Income by Preperiod Expenditure
Quintiles

Dependent variable: ln Monthly Total Income + 1; January 2015 - April 2018

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

IDuring× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.075∗∗ 0.121∗∗∗ 0.078∗∗∗ 0.036 0.045∗

(0.032) (0.024) (0.023) (0.022) (0.027)

Quintile 5 -0.104 -0.146∗∗∗ -0.121∗∗∗ -0.086∗∗∗ -0.093∗∗∗

(0.073) (0.042) (0.031) (0.030) (0.025)

IPost× Mean 2015 HH Mthly Expenditures:

Quintile 1 0.101∗∗∗ 0.134∗∗∗ 0.108∗∗∗ 0.056∗∗∗ 0.066∗∗∗

(0.030) (0.018) (0.015) (0.015) (0.018)

Quintile 5 -0.056∗ -0.141∗∗∗ -0.138∗∗∗ -0.090∗∗∗ -0.102∗∗∗

(0.031) (0.032) (0.020) (0.019) (0.019)

Controls:
Household FE Y Y Y Y Y
Year-month FE Y
Year-month by State FE Y
Year-month by District FE Y Y Y

HH Size and Earning Member FE Y Y
Months from Interview FE Y Y

Household characteristics (× IDuring&IPost) Y

Households 143,932 143,932 143,932 143,932 143,932
Waves (unbalanced)† 10 10 10 10 10
Observations 1,215,870 1,215,870 1,215,870 1,215,870 1,215,870

r2 0.381 0.450 0.522 0.547 0.547

Summary & Notes: This table omits quintiles 2-5, estimating effects of quintile 1 and 5
relative to the omitted group . Standard errors are clustered by district, and statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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C Additional Robustness for Nighttime Lights

Masking Tables C.1-C.3 use an alternative measure of nighttime lights that omits cells

where no lights are recorded in 2015. Interestingly, when using the masked measure of

nighttime lights we no longer estimate an immediate decline following demonetization;

masked nighttime lights do, however, show statistically significant increases for the poorest

districts following demonetization.

Spatial Spillovers Tables C.4 and C.5 respectively test direct, indirect, and total effects

from contiguous and inverse distance spatial weighting matrixes. For simplicity (and to

reduce clutter), we show these results for the continuous measures of district well-being–

i.e., poverty head count ratio, bank accounts per capita, and 2015 nighttime lights. These

continuous measures are interacted with during- and post-demonetization indicators, and

estimations with no controls, only district and year-month by state FE, are run. Spatial

estimations include lags in independent variables to test for spillover effects–i.e., “indirect”

effects in Tables C.4 and C.5–and include error lags to account for residual correlation

across districts (seen by ρ̂).

Spatially Correlated Errors Residual correlation in nighttime lights is also accounted

for with the inclusion of spatially adjusted standard errors in Tables C.6 - C.8. These

standard errors are spatially adjusted by 50km and 200km thresholds.

Estimates show no evidence for spillover effects and spatially adjusted standard errors

are roughly inline with district-clustered standard errors given in the baseline tables.
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Table C.1: Masked (2015 V.2) Nighttime Lights: Preperiod Poverty
HCR

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Poverty HCR
Quintile 1 -0.055∗ -0.050 -0.020 -0.065∗∗ -0.039

(0.031) (0.033) (0.036) (0.031) (0.035)
Quintile 2 -0.060∗ -0.048 -0.020 -0.061∗ -0.038

(0.032) (0.033) (0.036) (0.032) (0.036)
Quintile 3 -0.023 -0.020 0.001 -0.047∗ -0.030

(0.027) (0.027) (0.029) (0.027) (0.029)
Quintile 4 -0.062∗∗∗ -0.051∗∗ -0.035 -0.069∗∗∗ -0.055∗∗

(0.023) (0.023) (0.024) (0.022) (0.023)

IPost× Poverty HCR
Quintile 1 0.147∗∗∗ 0.138∗∗∗ 0.104∗∗∗ 0.140∗∗∗ 0.098∗∗∗

(0.028) (0.028) (0.030) (0.027) (0.029)
Quintile 2 0.083∗∗∗ 0.076∗∗∗ 0.046 0.084∗∗∗ 0.048

(0.028) (0.028) (0.030) (0.027) (0.029)
Quintile 3 0.061∗∗ 0.056∗∗ 0.034 0.056∗∗ 0.028

(0.025) (0.025) (0.026) (0.026) (0.026)
Quintile 4 0.014 0.014 -0.003 0.018 -0.004

(0.021) (0.021) (0.021) (0.022) (0.022)
Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 25000 25000 25000 25000 25000
r2 0.975 0.977 0.978 0.978 0.978

Summary & Notes: This table replaces the base measure of nighttime lights with a version
that omits unlit cells from 2015–i.e., masked nighttime lights. Standard errors are clustered by
district, and statistical significance at the 1, 5, and 10% levels is respectively denoted by ***, **,
and *.

A21



Table C.2: Masked (2015 V.2) Nighttime Lights: Preperiod Bank
Accts per Capita

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Bank Accounts per Capita
Quintile 1 -0.004 -0.006 0.012 -0.002 0.014

(0.027) (0.029) (0.030) (0.029) (0.030)

Quintile 2 -0.029 -0.044∗ -0.028 -0.040 -0.026
(0.024) (0.025) (0.027) (0.026) (0.026)

Quintile 3 -0.052∗∗ -0.061∗∗ -0.048∗ -0.051∗∗ -0.039
(0.023) (0.024) (0.025) (0.024) (0.025)

Quintile 4 -0.024 -0.029 -0.025 -0.027 -0.024
(0.019) (0.020) (0.020) (0.020) (0.020)

IPost×Bank Accounts per Capita
Quintile 1 0.169∗∗∗ 0.170∗∗∗ 0.155∗∗∗ 0.170∗∗∗ 0.152∗∗∗

(0.023) (0.023) (0.024) (0.023) (0.024)

Quintile 2 0.131∗∗∗ 0.129∗∗∗ 0.116∗∗∗ 0.128∗∗∗ 0.113∗∗∗

(0.021) (0.020) (0.021) (0.021) (0.021)

Quintile 3 0.081∗∗∗ 0.077∗∗∗ 0.067∗∗∗ 0.082∗∗∗ 0.069∗∗∗

(0.019) (0.019) (0.019) (0.019) (0.019)

Quintile 4 0.022 0.021 0.017 0.027∗ 0.023
(0.016) (0.016) (0.015) (0.016) (0.015)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 613 613 613 613 613
Months 40 40 40 40 40

Observations 24520 24520 24520 24520 24520
r2 0.975 0.978 0.978 0.978 0.978

Summary & Notes: This table replaces the base measure of nighttime lights with a version
that omits unlit cells from 2015–i.e., masked nighttime lights. Standard errors are clustered by
district, and statistical significance at the 1, 5, and 10% levels is respectively denoted by ***, **,
and *.
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Table C.3: Masked (2015 V.2) Nighttime Lights: Preperiod Nighttime
Lights

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× 2015 Nighttime Lights
Quintile 1 -0.013 -0.013 0.006 -0.023 -0.002

(0.025) (0.025) (0.028) (0.025) (0.030)

Quintile 2 -0.004 -0.004 0.013 -0.001 0.016
(0.021) (0.021) (0.023) (0.021) (0.024)

Quintile 3 -0.009 -0.009 0.004 -0.007 0.007
(0.021) (0.021) (0.023) (0.021) (0.023)

Quintile 4 -0.018 -0.018 -0.008 -0.011 -0.002
(0.019) (0.019) (0.020) (0.018) (0.019)

IPost×2015 Nighttime Lights
Quintile 1 0.232∗∗∗ 0.232∗∗∗ 0.237∗∗∗ 0.263∗∗∗ 0.275∗∗∗

(0.022) (0.022) (0.025) (0.022) (0.025)

Quintile 2 0.200∗∗∗ 0.200∗∗∗ 0.204∗∗∗ 0.215∗∗∗ 0.225∗∗∗

(0.017) (0.017) (0.020) (0.018) (0.020)

Quintile 3 0.147∗∗∗ 0.147∗∗∗ 0.151∗∗∗ 0.155∗∗∗ 0.163∗∗∗

(0.017) (0.017) (0.018) (0.016) (0.018)

Quintile 4 0.088∗∗∗ 0.088∗∗∗ 0.091∗∗∗ 0.093∗∗∗ 0.099∗∗∗

(0.015) (0.015) (0.016) (0.015) (0.016)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 25,000 25,000 25,000 25,000 25,000
r2 0.976 0.976 0.976 0.976 0.976

Summary & Notes: This table replaces the base measure of nighttime lights with a version
that omits unlit cells from 2015–i.e., masked nighttime lights. Standard errors are clustered by
district, and statistical significance at the 1, 5, and 10% levels is respectively denoted by ***, **,
and *.
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Table C.4: Spatial Estimation by Continuous District-Level Poverty
Measures: Contiguous Weighting Matrix

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

Pre-demonetization variable: Poverty HCR Bank Acct. per Capita Nighttime Lights
(1) (2) (3)

Panel A: Direct Effect

IDuring× Pre-demonetization variable: -0.156∗∗∗ 0.193∗∗∗ 0.155∗∗∗

(0.015) (0.024) (0.007)

IPost× Pre-demonetization variable: 0.118∗∗∗ -0.215∗∗∗ -0.131∗∗∗

(0.007) (0.011) (0.003)

Panel B: Indirect Effect

IDuring× Pre-demonetization variable: 0.075∗∗ -0.082 -0.019
(0.036) (0.057) (0.017)

IPost× Pre-demonetization variable: 0.003 0.031 -0.004
(0.016) (0.025) (0.007)

Panel C: Total Effect

IDuring× Pre-demonetization variable: -0.081∗∗∗ 0.112∗ 0.136∗∗∗

(0.039) (0.062) (0.018)

IPost× Pre-demonetization variable: 0.121∗∗∗ -0.184∗∗∗ -0.135∗∗∗

(0.017) (0.027) (0.008)

Controls:
District FE Y Y Y

State-year-month FE Y Y Y

Observations 25,000 24,520 25,000

Spatial autocorrelation parameter, ρ̂ 0.048∗∗∗ 0.052∗∗∗ 0.052∗∗∗

(0.012) (0.012) (0.012)

Summary & Notes: This table performs spatial estimations for the continuous measure of
district well-being with only district and state-year-month FE. The spatial weighting matrix
considers contiguous districts. Statistical significance at the 1, 5, and 10% levels is respectively
denoted by ***, **, and *.
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Table C.5: Spatial Estimation by Continuous District-Level Poverty
Measures: Inverse Distance Weighting Matrix

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

Pre-demonetization variable: Poverty HCR Bank Acct. per Capita Nighttime Lights
(1) (2) (3)

Panel A: Direct Effect

IDuring× Pre-demonetization variable: -0.154∗∗∗ 0.193∗∗∗ 0.154∗∗∗

(0.015) (0.024) (0.007)

IPost× Pre-demonetization variable: 0.118∗∗∗ -0.215∗∗∗ -0.131∗∗∗

(0.007) (0.011) (0.003)

Panel B: Indirect Effect

IDuring× Pre-demonetization variable: 0.313 -0.461 -0.225
(0.250) (0.419) (0.145)

IPost× Pre-demonetization variable: -0.044 0.177 0.016
(0.111) (0.187) (0.064)

Panel C: Total Effect

IDuring× Pre-demonetization variable: 0.159 -0.269 -0.070
(0.251) (0.420) (0.146)

IPost× Pre-demonetization variable: 0.073 -0.038 -0.115
(0.112) (0.187) (0.065)

Controls:
District FE Y Y Y

State-year-month FE Y Y Y

Observations 25,000 24,520 25,000

Spatial autocorrelation parameter, ρ̂ -0.093 -0.062 -0.051
(0.077) (0.076) (0.076)

Summary & Notes: This table performs spatial estimations for the continuous measure of
district well-being with only district and state-year-month FE. The spatial weighting matrix
considers inverse distance between districts. Statistical significance at the 1, 5, and 10% levels is
respectively denoted by ***, **, and *.
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Table C.6: Base HCR with Spatially Adjusted Standard Errors

Dependent variable: ln monthly night time light density, Jan. 2015 - April 2018

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

IDuring× Pre-demonetization (2015) Poverty Headcount Ratio
Quintile 1 -0.368∗∗∗ -0.364∗∗∗ -0.256∗∗∗ -0.341∗∗∗ -0.220∗∗∗

(0.054) (0.056) (0.056) (0.054) (0.055)
[0.068] [0.070] [0.068] [0.061] [0.059]

Quintile 2 -0.256∗∗∗ -0.245∗∗∗ -0.149∗∗∗ -0.237∗∗∗ -0.133∗∗

(0.050) (0.051) (0.054) (0.050) (0.053)
[0.064] [0.066] [0.068] [0.057] [0.059]

Quintile 3 -0.143∗∗∗ -0.139∗∗∗ -0.068 -0.155∗∗∗ -0.076
(0.045) (0.046) (0.048) (0.045) (0.047)
[0.057] [0.058] [0.059] [0.050] [0.051]

Quintile 4 -0.119∗∗∗ -0.109∗∗∗ -0.054 -0.098∗∗ -0.033
(0.038) (0.038) (0.040) (0.040) (0.039)
[0.046] [0.047] [0.047] [0.042] [0.042]

IPost×Pre-demonetization (2015) Poverty Headcount Ratio
Quintile 1 0.300∗∗∗ 0.291∗∗∗ 0.229∗∗∗ 0.272∗∗∗ 0.193∗∗∗

(0.025) (0.025) (0.026) (0.022) (0.022)
[0.031] [0.031] [0.032] [0.024] [0.024]

Quintile 2 0.191∗∗∗ 0.184∗∗∗ 0.128∗∗∗ 0.180∗∗∗ 0.113∗∗∗

(0.024) (0.024) (0.025) (0.021) (0.022)
[0.030] [0.030] [0.031] [0.022] [0.023]

Quintile 3 0.124∗∗∗ 0.119∗∗∗ 0.078∗∗∗ 0.110∗∗∗ 0.058∗∗

(0.022) (0.022) (0.022) (0.019) (0.019)
[0.029] [0.029] [0.030] [0.021] [0.021]

Quintile 4 0.064∗∗∗ 0.063∗∗∗ 0.031 0.052∗∗ 0.010
(0.019) (0.018) (0.018) (0.016) (0.015)
[0.023] [0.023] [0.023] [0.016] [0.016]

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 25000 25000 25000 25000 25000
r2 0.945 0.949 0.949 0.950 0.951

Summary & Notes: Standard errors are spatially adjusted district for 30km in parentheses–“(
)”–and by 200km in brackets–“[ ]”. Statistical significance at the 1, 5, and 10% levels is
respectively denoted by ***, **, and *.
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Table C.7: Base Accts per Capita with Spatially Adjusted Standard
Errors

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Bank Accounts per Capita

Quintile 1 -0.220∗∗∗ -0.222∗∗∗ -0.156∗∗∗ -0.249∗∗∗ -0.185∗∗∗

(0.053) (0.054) (0.055) (0.050) (0.052)
[0.059] [0.061] [0.060] [0.054] [0.056]

Quintile 2 -0.121∗∗∗ -0.135∗∗∗ -0.075∗ -0.163∗∗∗ -0.106∗∗

(0.041) (0.041) (0.042) (0.041) (0.042)
[0.043] [0.044] [0.043] [0.042] [0.043]

Quintile 3 -0.112∗∗∗ -0.120∗∗∗ -0.073∗ -0.124∗∗∗ -0.078∗∗

(0.036) (0.037) (0.037) (0.038) (0.039)
[0.037] [0.039] [0.038] [0.040] [0.040]

Quintile 4 -0.040 -0.045 -0.028 -0.052∗ -0.040
(0.029) (0.029) (0.028) (0.030) (0.030)
[0.028] [0.029] [0.028] [0.029] [0.029]

IPost×Bank Accounts per Capita
Quintile 1 0.267∗∗∗ 0.268∗∗∗ 0.233∗∗∗ 0.275∗∗∗ 0.237∗∗∗

(0.022) (0.022) (0.023) (0.020) (0.020)
[0.023) [0.023) [0.024) [0.021) [0.021)

Quintile 2 0.208∗∗∗ 0.206∗∗∗ 0.175∗∗∗ 0.216∗∗∗ 0.182∗∗∗

(0.020) (0.020) (0.021) (0.018) (0.018)
[0.022] [0.022] [0.022] [0.019] [0.020]

Quintile 3 0.130∗∗∗ 0.127∗∗∗ 0.102∗∗∗ 0.136∗∗∗ 0.109∗∗∗

(0.019) (0.019) (0.019) (0.016) (0.016)
[0.019] [0.019] [0.019] [0.016] [0.015]

Quintile 4 0.048∗∗ 0.047∗∗ 0.039∗ 0.053∗∗∗ 0.046∗∗∗

(0.015) (0.015) (0.015) (0.013) (0.012)
[0.015] [0.015] [0.014] [0.012] [0.012]

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 613 613 613 613 613
Months 40 40 40 40 40

Observations 24,520 24,520 24,520 24,520 24,520
r2 0.946 0.949 0.950 0.951 0.951

Summary & Notes: Standard errors are spatially adjusted district for 30km in parentheses–“(
)”–and by 200km in brackets–“[ ]”. Statistical significance at the 1, 5, and 10% levels is
respectively denoted by ***, **, and *.
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Table C.8: Base 2015 Nighttime Lights with Spatially Adjusted
Standard Errors

Dependent variable: ln of monthly night time lights, Jan. 2015 - April 2018

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

IDuring× Pre-demonetization (2015) Nighttime Lights
Quintile 1 -0.528∗∗∗ -0.528∗∗∗ -0.477∗∗∗ -0.501∗∗∗ -0.432∗∗∗

(0.042) (0.042) (0.042) (0.046) (0.048)
[0.049] [0.049] [0.049] [0.051] [0.052]

Quintile 2 -0.159∗∗∗ -0.159∗∗∗ -0.113∗∗∗ -0.145∗∗∗ -0.088∗∗∗

(0.022) (0.023) (0.026) (0.024) (0.028)
[0.026] [0.027] [0.029] [0.028] [0.031]

Quintile 3 -0.075∗∗∗ -0.075∗∗∗ -0.040 -0.070∗∗∗ -0.024
(0.022) (0.023) (0.025) (0.023) (0.026)
[0.025] [0.027] [0.028] [0.027] [0.030]

Quintile 4 -0.040∗ -0.040∗ -0.015 -0.029 0.002
(0.020) (0.021) (0.022) (0.020) (0.022)
[0.022] [0.024] [0.025] [0.024] [0.025]

IPost×Pre-demonetization (2015) Nighttime Lights
Quintile 1 0.489∗∗∗ 0.489∗∗∗ 0.493∗∗∗ 0.477∗∗∗ 0.478∗∗∗

(0.017) (0.017) (0.018) (0.017) (0.019)
[0.021] [0.021] [0.023] [0.021] [0.023]

Quintile 2 0.313∗∗∗ 0.313∗∗∗ 0.316∗∗∗ 0.314∗∗∗ 0.315∗∗∗

(0.012) (0.012) (0.014) (0.012) (0.014)
[0.014] [0.014] [0.015] [0.015] [0.016]

Quintile 3 0.216∗∗∗ 0.216∗∗∗ 0.218∗∗∗ 0.217∗∗∗ 0.217∗∗∗

(0.011) (0.011) (0.012) (0.011) (0.013)
[0.013] [0.013] [0.014] [0.013] [0.014]

Quintile 4 0.119∗∗∗ 0.119∗∗∗ 0.120∗∗∗ 0.121∗∗∗ 0.122∗∗∗

(0.011) (0.011) (0.011) (0.010) (0.011)
[0.011] [0.011] [0.012] [0.011] [0.012]

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Months 40 40 40 40 40

Observations 25000 25000 25000 25000 25000
r2 0.938 0.938 0.938 0.939 0.939

Summary & Notes: Standard errors are spatially adjusted district for 30km in parentheses–“(
)”–and by 200km in brackets–“[ ]”. Statistical significance at the 1, 5, and 10% levels is
respectively denoted by ***, **, and *.
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D Additional Household Income Summary Statistics

Table D.1: Sources of Income Summary Statistics (I)

All Periods Pre During Post
Jan. 2015 - Jan. 2015 - Nov. 2016 - Jan. 2017 -
Apr. 2018 Oct. 2016 Dec. 2016 Apr. 2018

Monthly Real Income, Wages (in 100s of |) 115.58 111.87 110.96 121.60
(126.19) (116.02) (117.53) (140.51)

Quintile 1 65.87 59.41 66.54 75.24
(58.38) (48.16) (53.18) (70.22)

Quintile 2 86.53 81.46 84.65 94.19
(73.40) (64.69) (65.78) (84.79)

Quintile 3 101.79 97.55 97.60 108.54
(91.16) (81.59) (80.86) (104.36)

Quintile 4 128.93 125.99 122.36 134.07
(124.26) (111.29) (110.55) (142.39)

Quintile 5 204.30 205.20 193.77 204.35
(197.38) (179.10) (192.33) (221.76)

Monthly Real Income, Business (in 100s of |) 5.44 1.78 2.86 11.13
(39.86) (23.01) (24.54) (56.69)

Quintile 1 1.28 0.15 0.21 3.08
(12.50) (4.27) (4.92) (19.25)

Quintile 2 2.43 0.34 0.64 5.74
(19.10) (7.38) (9.00) (28.96)

Quintile 3 3.45 0.76 1.46 7.65
(25.71) (12.80) (15.78) (37.61)

Quintile 4 6.23 1.94 4.13 12.77
(38.79) (20.35) (28.26) (55.83)

Quintile 5 14.83 6.21 8.61 28.14
(74.77) (46.44) (44.59) (103.66)

Monthly Real Income, Govt. Transfers (in 100s of |) 0.54 0.30 0.33 0.91
(3.53) (3.17) (2.71) (4.07)

Quintile 1 0.54 0.27 0.27 0.97
(2.75) (2.46) (2.28) (3.13)

Quintile 2 0.50 0.24 0.27 0.91
(2.82) (2.32) (2.08) (3.46)

Quintile 3 0.48 0.26 0.29 0.83
(3.28) (2.89) (2.18) (3.85)

Quintile 4 0.50 0.26 0.33 0.87
(3.41) (2.73) (3.20) (4.21)

Quintile 5 0.68 0.49 0.50 0.97
(5.10) (4.95) (3.61) (5.45)
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Table D.2: Sources of Income Summary Statistics (II)

All Periods Pre During Post
Jan. 2015 - Jan. 2015 - Nov. 2016 - Jan. 2017 -
Apr. 2018 Oct. 2016 Dec. 2016 Apr. 2018

Monthly Real Income, Priv. Transfers (in 100s of |) 1.40 1.09 1.20 1.87
(11.96) (11.20) (10.02) (13.19)

Quintile 1 1.76 1.31 1.69 2.43
(9.08) (7.46) (8.35) (11.07)

Quintile 2 1.13 0.75 1.04 1.70
(9.06) (7.50) (8.58) (10.98)

Quintile 3 0.98 0.69 0.78 1.42
(9.49) (8.04) (7.88) (11.44)

Quintile 4 1.17 0.91 0.94 1.60
(11.75) (10.56) (9.53) (13.51)

Quintile 5 2.03 1.92 1.61 2.24
(18.55) (19.10) (14.83) (18.16)

Monthly Real Income, Imputed (in 100s of |) 1.04 0.64 0.73 1.66
(8.45) (6.77) (9.29) (10.30)

Quintile 1 0.99 0.75 0.67 1.40
(9.99) (10.67) (9.12) (9.02)

Quintile 2 0.92 0.50 0.59 1.58
(6.76) (5.30) (6.02) (8.49)

Quintile 3 1.02 0.58 0.67 1.71
(6.46) (4.42) (4.85) (8.72)

Quintile 4 1.11 0.66 0.84 1.79
(6.90) (4.92) (5.55) (9.12)

Quintile 5 1.18 0.75 0.92 1.83
(11.38) (6.74) (16.78) (15.19)
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E Potential Regional Mechanism: Credit

In this section, we present results using credit as an outcome rather than nightlights. In

all other respects, the specifications are similar to those in Tables 3-5.

Table E.1: District Credit: Preperiod Poverty HCR

Dependent variable: ln of quarterly credit, Q1 2015 - Q1 2018

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

IDuring× Poverty HCR
Quintile 1 0.041∗∗∗ 0.041∗∗∗ 0.030∗∗ 0.034∗∗ 0.023

(0.015) (0.015) (0.015) (0.015) (0.015)
Quintile 2 0.038∗∗∗ 0.037∗∗∗ 0.028∗∗ 0.029∗∗ 0.020

(0.014) (0.014) (0.014) (0.015) (0.014)
Quintile 3 0.031∗∗ 0.031∗∗ 0.025∗ 0.021 0.015

(0.013) (0.013) (0.013) (0.013) (0.013)

Quintile 4 0.015 0.015 0.011 0.009 0.004
(0.010) (0.010) (0.011) (0.011) (0.011)

IPost× Poverty HCR
Quintile 1 0.114∗∗∗ 0.114∗∗∗ 0.077∗∗ 0.127∗∗∗ 0.092∗∗

(0.041) (0.041) (0.034) (0.048) (0.040)
Quintile 2 0.077∗∗ 0.077∗∗ 0.046∗ 0.087∗∗ 0.057∗

(0.031) (0.031) (0.027) (0.039) (0.032)
Quintile 3 0.056∗ 0.056∗ 0.037 0.064∗ 0.044

(0.029) (0.029) (0.026) (0.039) (0.034)
Quintile 4 0.049 0.049 0.034 0.060 0.045

(0.032) (0.032) (0.030) (0.038) (0.034)
Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Quarters† 13 13 13 13 13

Observations 8124 8124 8124 8124 8124
r2 0.995 0.995 0.995 0.995 0.995

Summary & Notes: This table replaces the base measure of nighttime lights with the
quarterly log level of issued credit. Standard errors are clustered by district, and statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table E.2: District Credit: Preperiod Bank Accts per Capita

Dependent variable: ln of quarterly credit, Q1 2015 - Q1 2018

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

IDuring× Bank Accounts per Capita
Quintile 1 0.042∗∗∗ 0.042∗∗∗ 0.036∗∗∗ 0.043∗∗∗ 0.037∗∗∗

(0.013) (0.013) (0.012) (0.014) (0.013)

Quintile 2 0.032∗∗∗ 0.032∗∗∗ 0.027∗∗ 0.031∗∗ 0.026∗∗

(0.012) (0.012) (0.012) (0.014) (0.013)

Quintile 3 0.014 0.013 0.010 0.012 0.009
(0.012) (0.012) (0.011) (0.013) (0.012)

Quintile 4 0.011 0.010 0.009 0.008 0.007
(0.010) (0.010) (0.009) (0.010) (0.010)

IPost×Bank Accounts per Capita
Quintile 1 0.080∗∗∗ 0.080∗∗∗ 0.059∗∗ 0.080∗∗∗ 0.060∗∗

(0.028) (0.028) (0.023) (0.030) (0.024)

Quintile 2 0.070∗∗ 0.070∗∗ 0.054∗∗ 0.071∗∗ 0.056∗

(0.031) (0.031) (0.027) (0.033) (0.028)

Quintile 3 0.054∗ 0.053∗ 0.042 0.052∗ 0.042
(0.030) (0.030) (0.027) (0.030) (0.026)

Quintile 4 0.044 0.044 0.040 0.045 0.041
(0.034) (0.034) (0.033) (0.037) (0.036)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 613 613 613 613 613
Quarters† 13 13 13 13 13

Observations 7968 7968 7968 7968 7968
r2 0.995 0.995 0.995 0.995 0.995

Summary & Notes: This table replaces the base measure of nighttime lights with the
quarterly log level of issued credit. Standard errors are clustered by district, and statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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Table E.3: District Credit: Preperiod Nighttime Lights

Dependent variable: ln of quarterly credit, Q1 2015 - Q1 2018

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

IDuring× 2015 Nighttime Lights
Quintile 1 0.027∗∗ 0.026∗∗ 0.006 0.027∗∗ 0.014

(0.011) (0.011) (0.014) (0.012) (0.014)

Quintile 2 0.026∗∗∗ 0.025∗∗∗ 0.013 0.028∗∗∗ 0.019∗

(0.009) (0.009) (0.010) (0.009) (0.010)

Quintile 3 0.017∗∗ 0.017∗∗ 0.009 0.017∗∗ 0.011
(0.008) (0.008) (0.009) (0.009) (0.009)

Quintile 4 0.020∗∗ 0.019∗∗ 0.014∗ 0.018∗∗ 0.014∗

(0.008) (0.008) (0.008) (0.008) (0.009)

IPost×2015 Nighttime Lights
Quintile 1 0.110∗∗ 0.110∗∗ 0.051 0.115∗∗ 0.073

(0.043) (0.043) (0.048) (0.047) (0.050)

Quintile 2 0.069∗∗ 0.069∗∗ 0.032 0.080∗∗ 0.050
(0.034) (0.034) (0.034) (0.035) (0.034)

Quintile 3 0.058∗ 0.058∗ 0.035 0.059∗ 0.041
(0.031) (0.031) (0.030) (0.033) (0.031)

Quintile 4 0.084∗∗ 0.084∗∗ 0.068∗∗ 0.085∗∗ 0.074∗∗

(0.036) (0.036) (0.032) (0.036) (0.031)

Controls:

ln Cloud Free Days Y Y Y Y

ln Population 2011 × During & Post Y Y

Geoclimatic Controls × During & Post Y Y

ln Monthly Rainfall Y Y

District FE Y Y Y Y Y

State-year-month FE Y Y Y Y Y

Districts 625 625 625 625 625
Quarters† 13 13 13 13 13

Observations 8124 8124 8124 8124 8124
r2 0.995 0.995 0.995 0.995 0.995

Summary & Notes: This table replaces the base measure of nighttime lights with the
quarterly log level of issued credit. Standard errors are clustered by district, and statistical
significance at the 1, 5, and 10% levels is respectively denoted by ***, **, and *.
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