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Abstract

We study how consumer spending responds to digital payments, using the
differential switch to digital payments across consumers induced by the sudden
2016 Indian Demonetization for identification. Usage of digital payments rose
by 2.94 percentage points and monthly spending increased by 2.38% for an ad-
ditional 10 percentage points in prior cash dependence. Spending remained ele-
vated even when cash availability recovered. Robustness analyses show that the
spending response is not driven by income shocks, credit supply, price changes,
or consumers’ moving to the formal market. We provide evidence that digital
payments increase consumer spending due to subdued salience.
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1 Introduction

The increasing digitization of the global economy is changing how products and
services are produced, distributed, and sold all around the world. Digital pay-
ment instruments such as debit cards, credit cards, and mobile money have gained
widespread popularity. Globally, the share of adults using digital payments rose by
11 percentage points from 41% to 52% between 2014 to 2017 (Demirgii¢-Kunt, Klap-
per, Singer, Ansar, and Hess, 2018, Chapter 4). Motivated by the reduction of paper
currency operational costs and the improvement of financial inclusion brought by
digital payment technologies, several governments have launched official programs
to promote digital payments.!

In this paper, we study whether and how households” adoption of digital pay-
ments affects their spending decisions. Theoretically, digital payments can affect
consumption through two channels. Digital payments reduce transaction costs as
they render storing, transporting, and counting paper bills and coins unnecessary.
They are also less salient than cash. Both mechanisms lead to a prediction that adop-
tion of digital payments increases spending. Given the rapid pace at which digital
payments are displacing cash, understanding and assessing this effect is important.

Testing these theoretical predictions, however, is challenging empirically. The
observed use of digital payments is an equilibrium outcome that is affected by the
availability of digital payments as well as both consumers and merchants” aware-
ness of and willingness to use digital payments. On the one hand, consumers do
not have equal access to digital payments. On the other hand, merchants are not

uniformly willing to accept digital payments. Small or stand-alone merchants quite

IThe Prime Minister Jan Dhan Yojana scheme and RuPay cards in India, the Singapore Quick
Response (SG QR) code in Singapore, and the Faster Payment System (FPS) in Hong Kong are some
examples of government official programs. Relatedly, governments in Mexico, Brazil, the South
Africa, and Mongolia among others digitize government transfer payments.



often put restrictions for digital payments such as minimum spending.? Even in a
setting where merchants are willing to accept digital payments and consumers have
access, consumers can often choose to pay a small receipt with cash and switch
to digital payments for a larger receipt. This leads to a mechanical relationship be-
tween receipt size and cash usage, hindering useful inference of the impact of digital
payments on spending.>

To overcome this empirical challenge, we focus on a unique episode in the adop-
tion of digital payments. On November 8", 2016, the Indian government unexpect-
edly removed 86% of the existing currency in circulation from legal tender, effective
at midnight. New notes were not immediately available; rather, they were gradually
introduced over the next several months. This policy, referred to as “Demonetiza-
tion,” resulted in a sudden and sharp decline in the availability of cash that can be
used for spending transactions and a forced uptake of digital payments.

We use anonymized transaction-level data from a large Indian supermarket chain
to study the effect of digital payments adoption on spending. Compared to prior
studies that use survey or experimental data, we perform a more powerful test
based on monthly transaction-based spending by a large sample of individuals from
an administrative dataset that has little measurement error and covers a broad set
of consumption goods.

To tease out the effect of digital payments adoption, we exploit variation in
individual-level cash dependence. Since the Demonetization made a large num-

ber of existing bills cease to be a viable medium of exchange but made no restriction

2Consumers’ adoption of digital payments can feed back into merchants” adoption choice, and
vice versa (e.g., Higgins, 2020).

3Some prior studies use experimental settings to document the increase in consumers’
willingness-to-pay associated with cards (e.g., Feinberg, 1986; Prelec and Simester, 2001). While the
experimental settings can alleviate some of the confounds to a causal mechanism, they typically do
not involve real money transactions that are comparable to actual spending of typical households.
This leads to limited generalizability and quantitative relevance of these experimental findings.



for using digital payments, consumers who relied more on cash prior to this pol-
icy were more affected by the forced switch to digital payments. We construct an
individual-level measure of forced adoption as the level of cash usage prior to the
Demonetization announcement, using the detailed records of payment methods.

We compare changes in spending patterns across individuals with varying de-
grees of prior cash dependence in a difference-in-differences framework. In the
panel regressions, we include a host of fixed effects to control for various confound-
ing factors. Individual fixed effects absorb the impacts of time-invariant individual
characteristics. In addition, district x year-month fixed effects control for the impacts
of underlying economic conditions that can vary by district, such as the district-
specific exposure to the Demonetization (Chodorow-Reich, Gopinath, Mishra, and
Narayanan, 2019; Crouzet, Gupta, and Mezzanotti, 2021).

We validate that prior cash dependence captures the forced switch to digital pay-
ments. Usage of digital payments rose by 2.94 percentage points for an additional
10 percentage points in prior cash dependence following the Demonetization. Such
a forced switch to digital payments is associated with a marked and highly statisti-
cally significant increase in spending: moving from the 25™ to the 75™ percentile of
prior cash dependence is associated with a 11.9% increase in spending. In addition,
we find that the increase in spending remained persistent till September 2017, the
end of our sample period, despite the demonetized notes being replenished a few
months after November 2016.

We verify the validity of the identifying assumption, that is, the group charac-
terized by a given prior cash dependence serves as a good counterfactual for other
groups with different prior cash dependence, using multiple approaches. We first
show that the difference in spending across individuals with varying levels of prior

cash dependence before the Demonetization announcement is economically negli-



gible and statistically insignificant, which confirms the parallel-trends assumption.
Next, we investigate whether observable differences among individuals with vary-
ing treatment intensity could drive our results by allowing these observable char-
acteristics to affect the response to Demonetization. The results obtained from this
augmented specification resemble those from the main analysis.

We conduct several additional analyses to sharpen our understanding of the
spending response. First, we analyze different types of spending. We find that
previously cash-reliant individuals increased their non-food spending and durable
spending relative to their food spending and non-durable spending. Second, we ex-
amine measures of supermarket spending variety and shopping intensity. We find
that these measures respond to the forced switch to digital payments in a consis-
tently positive and highly significant manner. Third, we also investigate the com-
position of the observed increase in spending by examining the quantity and price
of goods purchased. We find strong evidence that consumers who were forced to
switch to digital payments purchased expensive goods in narrowly-defined cate-
gories following the Demonetization.

We perform additional tests to address other potential threats to our identifi-
cation strategy and examine the robustness of our results. First, we address the
possibility that a shift of unobserved purchases to purchases recorded in our data
following the Demonetization leads our estimate to be upward biased using multi-
ple approaches. The exclusion of new consumers that arrived after the Demoneti-
zation from our analysis implies that we are not picking up the most obvious form
of this shifting. The markedly higher increase in non-food spending and in durable
spending runs contrary to what a shift of purchases from informal markets to the
supermarket among existing consumers would predict, as non-food and durable

products are not commonly available in informal markets. We find that across con-



sumers, high prior food spending is associated with a higher spending response,
opposite to what the notion of shifting food purchases from informal markets to the
supermarket would predict. We also examine the responses of informal markets to
the Demonetization. Using detailed data on mobile payment, we find that informal
markets increased their usage of digital payments following the Demonetization,
consistent with the findings of Crouzet, Gupta, and Mezzanotti (2021). They also
extended more informal credit. Both behaviors alleviate the negative impact of the
Demonetization on their business and mitigate the extent to which consumers need
to move purchases to the formal market.

Second, we test whether a spurious correlation between prior cash dependence
and income shocks might explain our findings. We split our sample by whether an
individual paid large receipts with cash in the pre-Demonetization period, a proxy
for drawing income from the informal sector. We find that consumers who engaged
in informal economic activities are characterized by a higher prior cash dependence
and a lower spending response. The income differential, if exists, likely contributes
to a downward bias of the estimated coefficient.

Third, we consider the possibility that our results might be driven by an increase
in credit supply targeted to by previously cash-reliant individuals. A higher prior
cash dependence is associated with a slightly lower credit card usage following the
Demonetization, which is consistent with the literature on credit history and access
to credit. When we examine existing users, new users, and non-users of credit cards
separately, we find suggestive evidence of an increase in credit supply to existing
and new users. Nonetheless, these two groups together account for a small fraction
of consumers. The results derived from non-users who represent the majority of our
sample are virtually unchanged from our main results derived from the full sample.

Fourth, one might worry that the effect of digital payments on spending is me-



chanically driven by increases in product prices. To test this channel, we measure
the exposure to the Demonetization-induced adoption of digital payments for each
product using the spending profile of its consumers and compare products of dif-
ferent levels of exposure. We find no evidence that high-exposure products experi-
enced a larger price increase than low-exposure products. Lastly, we find that the
economic magnitude of the spending response remains stable when we re-estimate
the equation using an alternative measure of spending as the outcome variable.
According to our estimates, a forced switch to digital payments induced by
the Demonetization leads to a sharp increase in consumption by previously cash-
dependent households. It remains to be seen whether the effect is driven by lower
transaction costs or subdued salience. To analyze which of these two channels qual-
ifies as a more plausible explanation for our empirical finding, we exploit the differ-
ential impact of salience of cash on offline and online purchases and compare con-
sumer spending behaviors in the supermarket with an online grocery store. Online
purchases are characterized by a time lag between the purchase decision and the de-
livery of goods. At the time of the purchase decision, both cash payment (i.e., cash
on delivery) and digital payments involve no physical exchange of money between
hands. Therefore, paying for an online purchase with cash invokes the behavioral
costs associated with cash payment being effortful, instant, and memorable to an
lesser extent than paying for an offline purchase with cash. Crucially, the transac-
tion costs associated with cash apply equally to online and offline shopping. As in
our main analysis using the supermarket data, we exploit the individual-level varia-
tion in cash dependence prior to the Demonetization to estimate the forced switch to
digital payments and associated spending response using data from a large online
grocery retailer. We find that the forced switch to digital payments by previously

cash-reliant individuals is stronger in the online retailer panel. On the contrary,



the spending response is much muted. The estimated increase in spending in the
online retailer panel is one-fifth of the effect found in the supermarket panel. The
difference in estimated spending responses between the two panels suggests that
the large spending response we observe in the supermarket panel is likely to reflect
the behavioral forces as opposed to the transaction costs.

This paper engages with several strands of the literature. First, we contribute
to the literature on the economic impacts of digital payments. The interest charges
on credit cards pose substantial costs.* Debit cards, which share similar acceptance,
security, portability, and time costs as credit cards and have become a close sub-
stitute for credit cards over time (Zinman, 2009), are not cost-free for households.
Stango and Zinman (2009) analyze the costs consumers pay for debit and credit
cards and conclude that a large fraction of the total costs can be avoided by min-
imal behavior changes. Moreover, digital payments can affect household savings
(Suri and Jack, 2016; Bachas, Gertler, Higgins, and Seira, 2020), risk sharing (Jack
and Suri, 2014), and the feedback between merchants” adoption and consumers’
adoption (Higgins, 2020). Thus far, this literature has largely taken the consump-
tion bundle as given. Our paper, by contrast, emphasizes that digital payments can
directly affect the consumption bundle through their subdued salience. Our paper
is also related to the findings by Agarwal, Basu, Ghosh, Pareek, and Zhang (2018),
Chodorow-Reich, Gopinath, Mishra, and Narayanan (2019), and Crouzet, Gupta,
and Mezzanotti (2021) that the drying-up of cash due to Demonetization leads to a

substantial and persistent rise in the adoption of digital payments.

4Simultaneously lending “low” in bank transaction accounts and borrowing “high” on credit
cards is prevalent among households, particularly in the US; this phenomenon is widely viewed
as an apparent violation of the no-arbitrage condition and therefore termed the “credit card debt
puzzle.” The interest rate differential that exceeds 10% per year is a substantial cost for the bor-
rowing high and lending low households. In accounting for this seeming puzzle, researchers have
proposed rational explanations such as the implicit value of liquid assets arisen from payment and
credit market frictions (Zinman, 2007; Telyukova, 2013) and psychological factors such as present-
biased preferences (Meier and Sprenger, 2010) and self control (Bertaut, Haliassos, and Reiter, 2009).
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There is a growing literature that studies the impacts on consumer spending
of government policies that do not affect household income directly. D’Acunto,
Hoang, and Weber (2018) study an unexpected announcement of a future increase in
value-added tax in Germany and document its sizable effects on households’ infla-
tion expectations and willingness to purchase in Germany. Relatedly, Baker, Kueng,
McGranahan, and Melzer (2019) find a substantial tax elasticity for car sales in antic-
ipation of future sales tax changes in the United States. Our paper differs in several
ways. First, we show that our channel operates through salience of payment in-
struments, whereas the unconventional fiscal policy operates through intertemporal
substitution. Moreover, we use actual transaction data of a broad set of consump-
tion goods to characterize households” spending response. Finally, we document
a consumption response in the absence of price changes, as opposed to a scenario
where consumption tax changes affect the prices directly.

Our paper also contributes to the policy debate about the costs and benefits of
moving to a cashless economy. Cash poses substantial operational costs to the econ-
omy as a whole: the central bank is responsible for manufacturing, quality control,
circulation control, and counterfeit detection; banks spend resources in managing
their ATMs, branches, teller services as well as deposit collection and handling of
coins.? Moreover, there are indirect, societal costs of cash such as curbing the effec-
tiveness of monetary policy by putting a floor on the nominal interest rate and facili-
tating illegal activity and tax evasion (Rogoff, 2017). Moving to digital payments can
potentially reduce these direct and indirect costs and therefore promote economic
growth and efficiency. Given the heavy use of cash in India and many other emerg-

ing economies, such gain could be substantial. Our paper provides causal evidence

5In the primarily cash-based Indian economy, the total currency operation costs is estimated to be
210 billion rupees (3.15 billion dollars) annually (Mazzotta, Chakravorti, Bijapurkar, Shukla, Rame-
sha, Bapat, and Roy, 2014).



that digital payments lead to increased spending and documents that the spending
response is primarily driven by the salience channel. This finding suggests that a
move from cash towards digital payments could unintentionally encourage people
to over-spend, which could undermine sound personal financial planning.

The paper proceeds as follows: Section 2 provides an overview of the November
2016 Demonetization in India. Sections 3 and 4 describe the data and the empiri-
cal approach. Section 5 presents our main results, followed by analysis to address
alternative explanations in Section 6 and to disentangle the underlying channel in

Section 7. Section 8 concludes.

2 The 2016 Demonetization in India

On November 8™ 2016, at 8:15pm local time, the Indian Prime Minister Narendra
Modi announced a Demonetization scheme in an unscheduled live television ad-
dress: The two largest denomination notes, the 500 and 1000 rupee notes (7.5 and
15 dollars, respectively), would cease to be legal tender and be replaced by new
500 and 2000 rupee notes. Effective at midnight, holders of the old notes could de-
posit them at banks but could not use them in transactions. The stated objectives
of the policy were to weed out black money, remove fake paper notes, and reduce
corruption, tax evasion, and terrorism.®

At the time of the announcement, the demonetized 500 and 1000 notes accounted
for 86% of currency in circulation. There was prolonged unavailability of new notes
due to printing press constraints. Before the November 8" announcement, the

government did not print and distribute a large number of new notes to maintain

the secrecy of the policy. Total currency declined overnight by 75% and recovered

®The Indian government had demonetized paper notes on two prior occasions — once in 1946
and once in 1978 — in both cases, the goal was to combat tax evasion and black money.



only slowly over the next several months (Chodorow-Reich, Gopinath, Mishra, and
Narayanan, 2019).

Such a large drop has profound impacts as India was a primarily cash-based
economy. Currency in circulation accounts for almost 18% of India’s GDP, com-
pared to 3.5% to 8% in the United States and the United Kingdom. About 87% of
the value of all transactions in 2012 was in cash (Mazzotta, Chakravorti, Bijapurkar,
Shukla, Ramesha, Bapat, and Roy, 2014). In 2015, usage of debit cards at purchase
transactions (point-of-sales machines) accounted for only around 12% of total vol-
ume and 6% of total value of debit card transactions; the remaining transactions
are ATM transactions such as cash withdrawals and deposits, which would map
into using cash at purchase transactions.” The large and sudden Demonetization
event in November 2016 represents a forced switch away from using cash for trans-
actions. The economic costs associated with adopting digital payments are small for
consumers as the ownership of bank accounts, debit cards, and mobile phones were
very common in India by 2016 (Agarwal, Alok, Ghosh, Ghosh, Piskorski, and Seru,
2017).8

3 Data

We use anonymized transaction-level data from a large Indian supermarket chain.
The data comprise all purchases in 171 stores in twenty-one districts of five states
from April 2016 to September 2017. For each purchase transaction, we observe the

date and address of the store where the purchase was made. We also observe the

7Source: RBI's Concept Paper on Card Acceptance Infrastructure published on March 8t 2016,
available at https://www.rbi.org.in/Scripts/PublicationReportDetails.aspx?UrlPage=&ID=
840.

8 As of November 214 2016, there were 254.5 million new accounts and 194.4 million debit cards
issued under the Prime Minister Jan Dhan Yojana (PMJDY) scheme. Source: PMJDY archive reports,
available at https://pmjdy.gov.in/.

10


https://www.rbi.org.in/Scripts/PublicationReportDetails.aspx?UrlPage=&ID=840
https://www.rbi.org.in/Scripts/PublicationReportDetails.aspx?UrlPage=&ID=840
https://pmjdy.gov.in/

payment method(s) and their shares if multiple payment methods were used to pay
for the purchase. The main payment method categories include cash, debit cards,
credit cards, and mobile payments.

We conduct our analysis at the individual consumer level. To this end, we focus
on the purchases that involve the use of a loyalty card and therefore can be linked
to individual consumers. These purchases account for 80% of all purchases we ob-
serve, consistent with the magnitude reported by Hastings and Shapiro (2018). We
discuss sample construction in greater details in Online Appendix Section A. To
ensure that the household-level changes in payment choice and spending follow-
ing the Demonetization are well-defined, a necessary requirement for difference-in-
differences research designs, we restrict the sample to consumers that started shop-
ping at this chain before November 2016 and remained as customers afterwards.
The household-level panel data set contains a total of 924,753 individual consumers.

For each individual in our panel, we aggregate the purchases to the monthly
level. Measures we use in our analysis include payment instruments usage, total
spending and its composition, and spending variety and shopping intensity. All
nominal variables are deflated to December 2015 real Indian rupee (INR) using In-
dia’s overall CPL.® We code observations of flow variables as zero if the individual
did not have any corresponding transactions in the given month.!”

Table 1 presents the summary statistics of usage of payment instruments in the
cross-section of individuals. For each individual, we calculate the share of spend-
ing paid by cash, debit cards, credit cards, and mobile payments, separately for

the seven months prior to the Demonetization (i.e., April to October 2016) and the

9We obtain similar results if we do not deflate nominal values.
10 Admittedly, zero-valued observations would drop out in log-linear regression specifications and
may affect the consistency of the estimate. We show that we obtain estimates of similar economic
magnitude in both the level and the log specifications in Section 6.E.
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eleven months following the Demonetization announcement (i.e., November 2016
to September 2017). The average cash usage drops from 70% to 57% following the
Demonetization; such a decline is mostly compensated by an increase in debit card
usage from 24% to 35%. Usage of mobile payments and credit cards also increases

modestly from the respective pre-Demonetization level.

4 Identification and Empirical Strategy

We are interested in estimating the impact of the usage of digital payments on con-
sumer spending. Theoretically, digital payments can affect consumption in two
ways. Digital payments reduce transaction costs as they render storing, transport-
ing, and counting paper bills and coins unnecessary. They are also less salient than
cash. Both mechanisms lead to a prediction that digital payments increase spending
through their lower transaction costs and lower salience.

However, important confounding factors prevent a straightforward causal iden-
tification through an ordinary least squares (OLS) regression of spending on a mea-
sure of digital payment usage. One omitted variable is the access to digital pay-
ments, which is certainly neither equal nor random in the population. Prior research
(e.g., Borzekowski and Kiser, 2008) shows that access to digital payments can be in-
fluenced by socioeconomic factors — income, wealth, education, etc. Observing a
positive correlation between the level of spending and using digital payments is
consistent with the income effect by which higher-income individuals have better
access to digital payments and spend more relative to lower-income individuals.
Moreover, causality can run in the opposite direction even if we equalize the access
to digital payments across individuals: which payment method is used and there-
fore observed by the econometrician in the actual transaction data is an endogenous

choice typically affected by the transaction amount. Smaller receipts tend to be paid
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by cash due to convenience.!! Both the omitted variable and the reverse causality
are likely to bias the OLS estimate of the causal parameter of interest — the coefficient
of the digital payment usage on an individual’s spending — upward.

To resolve this identification challenge, ideally one would randomly assign iden-
tical consumers to cash and digital payment methods that are both accepted in the
merchant. In this randomized setting, the difference in spending amount between
cash users and digital payment users would be orthogonal to all individual char-
acteristics and therefore reflect the impact of payment methods. We adopt a quasi-
random approach, exploiting the variation in individual consumers’ exposure to
the sudden dry-up of cash due to the Demonetization. The Demonetization drained
the currency in circulation and affected individuals” ability to use cash in transac-
tions, therefore forcing cash-dependent individuals to switch to digital payments.
An individual’s exposure to this forced switch is proportional to his/her prior cash
dependence. We compare changes in spending patterns across individuals with
varying degrees of prior cash dependence in a difference-in-differences (DiD) frame-
work.

For each individual consumer i, we measure the prior cash dependence as the
share of spending paid by cash from April 2016 to October 2016. The resulting
measure PriorCashDependence; is a continuous variable ranging between 0 and 1.
By comparing changes in spending patterns across individuals with varying degrees
of prior cash dependence, our empirical approach can be described as a difference-
in-differences (DiD) design with continuous treatment intensity.'2

Admittedly, there are observable and unobservable differences among individ-

"n our sample, the mean (median) receipt amount paid with cash is 204.28 (88) rupees while the
mean (median) receipt amount paid with digital payments is 620.79 (292.5) rupees.

12We illustrate the core idea of our identification strategy in traditional two-group calendar time
graphs commonly used in a DiD research design in Online Appendix Section B.1.
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uals with differential pre-Demonetization reliance on cash, which could affect their
consumption patterns. In our analysis, we explicitly test for any difference in con-
sumption between the two groups during the pre-Demonetization period. If our
research design is valid, we expect to observe an economically and statistically
insignificant difference in consumption between the two groups during the pre-
Demonetization period (i.e., parallel trends in the pre-treatment period).

Table 2 reports the correlation between prior cash dependence, the treatment in-
tensity variable, and various spending characteristics. The correlation with three
measures of information completeness (whether the consumer’s age, gender, and
marital status is recorded in the loyalty card record system) is close to zero, mitigat-
ing the concerns for potential selection into higher treatment intensity.

Although dependence on cash is likely orthogonal to the sudden Demonetiza-
tion announcement, it may be endogenously related to wealth and other demo-
graphic variables. The correlation of -0.37 between prior cash dependence and
the log level of monthly spending implies that on average, individuals with higher
spending levels are less reliant on cash payment, consistent with the possibility that
higher-income individuals have better access to digital payments and spend more
relative to lower-income individuals. To the extent that the identifying assumption
lies in the “parallel trends” assumption, the difference in the level of spending across
different levels of treatment intensity is of lesser concern, and we will test explicitly
for the parallel trends between the two groups before the policy shock. In addition,
we perform various diagnostic checks and falsification tests on the validity of the
difference-in-differences strategy.

Our baseline panel regression specification is as follows:

Vit = Wi + 1144 + B - (PriorCashDependence; x Post;) + €; (1)

14



yit is a measure of spending behavior (spending amount, payment pattern) of
consumer i in month t. The key variable of interest is the interaction term between
PriorCashDependence; and Post;, an indicator for post-Demonetization months. Its
coefficient B measures the forced switch to digital payments.

We include a host of fixed effects to control for confounding factors that are in-
variant in certain dimensions. Individual fixed effects, y;, absorb fixed individual
characteristics, whether observed or unobserved, disentangling the Demonetization
shock from socioeconomic and demographic sources of omitted variable bias. Time
fixed effects, 7, further neutralize the impacts of common trends. The substan-
tial variation in the supply of new paper bills after the Demonetization announce-
ment across districts (Chodorow-Reich, Gopinath, Mishra, and Narayanan, 2019)
likely causes the common trends of observed within-individual changes in payment
choice and spending to differ across different districts. To fully control for the im-
pact of district-specific currency supply shocks, we include a separate set of time
fixed effects for each district (hence the subscript d).!3

This specification augments a standard DiD specification by taking a flexible and
agnostic approach to account for treatment intensity (subsumed by individual fixed
effects) and the post-treatment indicator (subsumed by district x year-month fixed
effects). Standard errors in all regression analyses are doubly clustered at individual
level and at month level.

In addition, we study the dynamics of the spending response using the following

13We find that districts more exposed to the Demonetization experienced a larger decrease in con-
sumer spending in Online Appendix Section B.3, consistent with the disruptive impact of the De-
monetization on the overall economy (Chodorow-Reich, Gopinath, Mishra, and Narayanan, 2019).
This correlation makes it important to include district x year-month fixed effects, as opposed to just
time fixed effects, for a cleaner identification.
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distributed lag model:

10
Yie = Wi+ T4+ Z Bt (PriorCashDependence; x 1) + ¢€;; )
t=—3

where 1; is an indicator variable for each of the months before and after the De-
monetization. The first four months in our sample period, April to July 2016, con-
stitute the omitted baseline group. In this dynamic specification, the coefficient B
measures the immediate response in spending during the Demonetization month.
B1,- -+, B1o track the spending response one month, two months, - - -, and ten months
after the Demonetization, respectively. Similarly, B_3,---, -1 capture the differ-
ence of trends in spending across individuals with varying prior reliance on cash in

each of the three months before the Demonetization.

5 Evidence of Spending Increase Induced by Digital Payments

5.A Forced Switch to Digital Payments and Its Effect on Spending

We estimate equation (1) to examine the relationship between prior dependence on
cash and a consumer’s payment choice and spending following the Demonetization
and report the results in Table 3. In this specification, the inclusion of individual
fixed effects neutralizes the impact of time-invariant individual characteristics such
as unobserved consumption preferences; the inclusion of district x year-month fixed
effects controls for the impacts of underlying economic conditions that can vary by
district, such as the district-specific exposure to the Demonetization (Chodorow-
Reich, Gopinath, Mishra, and Narayanan, 2019; Crouzet, Gupta, and Mezzanotti,
2021).

Column 1 shows the forced switch to digital payments induced by the Demoneti-

zation: an increase of 10 percentage points in the prior cash dependence is associated
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with a 2.94 percentage point drop in cash usage, or a 2.94 percentage point increase
in digital payments usage, following the Demonetization. Columns 2—4 decompose
digital payments into debit cards, mobile payments, and debit cards. The decline in
cash usage is mostly compensated by an increase in debit card usage. Adoption of
mobile payments also has a statistically significant increase, albeit with a minuscule
economic magnitude. On the contrary, high prior cash dependence leads to a small
yet significantly lower credit card usage following the Demonetization.

Column 5 reports the result for the natural logarithm of spending amount and
shows that an increase of 10 percentage points in the prior cash dependence is as-
sociated with a 2.38% increase in monthly spending. An analysis using the inter-
quartile range of prior cash dependence can demonstrate the economic significance
of this estimate: the 25™ and 75" percentiles of prior cash dependence are 50% and
100%. Therefore, a consumer at the 75™ percentile of prior cash dependence in-
creases spending by 11.9% relative to a consumer at the 25" percentile.!*

Columns 1-3 of Table 4 show the estimates obtained from the sample excluding
full cash users prior to the Demonetization. In this subsample, the effects on the
usage of each payment method and on the absolute level of spending are quanti-
tatively similar, whereas the effect on log spending is smaller. Columns 4-6 show
the results estimated from the sample excluding the first three months following
the Demonetization announcement (November 2016, December 2016, and January
2017). These estimates confirm that the spending response is unchanged when cash

made a comeback to the economy.

14Table 12 directly examines the level of spending by instruments and shows that a decrease in
cash spending is mostly compensated by an increase in debit card spending.
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5.B Testing the Identifying Assumptions

Before turning to additional results on the dynamics, heterogeneity, and character-
istics of the spending response, in this subsection, we address several key concerns
with our empirical approach.

The parallel-trends assumption. To explicitly examine the parallel-trends assump-
tion, in Columns 1-2 of Table 5, we additionally control for PriorCashDependence; x
1(Pre) with Pre equal to 1 for the three months prior to the Demonetization an-
nouncement (i.e., August to October 2016). The coefficient estimate of PriorCashDependence; x
1(Pre) captures the difference among individuals with varying treatment intensity
before the policy change. For the parallel-trends assumption to hold, the coeffi-
cient of PriorCashDependence; x 1(Pre) should be statistically insignificant and eco-
nomically small, which is what we find. This evidence confirms the validity of the
parallel-trends assumption.

Controlling for the observable differences among individuals with varying treatment in-
tensity. One challenge with the current identification is that consumers with varying
degrees of prior cash dependence differ significantly along observable dimensions.
The pre-Demonetization parallel trends across consumers with different treatment
intensity have already mitigated the concern regarding our empirical strategy. Fur-
thermore, the inclusion of individual fixed effects neutralizes the static impact of
time-invariant individual characteristics such as demographic features and unob-
served consumption preferences. To directly examine whether observable differ-
ences lead to differential responses to the Demonetization, we additionally control
for X; x 1(Post) with X; corresponding to observable pre-Demonetization charac-
teristics. We consider the following pre-Demonetization characteristics: whether

the registration records contain age, gender, and marital status of the consumer as
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well as the share of food spending. In this augmented specification, we allow for
these observable features to affect an individual’s changes in payment choice and
spending following to the Demonetization. The results, reported in Columns 3-4 of
Table 5, show that the coefficients of PriorCashDependence; x 1(Post) do not change

in any statistically significant sense.

5.C Dynamics of the Spending Response

We also examine the dynamic pattern of the payment choice and spending responses.
The Demonetization resulted in a sudden dry-up of cash that persisted for several
months. It is possible that the eventual replenishment of cash would un-do some of
the forced switch to digital payments and therefore restrict the effect on spending.
However, the impact of cash availability on payment choice can be highly asym-
metric: while a sudden dry-up of cash forces consumers to seek digital alternatives,
the replenishment of cash may become irrelevant for them. Consider the following
scenario: a consumer who was not familiar with digital alternatives to cash adopts
some digital payments and enjoys the associated benefits such as the ease of record-
keeping and no longer needing to carry and count bills and coins. She is unlikely to
go back to the traditional way of paying by cash.

To examine this, we estimate equation (2) for two outcome variables, cash usage
and log spending, and plot the estimated coefficients in Figure 1.

Panel (a) plots the estimated B; for the share of spending paid by cash. The coef-
ticients correspond to the change in cash usage relative to the omitted period April
to July 2016 (in percentage points) associated with a one percentage point increase
in prior cash dependence. The estimates show that cash usage was stable prior to
the Demonetization, plummeted by 0.28 percentage point (for each one percentage

point increase in prior cash dependence) in November 2016 when the Demonetiza-
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tion took place, and then remained low till the end of our sample period.

Panel (b) plots the estimated f; for the natural logarithm of spending amount.
The coefficients correspond to the proportional change in monthly spending rela-
tive to the omitted period April to July 2016 (in percentage points) associated with
a one percentage point increase in the prior cash dependence. This analysis shows
the dynamic pattern of spending and provides another test of the parallel trends
assumption underlying our research design. In the months prior to the Demone-
tization, there is little change in spending across households with differential de-
gree of cash dependence. In November 2016, previously cash-reliant households
increased their spending relative to the less cash-reliant households; the estimated
differential change between the households at the 75% and 25" percentiles of prior
cash dependence is 6%. The differential change continues to increase till the end
of our sample period. The parallel pre-trend implies that spending would have
been unlikely to change if not for the Demonetization, reinforcing our claim that
the observed increase in spending by previously cash-reliant consumers is likely to

capture the causal response to the adoption of digital payments.

5.D Characteristics of the Spending Response

So far, we have shown that the Demonetization induces consumers who were pre-
viously heavily cash-reliant for supermarket purchases to adopt digital alternatives
and increase spending. To provide perspectives on the mechanisms driving this
spending response, we exploit the richness of our data to analyze different types
of spending, spending variety and shopping intensity, as well as the quantity and

price of goods purchased.
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5.D.1 Spending by Type

We first differentiate food and non-food spending. Columns 1 & 2 of Table 6 report
the effect on the probability of positive food and non-food spending, respectively.
A coefficient of 0.004 in column 1 implies that an increase of 10 percentage points
in the prior cash dependence is associated with a 0.04 percentage point increase in
the probability of spending on food products following the Demonetization. The
increase is roughly 0.04% of the average probability of 94%. On the contrary, col-
umn 2 shows that an increase of 10 percentage points in the prior cash dependence
is associated with a 0.5 percentage point increase in the probability of spending on
non-food products, or 1.1% of the pre-period level, following the Demonetization.
In column 3, the outcome variable is the share of non-food spending in total spend-
ing. According to its estimate, an increase of 10 percentage points in the prior cash
dependence is associated with a 0.16 percentage point increase, or a 0.73% increase,
in the share of non-food spending in total spending, following the Demonetization.

We consider an alternative dichotomy between durable and non-durable pur-
chases and report the corresponding analyses in columns 4-6 of Table 6. A coef-
ficient of 0.011 in column 4 implies that an increase of 10 percentage points in the
prior cash dependence is associated with a 0.11 percentage point increase, or a 3%
increase, in the probability of durable shopping following the Demonetization. Col-
umn 5 shows that an increase of 10 percentage points in the prior cash dependence
is associated with an increase of less than 0.01 percentage point in the probability of
non-durable spending following the Demonetization. The increase is tiny relative
to the average probability of 100%. Column 6 shows that an increase of 10 percent-
age points in the prior cash dependence is associated with a 0.01 percentage point

increase, or a 1.2% increase, in the share of durable shopping in total spending, fol-
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lowing the Demonetization.

5.D.2 Spending Variety and Shopping Intensity

We also examine how variety of supermarket spending and shopping intensity re-
spond to the forced switch to digital payments in Table 7. We measure variety of
supermarket spending by the number of unique products purchased (product vari-
ety, column 1), the number of unique broad categories purchased (broad category
variety, column 2), the number of unique product categories purchased (category
variety, column 3), and the number of unique stores within the supermarket chain
from which a consumer makes purchases (shop variety, column 4). The estimates
show that previously cash-reliant consumers increased the variety of their super-
market spending by a statistically significant margin according to three out of four
variety measures as they were forced to switch to digital payments following the
Demonetization. We measure shopping intensity by counting the number of shop-
ping trips in a month. In column 5, we find that shopping intensity, as measured by

the number of trips, did not change in any statistically significant way.

5.D.3 Quantity and Quality of Products Purchased

Lastly, we examine the quantity and quality of products purchased. The spending
data records the name of the products, as well as the product categories. The prod-
uct name includes the brand and the portion, if applicable. The store classifies all the
products into five hierarchical layers of categories. For this analysis, we use the two
most granular categorizations. Examples of the second most granular categories in-
clude “Cereals - Pulses and Flours,” “Fruits,” “Vegetables,” “Cooking Appliances,”
and “Infant Underwear & Night Wear.” Each of these categories can be further bro-

ken down into a few next-level categories. For example, the “Vegetables” category
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can be broken down into “Local Vegetables” and “Special /Exotic Vegetables.” This
granular categorization makes the products in the same category more compara-
ble in terms of intrinsic value and therefore makes the quantity purchased and the
quality meaningful.

We examine category-level outcome variables by running the following regres-

sion for consumer i’s spending in category ¢ in month ¢:

Vietr = Wic + Teqp + Be - (PriorCashDependence; x Post;) +¢€; 3)

In this specification, the coefficient B, measures the impact of Demonetization.
The individual x category fixed effects y;. control for the potential differences in
spending profiles across consumers; the category x district x year-month fixed effects
7,4+ subsume factors such as the seasonality in product demand and supply and
the supplier’s pricing responses that are allowed to differ across districts.

We conduct the category-level analysis using equation (3) for three outcome vari-
ables: the rupee amount spent on the category (Amount), the quantity of goods
purchased (Quantity), and the unit price of goods purchased (Quality). The results
are reported in Table 8. Panel A reports the results using the second most granular
definition of categories, and Panel B reports the results using the most granular def-
inition of categories. Under both levels of granularity, we find a positive coefficient
for Amount, Quantity, and Quality. The effect is strongest for Quality: Consumers
with a higher prior cash dependence buy more expensive products following the

Demonetization.
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6 Additional Robustness Tests

6.A Addressing the Identifying Concern of Purchase Substitution

A concern for our identification strategy arises from the possible shift from unob-
served purchases to purchases recorded to our data. If cash users used to buy gro-
cery from informal markets, such as wet markets and street stalls, and moved their
purchases to the supermarket after the Demonetization, they would have a higher
spending response as captured by the data. This possibility would lead to an up-
ward bias of the estimated impact.

Our findings are unlikely to be attributable to the purchase shift for two rea-
sons. First, new consumers that arrived after the Demonetization are excluded from
our analysis. Our estimation is not affected by the shift from informal markets to
the supermarket in the form of newly arrived consumers. Second, if a shift of pur-
chases from informal markets to the supermarket among existing supermarket con-
sumers is driving our results, the observed spending response should concentrate
on the types of products commonly available in informal markets such as fresh pro-
duce and other non-durable goods. However, we find that the spending response
is markedly higher in non-food spending and durable spending relative to food
spending and non-durable spending in section 5.D.

We also test for heterogenous shifts of purchases from informal markets to the su-
permarkets across consumers. We hypothesize that consumers who mainly bought
non-food goods in the supermarket chain are likely to be those who are shifting
their food purchases and therefore they should exhibit a higher spending response
following the Demonetization.

To test this, we divide all individuals into two groups based on whether the share

of food spending in the seven months prior to the Demonetization reaches the me-
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dian level (88%, Table 1). We examine the fraction of spending paid by cash, log level
of total spending, and the share of food spending for the two groups separately and
report the estimates in Table 9. Although the switch to digital payments is roughly
equalized between the two groups, the spending response is higher among indi-
viduals with above-the-median prior food spending, opposite of what the hetero-
geneous shifts of purchase would predict. The increase in the share of food spend-
ing observed among individuals with below-the-median prior food spending lends
some support for a shift of purchases from informal markets to the supermarket.
On the contrary, individuals with above-the-median prior food spending increased
their spending and at the same time decreased their share of food spending, im-
plying that their spending response is not driven by the shift of purchases from
informal markets to the supermarket.

Lastly, we examine the responses of informal markets to the Demonetization
to further address this concern. The extent to which consumers may move their
purchases from informal markets to formal markets is affected by the responses of
informal markets to the Demonetization. The need to migrate purchases is strong
if the cash-based nature of informal market activities has not changed much. On
the other hand, if informal markets increased adoption of digital payments after the
Demonetization, their own responses can limit the extent to which consumers move
their purchases to formal markets.

For this analysis, we obtain data from a leading provider of mobile payment in
India. The data comprise merchant-level weekly records of transaction volume and
amount in fifteen major cities in India. To analyze the responses of informal markets,
we restrict to the sample to wet markets and street stalls, which are also known as
“kirana” stores in India.

We measure the time of adoption for a merchant as the first week that the mer-
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chant has positive e-wallet transactions and therefore is included in the data. The
number of new kirana stores that adopted the mobile payment, as shown in Figure 2,
increased substantially immediately after the Demonetization announcement.

The kirana stores that had already adopted the mobile payment four weeks prior
to the Demonetization announcement also experienced substantial higher transac-
tions paid with digital payments (Figure 3).

The fast growing usage of digital payments in informal markets is consistent
with the findings of Crouzet, Gupta, and Mezzanotti (2021).

Furthermore, the extension of informal credit to regular consumers is a common
practice in informal markets, especially in developing economies. Besides adopting
digital payments, increasing the supply of informal credit represents another way
for kirana stores to counteract the negative impact of the cash shortage on their busi-
ness. Although formal tests remain difficult as informal credit is difficult to measure
systematically by definition, anecdotal evidence does suggest that kirana stores ex-
tended more informal credit to their regular consumers in the period immediately
after the Demonetization announcement.!

In sum, kirana stores increased usage of digital payments and extended more
informal credit when faced with the cash shortage. Both behaviors alleviate the
negative impact of the Demonetization on their business and make the migration of

consumer purchases to the formal market less likely to occur.

6.B Addressing the Identifying Concern of Income Shocks

One might be concerned about an income shock channel whereby individuals who
switch to digital payments due to the Demonetization shock experience positive

income shocks and therefore increase their spending. To begin with, the elevated

15This phenomenon has been reported by the Economic Times, Firstpost, and the Indian Express,
among others.

26


https://economictimes.indiatimes.com/news/politics-and-nation/demonetisation-vendors-and-customers-wait-for-more-money-and-machh-in-kolkatas-fish-markets/articleshow/56394695.cms
https://www.firstpost.com/india/demonetisation-how-jugaad-payment-systems-are-helping-grocers-small-vendors-to-combat-cash-crunch-3113006.html
https://indianexpress.com/article/business/economy/demonetisation-sensing-loss-grocers-offer-goods-on-credit/

economic uncertainty and reduction in economic activities following the Demoneti-
zation render positive income shocks unlikely to occur.!'® The district x year-month
tixed effects we include in our regression specifications also directly control for the
time-series fluctuation of national and regional economic conditions.

A more nuanced income shock explanation involves a re-allocation of (relative)
income among individuals of varying exposure to the Demonetization shock. Eco-
nomic activities in the informal sector, including black market activities, take a hit
following the Demonetization as evidenced by the near complete returning of de-
monetized notes to the RBL.” Subramaniam (2020) documents that the informal
sector experienced a negative income shock following the Demonetization. Black
market activities are largely cash-based. Recipients of the black money payments in
cash do not deposit into banks, as doing so would force them to justify the source
of income and bear tax consequences. Instead, they tend to use cash to pay for their
purchases. In our setting, they will exhibit a high level of cash dependence and
therefore be classified as individuals with high treatment intensity. The contraction
in black market activities implies that the income shock experienced by individu-
als with a higher prior dependence, if exists, is negative and therefore makes us
underestimate the true positive impact of digital payments on spending.

To examine whether this conjecture holds in our data, we contrast the effect on

18The ex-ante secrecy and the slow and disorderly replenishment of notes associated with
the Demonetization increased economic uncertainty. It is also widely believed that such a
policy posed a painful disruption to the economy. For instance, the Conversation com-
mented, “The implementation process faced technical disruptions, leading to severe cash short-
ages, and the overall poor preparation of the policy led the country into chaos for more than
three months.” (Source: http://theconversation.com/the-shock-of-indian-demonetisation-
a-failed-attempt-to-formalise-the-economy-93328). Relatedly, Chodorow-Reich, Gopinath,
Mishra, and Narayanan (2019) find that the Demonetization lowered the growth rate of economic
activity by at least 2 percentage points in the fourth quarter of 2016.

17 According to the RBI’s Annual Report 2017-18, 99% of total 500 and 1000 notes in circulation
prior to the Demonetization were returned to the RBI, contrary to the earlier expectations that the
restrictions on depositing money from unverifiable sources would lead to difficulty in absorbing
black money and liquidation of RBI's currency liabilities.
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households who were likely to engage in black market activities with that on other
households. Since we do not directly observe households” source of income, we
proxy for black market income with the behavior of paying large receipts with cash
in the pre-Demonetization period. Spending the cash on large receipts is a viable
way for them to hide their black market income. On the contrary, using cash for
large receipts is quite unusual in normal circumstances, given that small receipts
tend to be paid by cash as discussed in Section 4.

In the empirical implementation, we define large receipts as receipts whose amount
exceeds the 90" percentile (452 rupees in December 2015 real terms) in the size dis-
tribution observed from all receipts paid by cash from April 2016 to October 2016.18
Table 10 reports the estimation results. We find a much muted response by house-
holds who were likely to engage in black market activities, consistent with negative

income shocks.

6.C Addressing the Identifying Concern of Credit Supply Changes

Credit cards, one of the digital alternatives to cash payment, allow consumers to bor-
row to spend. Such a feature relaxes the budget constraint and therefore increases
the level of optimal spending. If banks increase their supply of credit card lending,
we might also observe an increase in spending.

In the aggregate, bank credit declined by at least 2 percentage points in 2016Q4
despite an inflow of deposits to the banking sector (Chodorow-Reich, Gopinath,
Mishra, and Narayanan, 2019). In our context of supermarket spending, credit card
usage remained low throughout the sample period; the decline in cash usage is
mostly compensated by the uptick in debit card usage (Figure OA.1). Given the

aggregate credit contraction and the low usage rate in our context, it is unlikely that

18For the sake of comparison, the 75™ percentile of all receipts in the full sample, regardless of
payment method, is 290 rupees in December 2015 real terms.
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credit supply is driving our results.

Can banks increase credit supply targeted to consumers who relied primarily
on cash and thus relax their budget constraints more relative to other consumers?
Drawing on the insights from the literature on credit history and access to credit,
we expect banks to increase their supply of consumer credit to existing credit card
users, who are not likely to be consumers who relied primarily on cash for super-
market spending prior to the Demonetization. This conjecture is supported by the
result in Table 3 that high prior cash dependence leads to a significantly lower credit
card usage, albeit small in magnitude, following the Demonetization. A positive re-
lationship between credit history and access to credit, if anything, would lead us to
underestimate the positive effect of digital payments on spending.

To further investigate whether there is a shift in credit supply following the De-
monetization and the extent to which this credit supply channel at work affects our
results, we re-estimate equation (1) for three subsamples based on credit card usage:
existing users, defined as consumers who used credit cards before the Demonetiza-
tion; new users, defined as consumers who started to use credit cards following the
Demonetization; and non-users, defined as consumers who never used any credit
card in the sample period. The results are reported in Table 11.

The spending response associated with prior cash dependence has a smaller
magnitude in the sample of existing users (column 2) than in the full sample (col-
umn 1). Existing users are also characterized by a markedly lower prior cash de-
pendence. Since existing credit card users had already adopted digital payments
to a large extent, it is not surprising that they do not appear to be affected by the
Demonetization as much. Among existing credit card users, the credit card usage
prior to the Demonetization can be viewed as a proxy for the strength of the relation-

ship with banks. If credit supply indeed increased following the Demonetization, it
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would have increased more for consumers with a stronger relationship with banks.
To empirically test it, we add an interaction term of prior credit card usage and the
post-Demonetization indicator to the baseline specification (column 3). The coeffi-
cient of this interaction term is positive, suggesting that an increase in credit supply
contributes to the increase in spending for consumers with a strong relationship
with banks.

The spending response associated with prior cash dependence is larger in the
sample of new users (column 4). Note that the post-Demonetization spending by
new users was influenced by their newly obtained credit card borrowing capacity.
Therefore, the difference in the spending response of new users relative to that of
non-users can be viewed as an estimate of the added effect of credit supply.

The spending response associated with prior cash dependence in the sample of
non-users (column 5) is almost identical to the full-sample estimate. The comparison
of sample sizes shows that the majority of consumers in our sample are non-users
— 88% in terms of individual-monthly observations.

Taken together, the results show that an increase in credit supply affects a small
fraction of consumers, at best, empirically. Our main results are not driven by the

potential confounder of credit supply response.

6.D Addressing the Identifying Concern of Supplier’s Pricing Response

We next consider if the effect of digital payments on spending can be explained by
an increase in product prices. If product suppliers, either the manufacturers or the
supermarket chain, anticipate consumers to become less price sensitive following
the adoption of digital payments, they could potentially take advantage of this by
increasing their mark-up.

To begin with, aggregate fluctuations in price levels do not affect our analysis
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as we deflate all nominal variables to December 2015 real INR. In addition, the
district x year-month fixed effects we include in our regressions further neutralize
any district-specific time-series fluctuation of the general price levels.

Thus, for the increase in mark-up to qualify as an explanation for our results, it
has to be the case that the product mark-up is somehow larger for consumers with
a high prior cash dependence. As suppliers cannot achieve perfect price discrimi-
nation, that is, they cannot directly charge different consumers different prices for
the same product at the same store and at the same time, this alternative explana-
tion must involve consumers with different prior cash dependence having different
spending profiles.

To directly test this possibility, we construct a measure of exposure to cash-
dependent consumers for each product by taking the average of consumer-level re-
liance on cash, weighted by the spending amount from April 2016 to October 2016.
We sort all products into “high exposure” (above the median) and “low exposure”
(below the median) groups. We then examine whether the price of “high exposure”
products increases faster relative to “low exposure” products using the following

regression:

Yiji = Wi+ 7T+ Z Bl + Z vt (L x 1 (HighExposure;)) + €t 4)
120 120

The dependent variable y; ; ; is the log of the mean transaction price of product
i in store j on day f. 1; are monthly indicators; month 0 corresponds to Novem-
ber 2016 when the Demonetization took place and is the omitted baseline group.
In this log-linear specification, the exponentiated coefficient for the interaction be-
tween month ¢ and the high exposure indicator <; corresponds to the incremental

change in the price level of month t (normalized by the price level in November
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2016) of “high exposure” products relative to “low exposure” products. We plot
the exponentiated -; in Figure 4. We find no evidence that high-exposure products

experienced a larger price increase than low-exposure products.

6.E Alternative Measure of Spending

One may be concerned that the log-linear regression specification forces zero-valued
observations to drop out, which might bias the estimate. To mitigate this concern,
we also estimate the spending response using the level of total spending as the out-
come variable and compare the economic magnitude from the two specifications.
Despite using different measurements, the economic magnitude of the estimated
spending response remains stable: Moving from the 25" to the 75" percentile of
prior cash dependence is associated with a 61.2 INR, or 10.9% increase in monthly
spending according to the level specification as shown in Column 1 of Table 12;
while the corresponding magnitude is a 11.9% increase in spending based on the
baseline log specification as shown in Column 5 of Table 3. When we decompose the
total monthly spending into different payment instruments in Columns 2-5 of Ta-
ble 12, we also obtain estimates that are quantitatively similar to the baseline results
in Columns 14 of Table 3. The similarity in the economic magnitudes of alternative

estimates underscores the stability of the underlying economic relationship.

7 Additional Analyses and Discussions on the Underlying Mechanisms

Thus far, we have documented that the usage of digital payments increased sharply
following the Demonetization and as a result, households who previously relied
on cash payment increased their supermarket spending. This finding rejects the
prediction of monetary neutrality that consumer valuation of products and services

is independent of how money is represented.
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Payment instruments have distinctive features that can influence consumer be-
haviors. Our finding is consistent with two channels. The first involves the trans-
action costs associated with using cash, such as the storage cost, the time costs of
traveling to a bank branch or an ATM to withdraw cash (Bachas, Gertler, Higgins,
and Seira, 2018), and the risk of cash theft (Economides and Jeziorski, 2017; Ro-
goff, 2014). Using digital payment instruments for purchases can save these trans-
action costs and hence increase consumer spending, especially spending by those
mostly affected by the transaction costs. The second channel involves the various
behavioral implications associated with cash payment being effortful, instant, and
memorable. The behavioral channel can involve several aspects. In one aspect, the
effortful and costly cash payment can serve as a decision point for consumers to
evaluate their expenses, while card and mobile payments remove the decision point
and hence make spending easier. A different aspect is described as “pain of paying”
or payment transparency (Prelec and Loewenstein, 1998; Soman, 2003; Raghubir and
Srivastava, 2008). Cash payment is perceived to be painful because the consumer
has to physically endure the act of parting with their hard-earned money. On the
contrary, card and mobile payments are perceived to be less painful as no money
actually exchanges hands. Another aspect concerns the usefulness for budgeting.
Cash payment is considered to be useful for budgeting as cash gives a signal of
the remaining budget via a glance into one’s pocket (von Kalckreuth, Schmidt, and
Stix, 2014) or serves as a commitment device to avoid over-spending (Hernandez,
Jonker, and Kosse, 2017). Digital payments can be somewhat useful for budgeting
but require some extra effort in terms of logging into the bank account or memoriz-
ing the pre-set budget. We refer to these different aspects of the behavioral channel
collectively as the “salience” channel. In this section, we analyze which channel,

transaction costs or saliance, qualifies as a more plausible explanation for our em-
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pirical finding.

To do so, we exploit the differential impact of salience of cash on offline and
online purchases and compare consumer spending behaviors in the supermarket
with an online grocery store. Online purchases of physical goods such as grocery
products are characterized by a time lag between the purchase decision and the
delivery of goods. Paying with cash for online shopping takes the form of cash
on delivery, which is not fulfilled until the delivery takes place. At the time of the
purchase decision, both cash payment and digital payments involve no physical
exchange of money between hands. Therefore, paying for an online purchase with
cash invokes either the decision point or the pain of paying to an lesser extent than
paying for an offline purchase with cash. Crucially, the transaction costs associated
with cash apply equally to online and offline shopping.

We apply our core empirical approach based on the cross-consumer variation
in cash dependence prior to the Demonetization to study payment choice and con-
sumer spending in the online grocery setting. We use the data from a large online
grocery retailer in India for a period from January 2016 to April 2019 and construct
individual-monthly observations as in our main analysis.!” We estimate equation (1)
to examine how payment choice and spending changes for individuals with differ-
ent levels of prior cash dependence following the Demonetization conditional on
the inclusion of individual fixed effects and district x year-month fixed effects.

Table 13 reports the estimates obtained from the online grocery retailer data. The
sample period in columns 1 & 2 (January 2016 to September 2017) covers eleven
months following the Demonetization same as in our main analysis using the su-
permarket data. Columns 3 & 4 report the results obtained from the full sample pe-

riod (January 2016 to April 2019). Regardless of the sample period, we find that the

19 Additional details for sample construction and variable definitions can be found in Online Ap-
pendix Section A.
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forced switch to digital payments by previously cash-reliant individuals is stronger
in the online retailer panel. On the contrary, the spending response is much muted.
The estimated proportional increase in spending is 0.4 to 0.7 percentage points for
every ten additional percentage points of prior cash dependence, or one-fifth of the
effect found in the supermarket panel (column 5, Table 3).

The difference in estimates for the spending response between the two panels
suggests that the large spending response we observe in the supermarket panel is

likely to reflect the behavioral forces as opposed to the transaction costs.

8 Conclusion

Digital payment instruments are faster and more convenient ways to pay for pur-
chases of goods and services. They are also seen as more secure, with less chance of a
consumer losing money in the street or being pick-pocketed. Besides, all payments
can be traced, so it is more difficult for a consumer to fall victim to fraud. From
the perspective of financial development, digital payments can also facilitate bet-
ter financial intermediation. Digital payments can, however, induce over-spending
due to its lower salience than cash. Card users can go for weeks or longer without
checking how much they have spent. When households “tap and go” using cards
or mobile payments, it is easy for them to become complacent and over-spend.

We study the real effects of digital payments adoption in the unique episode
of the 2016 Demonetization in India. This policy, which removed a large portion
of currency-in-circulation from legal tender overnight, forced consumers to switch
from cash to digital payments. Using a difference-in-differences empirical approach
that exploits the cross-consumer variation in cash dependence, we find that digital
payments lead to a substantial increase in consumer spending.

In interpreting the causality implications, we argue that income shocks, credit
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supply, supplier’s pricing responses, and shifting purchases to the formal market
are unlikely to explain our results. Together with the strong evidence that con-
sumers who were forced to switch to digital payments purchased more expensive

goods, our analysis suggests substantial over-spending induced by digital payments.

36



References

Agarwal, Sumit, Debarati Basu, Pulak Ghosh, Bhuvanesh Pareek, and Jian

Zhang. 2018. “Demonetization and Digitization.”

Agarwal, Sumit, Shashwat Alok, Pulak Ghosh, Soumya Kanti Ghosh, Tomasz
Piskorski, and Amit Seru. 2017. “Banking the Unbanked: What Do 255 Million
New Bank Accounts Reveal about Financial Access?”

Bachas, Pierre, Paul Gertler, Sean Higgins, and Enrique Seira. 2018. “Digital Fi-
nancial Services Go a Long Way: Transaction Costs and Financial Inclusion.” AEA
Papers and Proceedings, 108: 444-48.

Bachas, Pierre, Paul Gertler, Sean Higgins, and Enrique Seira. 2020. “How Debit
Cards Enable the Poor to Save More.” NBER Working Paper No. 23252.

Baker, Scott R., Lorenz Kueng, Leslie McGranahan, and Brian Melzer. 2019. “Do
Household Finances Constrain Unconventional Fiscal Policy?” Tax Policy and the
Economy, 33(1): 1-32.

Bertaut, Carol C., Michael Haliassos, and Michael Reiter. 2009. “Credit Card Debt
Puzzles and Debt Revolvers for Self Control.” Review of Finance, 13(4): 657-692.

Borzekowski, Ron and Elizabeth K Kiser. 2008. “The Choice at the Checkout:
Quantifying Demand across Payment Instruments.” International Journal of Indus-
trial Organization, 26(4): 889-902.

Chodorow-Reich, Gabriel, Gita Gopinath, Prachi Mishra, and Abhinav
Narayanan. 2019. “Cash and the Economy: Evidence from India’s Demonetiza-
tion.” Quarterly Journal of Economics, 135(1).

Crouzet, Nicolas, Apoorv Gupta, and Filippo Mezzanotti. 2021. “Shocks and Tech-
nology Adoption: Evidence from Electronic Payment Systems.”

D’Acunto, Francesco, Daniel Hoang, and Michael Weber. 2018. “The Effect of Un-
conventional Fiscal Policy on Consumption Expenditure.” Working Paper.

Demirgiic-Kunt, Asli, Leora Klapper, Dorothe Singer, Saniya Ansar, and Jake
Hess. 2018. “The Global Findex Database 2017: Measuring Financial Inclusion
around the World.” World Bank Group, Washington, D.C.

37



Economides, Nicholas and Przemyslaw Jeziorski. 2017. “Mobile Money in Tanza-
nia.” Marketing science, 36.

Feinberg, Richard A. 1986. “Credit Cards as Spending Facilitating Stimuli: A Con-
ditioning Interpretation.” Journal of Consumer Research, 13(3): 348-356.

Hastings, Justine S. and Jesse M. Shapiro. 2018. “How Are SNAP Benefits Spent?
Evidence from a Retail Panel.” American Economic Review, 108(12): 3493—-3540.

Hernandez, Lola, Nicole Jonker, and Anneke Kosse. 2017. “Cash versus debit card:
The role of budget control.” Journal of Consumer Affairs, 51(1): 91-112.

Higgins, Sean. 2020. “Financial Technology Adoption.”

Jack, William and Tavneet Suri. 2014. “Risk Sharing and Transactions Costs:
Evidence from Kenya’s Mobile Money Revolution.” American Economic Review,
104(1): 183-223.

Mazzotta, Benjamin D., Bhaskar Chakravorti, Rama Bijapurkar, Rajesh Shukla,
K. Ramesha, Dhananjay Bapat, and Deepankar Roy. 2014. “The Cost of Cash in
India.” The Institute for Business in the Global Context.

Meier, Stephan and Charles Sprenger. 2010. “Present-Biased Preferences and
Credit Card Borrowing.” American Economic Journal: Applied Economics, 2(1): 193
210.

Prelec, Drazen and Duncan Simester. 2001. “Always Leave Home Without It: A
Further Investigation of the Credit-Card Effect on Willingness to Pay.” Marketing
Letters, 12(1): 5-12.

Prelec, Drazen and George Loewenstein. 1998. “The Red and the Black: Mental
Accounting of Savings and Debt.” Marketing Science, 17(1): 4-28.

Raghubir, Priya and Joydeep Srivastava. 2008. “Monopoly Money: The Effect of
Payment Coupling and Form on Spending Behavior.” Journal of Experimental Psy-
chology: Applied, 14(3): 213.

Rogoff, Kenneth S. 2014. “Costs and Benefits to Phasing out Paper Currency.”
NBER Macroeconomics Annual, 29: 445-456.

38



Rogoff, Kenneth S. 2017. The Curse of Cash: How Large-Denomination Bills Aid Crime
and Tax Evasion and Constrain Monetary Policy. Princeton University Press.

Soman, Dilip. 2003. “The Effect of Payment Transparency on Consumption: Quasi-
Experiments from the Field.” Marketing Letters, 14(3): 173-183.

Stango, Victor and John Zinman. 2009. “What Do Consumers Really Pay on Their
Checking and Credit Card Accounts?” American Economic Review Papers and Pro-
ceedings, 99(2): 424-429.

Subramaniam, Giri. 2020. “The Supply-Side Effects of India’s Demonetization.”

Suri, Tavneet and William Jack. 2016. “The Long-Run Poverty and Gender Impacts
of Mobile Money.” Science, 354(6317): 1288 LP — 1292.

Telyukova, Irina A. 2013. “Household Need for Liquidity and the Credit Card Debt
Puzzle.” Review of Economic Studies, 80(3 (284)): 1148-1177.

von Kalckreuth, Ulf, Tobias Schmidt, and Helmut Stix. 2014. “Using cash to mon-
itor liquidity: Implications for payments, currency demand, and withdrawal be-
havior.” Journal of Money, Credit and Banking, 46(8): 1753-1786.

Zinman, Jonathan. 2007. “Household Borrowing High and Lending Low under No-
Arbitrage.”

Zinman, Jonathan. 2009. “Debit or credit?” Journal of Banking and Finance, 33(2): 358—
366.

39



Figure 1: Dynamic Effects of Digital Payments on Spending

This figure plots the entire path of coefficients B; along with their associated 95% confidence
intervals of the fraction of spending paid by cash and the log level of spending as estimated
from equation (2). Standard errors used to construct the confidence intervals in the dynamic
regression are doubly clustered at individual level and at month level. The x-axis denotes
the months (2016:04-2017:09). Demonetization took place in November 2016. In the dynamic
specification, April to July 2016 constitute the omitted baseline group. The y-axis corresponds to
the change in cash usage (the proportional change in spending) relative to the benchmark level
measured in the omitted period April to July 2016 in panel a (panel b).
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Figure 2: Informal Markets” Adoption of Mobile Payment

This figure plots the weekly flow of new kirana stores that newly adopted the mobile payment
across fiften major Indian cities from April 2016 to September 2017.
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Figure 3: Digital Payment Transactions in Informal Markets

This figure plots the weekly average of digital payment transactions for the kirana stores that
had already adopted the mobile payment four weeks prior to the Demonetization announce-
ment. Demonetization took place in November 2016. Each panel corresponds to a measure
of digital payment transactions, average weekly number of digital payment transactions
across merchants in panel (a), average weekly amount of digital payment transactions across
merchants in panel (b), and the ratio of merchants with at least one digital payment transaction
in panel (c).
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(b) Average weekly amount of digital payment transactions across merchants
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Figure 4: Price Level by pre-Demonetization Exposure to Cash-Dependent Consumers

This figure shows the price level of products sold by the supermarket chain, sorted by their
pre-Demonetization exposure to cash-dependent individuals, in our sample at a monthly
frequency. The figure plots the exponentiated coefficients v; and the associated 95% confidence
intervals as estimated from equation (4). High (low) exposure products refer to products with
above-the-median (below-the-median) exposure to cash-dependent consumers, calculated as
the spending-amount-weighted average of consumer-level reliance on cash in the period from
April 2016 to October 2016. In this log-linear specification, the exponentiated coefficient for the
interaction between month t and the high exposure indicator corresponds to the incremental
change in the price level of month t (normalized by the price level in November 2016) of “high
exposure” products relative to “low exposure” products.
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Table 1: Summary Statistics of Consumer Payment Choice

This table reports the summary statistics of consumer payment choice in our main analysis
sample, which spans the period from April 2016 to September 2017. Additional details for
sample construction and variable definitions can be found in Online Appendix Section A.
We report the cross-sectional summary statistics of the fraction of each payment method in
spending for the pre-Demonetization period (April to October 2016) and post-Demonetization
period (November 2016 to September 2017) separately.

Mean Std.Dev. 25% 50% 75%

Fraction of payment mode in spending:

Cash payment (pre-Demonetization) 0.70 0.40 029 1 1
Cash payment (post-Demonetization) 0.57 0.42 010 0.64 1
Debit cards (pre-Demonetization) 0.24 0.37 0 0 047
Debit cards (post-Demonetization) 0.35 0.39 0 013 074
Mobile payment (pre-Demonetization)  0.0023 0.039 0 0 0
Mobile payment (post-Demonetization)  0.0046 0.051 0 0 0
Credit cards (pre-Demonetization) 0.0075 0.066 0 0 0
Credit cards (post-Demonetization) 0.033 0.14 0 0 0
Number of households 924,753
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Table 2: Summary Statistics of Consumer Characteristics and Covariate Balance

This table examines the balance of pre-treatment covariates in our main analysis sample. Addi-
tional details for sample construction and variable definitions can be found in Online Appendix
Section A. Demonetization took place in November 2016; pre-Demonetization characteristics
are measured in the seven months prior to that (April to October 2016). The monetary amount
is the local currency Indian rupee (INR), December 2015 real terms, and 1 USD = 66.2 INR as of
December 2015.

Panel A: Summary Statistics of Pre-Demonetization Observable Characteristics
Mean  Std.Dev. 25%  50%  75%

Treatment intensity:

Prior cash dependence 0.70 0.40 0.29 1 1
Total spending and its composition:

Monthly spending (in Dec 2015 real INR) 560.3 118727 688 1979 5537

Share of food spending 0.78 0.28 0.65 0.88 1
Share of non-food spending 0.22 0.28 0 012 035
Share of durable spending 0.0085 0.056 0 0 0
Share of non-durable spending 0.99 0.056 1 1 1
Spending variety and shopping intensity:
Product variety 10.3 11.8 3 6.33 13
Broad category variety 2.31 1.06 1.50 2 3
Category variety 5.34 4.45 2 4 7
Shop variety 1.02 0.13 1 1 1
Number of shopping trips 1.71 1.55 1 1 2
Number of households 924,753
Panel B: Correlation between Treatment Intensity and Pre-Demonetization Observable Characteristics
Correlation

Indicator for registration record containing age 0.00084

Indicator for registration record containing gender 0.0082

Indicator for registration record containing marital status 0.0068

Log(monthly spending in Dec 2015 real INR) -0.37

Share of food spending 0.091

Share of durable spending -0.055

Product variety -0.33

Broad category variety -0.36

Category variety -0.38

Shop variety -0.040

Number of shopping trips -0.050
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Table 3: Forced Switch to Digital Payments and Its Effect on Spending

This table shows the effect of the forced switch to digital payments due to the Demonetization
on payment methods and spending (equation (1)). The data are at the individual-month level
(April 2016 to September 2017). Outcome variables include the fraction of spending paid by
cash, debit cards, mobile payments, and credit cards as well as the log level of spending. Prior
cash dependence is the share of spending paid by cash from April 2016 to October 2016 for each
consumer. Post is an indicator for post-Demonetization months. Fixed effects are denoted at
the bottom. Standard errors are doubly clustered at individual level and at month level; the
corresponding t-statistics are reported in brackets. We use ***, ** and * to denote significance at

1%, 5% and 10% level (two-sided), respectively.

Fraction of payment mode in spending  Spending

(1) (2) ) (4) ©)
Cash Debit Mobile Credit
ayment card payment card Log
pay spending

fraction fraction fraction fraction

PriorCashDependence x Post -0.294***  0.260***  0.001*  -0.018***  0.238***
[-33.09]  [37.51] [1.81] [-3.51] [9.92]

Individual FEs Yes Yes Yes Yes Yes
District x Year-Month FEs Yes Yes Yes Yes Yes
R2 0.620 0.564 0.350 0.403 0.586
No. of Observations 6,561,580 6,561,580 6,561,580 6,561,580 6,561,580
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Table 4: Digital Payments and Spending (Subsample Analyses)

This table shows the subsample analyses for the effect of the forced switch to digital payments
due to the Demonetization on payment methods and spending (equation (1)). The data are
at the individual-month level (April 2016 to September 2017). In the first subsample analysis
(columns 1-3), we exclude full cash users prior to the Demonetization. In the second subsample
analysis (columns 4-6), we exclude the first three months following the Demonetization
announcement (November 2016, December 2016, and January 2017). Outcome variables include
the fraction of spending paid by cash and the log level of spending. Prior cash dependence is
the share of spending paid by cash from April 2016 to October 2016 for each consumer. Post is
an indicator for post-Demonetization months. Fixed effects are denoted at the bottom. Standard
errors are doubly clustered at individual level and at month level; the corresponding t-statistics
are reported in brackets. We use ***, ** and * to denote significance at 1%, 5% and 10% level
(two-sided), respectively.

Excluding full cash users

Excluding Nov 2016 to Jan 2017

(1)

(2)

(3)

4)

Cash Cash
Log Log
payment spendin payment spendin
fraction P & fraction p &
PriorCashDependence x Post -0.360*** 0.052** -0.288*** 0.275***
[-31.70] [2.57] [-34.82] [14.23]
Individual FEs Yes Yes Yes Yes
District x Year-Month FEs Yes Yes Yes Yes
R? 0.514 0.539 0.634 0.595
No. of Observations 3,728,609 3,728,609 5,427,290 5,427,290
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Table 5: Testing the Identifying Assumptions

This table presents various diagnostic tests of the identifying assumptions by augmenting
equation (1) with additional controls. The data are at the individual-month level (April 2016 to
September 2017). Outcome variables include the fraction of spending paid by cash and the log
level of spending. Prior cash dependence is the share of spending paid by cash from April 2016
to October 2016 for each consumer. Pre is an indicator for the three months immediately before
the Demonetization (i.e., August to October 2016). Post is an indicator for post-Demonetization
months. Fixed effects are denoted at the bottom. In Columns 3 & 4, we also include the
interaction terms of observable pre-Demonetization characteristics (whether the registration
records contain age, gender, and marital status of the consumer as well as the share of food
spending) with the post indicator. Standard errors are doubly clustered at individual level and

at month level; the corresponding t-statistics are reported in brackets. We use ***, ** and * to
denote significance at 1%, 5% and 10% level (two-sided), respectively.

(1) (2) (3) (4)
Cash Cash
Lo Log
payment spendin payment spendin
fraction °F & ‘fraction °P &
PriorCashDependence x Previous 3 months ~ 0.017 -0.014 0.017 -0.014
[1.49] [-0.69] [1.49] [-0.70]
PriorCashDependence x Post -0.286***  0.231***  -0.287***  (0.218***
[-25.68] [8.22] [-25.86] [7.85]
Individual FEs Yes Yes Yes Yes
District x Year-Month FEs Yes Yes Yes Yes
Controlling for observables No No Yes Yes
R? 0.620 0.586 0.620 0.587
No. of Observations 6,561,580 6,561,580 6,561,580 6,561,580

49



Table 6: Digital Payments and Different Spending Components

This table shows the effect of the forced switch to digital payments due to the Demonetization
on different components of spending (equation (1)). The data are at the individual-month level
(April 2016 to September 2017). In columns 1-3, we differentiate food and non-food spending
and examine three outcome variables, namely, the probability of having positive food spending,
the probability of having positive non-food spending, and the share of non-food spending
in total spending. In columns 4-6, we differentiate durable and non-durable spending and
examine three outcome variables, namely, the probability of having positive durable spending,
the probability of having positive non-durable spending, and the share of durable spending in
total spending. Prior cash dependence is the share of spending paid by cash from April 2016 to
October 2016 for each consumer. Post is an indicator for post-Demonetization months. Fixed
effects are denoted at the bottom. Standard errors are doubly clustered at individual level and
at month level; the corresponding t-statistics are reported in brackets. We use ***, ** and * to
denote significance at 1%, 5% and 10% level (two-sided), respectively.

Differentiate food Differentiate durable
& non-food spending & non-durable spending
(1) 2) 3) 4) ) (6)
1(Non-
1(Food 1(Non-food Non-food 1(Durable durable Durable
spending spending spending spending i spending
spending
> 0) > 0) share > 0) share
> 0)
PriorCashDependence x Post  0.004*** 0.050*** 0.016"** 0.0117** 0.000 0.001**
[3.33] [13.75] [8.80] [7.97] [0.78] [6.05]
Individual FEs Yes Yes Yes Yes Yes Yes
District x Year-Month FEs Yes Yes Yes Yes Yes Yes
R?2 0.345 0.443 0.437 0.243 0.251 0.277
No. of Observations 6,561,580 6,561,580 6,561,580 6,561,580 6,561,580 6,561,580
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Table 7: Digital Payments and Shopping Variety and Intensity

This table shows the effect of the forced switch to digital payments due to the Demonetization
on shopping variety and intensity measures (equation (1)). The data are at the individual-month
level (April 2016 to September 2017). Product/broad category/category/shop variety is the
number of unique products/broad category/categories/shops that a household purchases
in the given month. Number of trips is the number of shopping trips, defined as unique
shop-date pairs, a household engages in a given month. Prior cash dependence is the share of
spending paid by cash from April 2016 to October 2016 for each consumer. Post is an indicator
for post-Demonetization months. Fixed effects are denoted at the bottom. Standard errors
are doubly clustered at individual level and at month level; the corresponding t-statistics are
reported in brackets. We use ***, ** and * to denote significance at 1%, 5% and 10% level
(two-sided), respectively.

(1) () ) (4) ()

Product Broad Category  Shop No. of
variety category variety  variety trips
variety
PriorCashDependence x Post 1.588***  0.170***  0.795*** 0.001 -0.005
[5.96] [11.62] [10.08] [1.46] [-0.16]
Individual FEs Yes Yes Yes Yes Yes
District X Year-Month FEs Yes Yes Yes Yes Yes
R? 0.650 0.531 0.634 0.523 0.594
No. of Observations 6,561,580 6,561,580 6,561,580 6,561,580 6,561,580
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Table 8: Digital Payments and Spending Behaviors in Granular Product Categories

This table estimates the effect of the forced switch to digital payments due to the Demon-
etization on category-level spending (equation (3)). Panel A reports the results using the
second most granular definition of categories and Panel B reports the results using the most
granular definition of categories. The data are at the individual-product category-month level
(2016:04-2017:09). Amount, Quantity, and Quality are the spending amount in rupees, the
quantity of goods purchased, and the unit price of goods purchased by a given consumer
on a given category in a given month, respectively. Prior cash dependence is the share of
spending paid by cash from April 2016 to October 2016 for each consumer. Post is an indicator
for post-Demonetization months. Fixed effects are denoted at the bottom. Standard errors
are doubly clustered at individual level and at month level; the corresponding t-statistics are
reported in brackets. We use ***, ** and * to denote significance at 1%, 5% and 10% level
(two-sided), respectively.

Panel A: Results using the second most granular definition of categories

(1) (2) (3)
Amount  Quantity  Quality

PriorCashDependence x Post 27.272 0.494 1.412%**
[1.36] [1.21] [14.35]
Individual x Category FEs Yes Yes Yes
District x Category x Year-Month FEs Yes Yes Yes
R? 0.410 0.355 0.680
No. of Observations 42,858,979 42,858,979 42,858,979
Panel B: Results using the most granular definition of categories
(1) (2) (3)
Amount  Quantity  Quality
PriorCashDependence x Post 19.602 0.367 0.847***
[1.26] [1.16] [8.87]
Individual x Category FEs Yes Yes Yes
District x Category x Year-Month FEs Yes Yes Yes
R? 0.398 0.385 0.771
No. of Observations 54,603,502 54,603,502 54,603,502

52



Table 9: Is Increased Spending Driven by the Shift to the Formal Market?

This table estimates the effect of the forced switch to digital payments due to the Demonetiza-
tion on payment methods and spending for two subsamples classified by whether the share
of food spending prior to the Demonetization is above or below median. The data are at the
individual-month level (April 2016 to September 2017). Outcome variables include the fraction
of spending paid by cash, the log level of spending, and the share of food spending. Post is an
indicator for post-Demonetization months. Fixed effects are denoted at the bottom. Standard
errors are doubly clustered at individual level and at month level; the corresponding t-statistics
are reported in brackets. We use ***, ** and * to denote significance at 1%, 5% and 10% level

(two-sided), respectively.

Pre-Demonetization Pre-Demonetization
food spending share food spending share
is below median (88%) is above median (88%)

1) ) 3) (4) () (6)
Cash Food Cash Food
payment Lo . spending payment °8 spending

fraction spending share fraction spending share

PriorCashDependence x Post -0.309***  0.133***  0.046***  -0.287***  0.284***  -0.018"**
[-30.88] [6.43] [14.86] [-32.73] [11.38] [-21.49]

Individual FEs Yes Yes Yes Yes Yes Yes
District x Year-Month FEs Yes Yes Yes Yes Yes Yes
R2 0.605 0.564 0.366 0.627 0.561 0.322
No. of Observations 3,635,392 3,635,392 3,635,392 2,926,188 2,926,188 2,926,188
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Table 10: Is Increased Spending Driven by Income Shocks?

This table estimates the effect of the forced switch to digital payments due to the Demoneti-
zation on payment methods and spending for two subsamples classified by the behavior of
paying large receipts with cash prior to the Demonetization, which can be viewed as a proxy
for getting income from black money activities. Large receipts are defined as receipts whose
amount exceeds the 90" percentile (467 rupees) in the distribution of receipt size from April
2016 to October 2016. The data are at the individual-month level (April 2016 to September 2017).
Outcome variables include the fraction of spending paid by cash and the log level of spending.
Post is an indicator for post-Demonetization months. Fixed effects are denoted at the bottom.
Standard errors are doubly clustered at individual level and at month level; the corresponding
t-statistics are reported in brackets. We use ***, ** and * to denote significance at 1%, 5% and
10% level (two-sided), respectively.

Did not use cash Used cash
for large bills for large bills
pre-Demonetization pre-Demonetization
(1) (2) ) (4)
Cash usage Log(spending) Cashusage Log(spending)
PriorCashDependence x Post ~ -0.310*** 0.459*** -0.200*** -0.025
[-38.50] [16.18] [-17.01] [-0.92]

Individual FEs Yes Yes Yes Yes
District x Year-Month FEs Yes Yes Yes Yes
R? 0.656 0.565 0.545 0.486
No. of Observations 3,950,260 3,950,260 2,611,320 2,611,320
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Table 11: Is Increased Spending Driven by Credit Supply Shocks?

This table estimates the effect of the forced switch to digital payments due to the Demonetiza-
tion on spending for three subsamples based on credit card usage: existing users, defined as
consumers who used credit card before the Demonetization; non-users, defined as consumers
who never used any credit card in the sample period; and new users, defined as consumers who
started to use credit cards following the Demonetization. The data are at the individual-month
level (April 2016 to September 2017). The outcome variable is the log level of monthly spending.
Post is an indicator for post-Demonetization months. Fixed effects are denoted at the bottom.
Standard errors are doubly clustered at individual level and at month level; the corresponding
sk kk

t-statistics are reported in brackets. We use ***, ** and * to denote significance at 1%, 5% and
10% level (two-sided), respectively.

Log spending
Full Existing users New users Non-users
1) (2) 3) 4) (5)
PriorCashDependence x Post ~ 0.238***  0.086™* 0.134***  (0.357*** 0.243***
[9.92] [2.83] [3.91] [15.43] [9.96]
PriorCreditDependence x Post 0.174*
[1.96]
Individual FEs Yes Yes Yes Yes Yes
District x Year-Month FEs Yes Yes Yes Yes Yes
R?2 0.586 0.520 0.520 0.504 0.586
No. of Observations 6,561,580 240,191 240,191 551,031 5,770,358
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Table 12: Heterogeneous Forced Switch to Digital Payments

This table estimates the effect of the forced switch to digital payments due to the Demonetization
on payment methods and spending. The data are at the individual-month level from April
2016 to September 2017. Outcome variables include the level of total monthly spending and its
decomposition into different payment instruments. Post is an indicator for post-Demonetization
months. Fixed effects are denoted at the bottom. Standard errors are doubly clustered at indi-
vidual level and at month level; the corresponding t-statistics are reported in brackets. We use

***,** and * to denote significance at 1%, 5% and 10% level (two-sided), respectively.

1 ) ) (4) ()
Total Cash Debit card Mobile Credit card
. . . payment .
spending spending spending spending spending
(INR) (INR) (INR) (INR) (INR)
PriorCashDependence x Post ~ 122.4***  -111.3"** 204.8*** 1.890 -18.31%**
[3.98] [-5.00] [7.09] [1.71] [-3.06]
Individual FEs Yes Yes Yes Yes Yes
District x Year-Month FEs Yes Yes Yes Yes Yes
R? 0.436 0.425 0.446 0.326 0.398
No. of Observations 12,319,533 12,319,533 12,319,533 12,319,533 12,319,533
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Table 13: Forced Switch to Digital Payments and Its Effect on Online Grocery Store Spending

This table shows the effect of the forced switch to digital payments due to the Demonetization
on payment methods and spending (equation (1)) in the online grocery store data. The data
are at the individual-month level. Outcome variables include the fraction of spending paid by
cash and the log level of spending. Prior cash dependence is the average share of spending
paid by cash from January 2016 to October 2016 for each consumer. Post is an indicator for
post-Demonetization months. Fixed effects are denoted at the bottom. Standard errors are
doubly clustered at individual level and at month level; the corresponding t-statistics are
reported in brackets. We use ***, ** and * to denote significance at 1%, 5% and 10% level

(two-sided), respectively.

Sample: January 2016 Sample: January 2016

to September 2017 to April 2019
&) ) (3) (4)
Cash Cash
Lo Log
payment di payment di
fraction PCNOME gaction  SPENAMS

PriorCashDependence x Post -0.522***  0.041***  -0.577***  0.073"**
[-33.97] [3.30] [-40.77] [6.10]

Individual FEs Yes Yes Yes Yes
District x Year-Month FEs Yes Yes Yes Yes
R? 0.651 0.559 0.624 0.525
No. of Observations 209,391 209,391 398,038 398,038
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Online appendix

This appendix contains supplementary material, tables, and figures.

A Sample Construction and Variable Definitions

A.1 The Supermarket Data

The anonymized transaction-level data from a large Indian supermarket chain used
in the main analysis of the paper comprise all purchases in 171 stores in twenty-one
districts of five states/union territories from April 2016 to September 2017.

Figure OA.1, which plots the overall shares of different payment methods in the
universe of all supermarket transactions over time, demonstrates the rapid switch
to digital payments following the Demonetization. The share of cash payment in
the total number of transactions (total transaction value) dropped 17 (20) percent-
age points in November 2016, from 79% (55%) in the previous month. In either
measure of payment shares, the majority of this gap is filled by an increase in debit
card usage. Usage of other payment methods (e.g., credit cards and mobile pay-
ments) remains low. The shift from cash payment to cashless payments is consistent
with Agarwal, Basu, Ghosh, Pareek, and Zhang (2018), Chodorow-Reich, Gopinath,
Mishra, and Narayanan (2019), and Crouzet, Gupta, and Mezzanotti (2021), among
others.

80% of purchases involve the use of a loyalty card and therefore can be linked
to individual consumers, consistent with the magnitude reported by Hastings and
Shapiro (2018). There is no cost in obtaining the loyalty card. Consumers can re-
ceive cashback for hitting certain spending amount. Crucially for our identification
strategy, there is no change in the incentive structure of the loyalty card. We exclude
from our analysis the spending transactions that cannot be linked to individual con-
sumers. The percentage of excluded spending transactions is stable over time.

We observe 144.1 million product purchases made on 24.4 million purchase occa-
sions by 4,237,728 households from April 2016 to September 2017. To ensure that the
household-level changes in payment choice and spending following the Demoneti-
zation are well-defined, we restrict the sample to households that started shopping
at this chain before November 2016 and remained as customers afterwards. Our
panel contains a total of 924,753 households.

For each product purchased, we observe the quantity, the price (both the listing
price and the actual price paid), the product code, a text description of the prod-
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uct, and the product’s location within a taxonomy which involves five hierarchical
layers of product categories. Using the supermarket’s taxonomy, we decompose
all products purchased into food products and non-food products. We also con-
sider an alternative dichotomy between durable and non-durable products, based
on whether a given product can generally be used for more than one year. The ma-
jority of goods sold in the supermarket chain are non-durable, with the exception of
furniture, electronics, home appliances, home decor, books & audio and video prod-
ucts, crockery, cooking ware, utensils, sports equipment, and luggage. Non-durable
products include all food products as well as health & beauty and household prod-
ucts.

We aggregate the data to the individual-month level. We calculate each indi-
vidual’s total monthly spending, the fraction of spending paid by each of the pay-
ment instruments, as well as the share of food, non-food, durable, and non-durable
spending in total spending. We also calculate indicators for whether an individual
has positive food, non-food, durable, and non-durable spending in a given month,
respectively. We measure the variety of supermarket spending by the number of
unique products purchased, the number of unique broad categories purchased, the
number of unique product categories purchased, and the number of unique stores
within the supermarket chain from which a consumer makes purchases. We mea-
sure shopping intensity by counting the number of shopping trips in a month, where
a trip is defined as a purchase from a given store on a given day.?’

A.2 The Online Grocery Retailer Data

In Section 7 of the paper, we use the anonymized transaction-level data from a large
online grocery retailer to study how the Demonetization affects payment choice and
the level of spending in the online grocery setting.

The data comprise all purchases in six cities in India from January 2016 to April
2019 and contain anonymized consumer identifiers. As in our main analysis using
the supermarket data, we restrict the sample to households that started shopping at
this online store before November 2016 and remained as customers afterwards.

As in our main analysis using the supermarket data, we exploit the cross-sectional
variation in cash dependence prior to the Demonetization at the individual con-
sumer level to estimate the forced switch to digital payments and the associated

2In other words, if a household makes two purchases from two separate stores on a given day,
we will count these purchases as two shopping trips. The same applies if this household makes two
purchases in the same store on two separate days.
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spending response. For every individual in the online grocery retailer data, we cal-
culate the prior cash dependence by taking the average share of spending paid by
cash from January 2016 to October 2016.

B Additional Discussion of the Empirical Approach

B.1 Illustration of the Research Design using Two-Group Analyses of the Un-
conditional Patterns

We illustrate the core idea of our identification strategy in the following two-group
comparison: we compare “full cash users” whose prior cash dependence is 100%
with other consumers whose prior cash dependence is lower than 100% (“mixed
cash users”) in Figure OA.2. Panel (a) plots the average share of spending paid by
cash for the two groups over time. In the seven months before the Demonetization,
tull cash users had a 100% cash usage by construction and mixed cash users had a
stable average cash usage of 42%. The average cash usage during this period likely
reflects the equilibrium choice for payment method in the steady-state absent from a
cash shortage such as the Demonetization. The difference in prior cash dependence
corresponds to the exposure to the Demonetization: In November 2016 when the
Demonetization occurred, full cash users reduced their cash usage by more than 20
percentage points whereas mixed cash users reduced by 11 percentage points. This
implies that the Demonetization disproportionately affected the payment choice of
cash-dependent consumers and forced them to switch to digital payments. Cash
usage by both groups continued to decrease in December 2016 before rebounding
in 2017. In the new equilibrium which was reached in March 2017, full cash users
prior to the Demonetization exhibit a 80% cash usage and mixed cash users appear
to return to their previous cash usage of 42%.

Panel (b) plots the average level of the natural logarithm of spending amount
for the two groups over time. Overall, full cash users have a lower spending than
mixed cash users, consistent with the notion that wealthier and higher-income indi-
viduals have better access to digital payments than less wealthy and lower-income
individuals. The average spending of both groups appears to be stable in the seven
months prior to the Demonetization. Not only does this dynamic pattern in the pre-
period reassure the exogeneity of the Demonetization, but it also lends credence to
our research design’s core identification assumption of parallel trends. In Novem-
ber 2016, full cash users increased their spending by more than 30%, whereas mixed
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cash users had little change in their spending. In the ten months following the De-
monetization, the average spending of full cash users does not appear to reverse
back to pre-Demonetization levels despite replenishment of the demonetized notes.

This graphical analysis of unconditional patterns demonstrates our main find-
ing: consumers who used to rely on cash for supermarket spending were forced to
switch to digital payments by the Demonetization and increased spending signifi-
cantly. Such a spending response persists despite the gradual replenishment of the
demonetized notes.

B.2 Discussions on the Included Fixed Effects

The baseline panel regression equation (1) and its dynamic version equation (2) in-
clude individual fixed effects y; and district x year-month fixed effects 77;;. The in-
clusion of the district x year-month fixed effects ensures that the estimates do not
reflect the impact of district-specific exposure to the Demonetization.

To see the effect of these fixed effects, we examine the correlation between district-
level exposure to the Demonetization and spending. For each district in our sample,
we compute prior cash dependence as the average share of spending paid by cash
from April 2016 to October 2016. We also calculate cash usage and log spending for
each district in each month. Panel (a) of Figure OA.3 plots the change of cash usage
from October 2016 to November 2016 against prior cash dependence. Districts that
were previously more dependent on cash experienced a larger drop in cash usage
following the Demonetization. Therefore, similar to the more granular individual-
level counterpart, the district-level prior cash dependence captures the exposure to
the Demonetization.

In panel (b), we plot the change of log spending from October 2016 to November
2016 against prior cash dependence. We find that districts more exposed to the
Demonetization experienced a larger decrease in spending. This negative effect is
consistent with the disruptive impact of the Demonetization on the overall economy
(Chodorow-Reich, Gopinath, Mishra, and Narayanan, 2019).

The inclusion of the district x year-month fixed effects in our baseline panel re-
gression equation (1) removes all impacts of district-level time-varying factors in-
cluding the currency supply shocks.
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B.3 The Selection into the Estimation Sample

The sustained lower cash usage in Figure 1 does not contradict with the overall re-
covery of cash usage months after the Demonetization in Figure OA.1. The district-
specific time fixed effects included in the distributed lag model remove the common
trends of payment choice. In addition, compositional differences between the two
samples further contribute to the divergent patterns. While only existing customers
are included in the DiD analysis to ensure that the household-level changes in pay-
ment choice and spending following the Demonetization are well-defined, both ex-
isting and new customers are present in the universe of supermarket transactions.
We measure the time of arrival for a consumer as the time of his/her first spending
transaction at the supermarket chain and calculate the share of spending paid by
cash in the calendar month of arrival. We plot the average share of spending paid by
cash among the new customers over time in the orange solid line in Figure OA 4. In
November 2016 when the Demonetization occurred, cash usage of new consumers
arriving in that month dropped sharply, similar to the patterns we observed among
existing consumers. As cash made a comeback to the economy in 2017, cash depen-
dence of customers newly arriving at the supermarket chain rebounded gradually.
Spending transactions that cannot be linked to individual consumers are also ex-
cluded from the DiD analysis but retained in the universe of supermarket transac-
tions. Cash usage of these excluded spending transactions exhibits a sharp reduc-
tion immediately after the Demonetization announcement but rebounds gradually
as the purple dashed line in Figure OA.4 shows. In sum, the spending transactions
excluded from the sample for the DiD analysis exhibit a strong recovery of cash
usage, driving the full sample patterns in Figure OA.1.
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Figure OA.1: Demonetization and Payment Modes

This figure plots overall shares of different payment methods in the universe of all supermarket
transactions over time. The vertical bar indicates the Demonetization (November 2016). In
panel (a), we calculate the share of the number of total transactions. In panel (b), we calculate
and plot the share of the total nominal value of transactions.
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Figure OA.2: Cash Usage and Spending Response to Demonetization (Two-Group Compari-
son)

This figure plots the average cash usage and log spending for full cash users and mixed users
over time. For each consumer in the sample, the prior cash dependence is calculated as the
average share of spending paid by cash from April 2016 to October 2016. The group of full cash
users comprises the consumers whose prior cash dependence is 100%; the group of mixed cash
users comprises the consumers whose prior cash dependence is lower than 100%.
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Figure OA.3: District-level Exposure to the Demonetization and Spending

This figure shows the correlation correlation between district-level exposure to the Demoneti-
zation and spending. For each district in our sample, we compute prior cash dependence as
the average share of spending paid by cash from April 2016 to October 2016. We also calculate
cash usage and log spending for each district in each month. Panel (a) presents a scatterplot of
the change in cash usage from October 2016 to November 2016 and prior cash dependence. The
red line gives the best-fit line. Panel (b) presents the scatterplot of changes in log spending from
October 2016 to November 2016 and prior cash dependence as well as the best-fit line.
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(b) Average net cash usage and log spending for each district in each month
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Figure OA 4: Cash Usage of the Spending Transactions Excluded from the DiD Analysis

This figure plots the share of spending paid by cash among the new customers who arrive in
a month and the share of spending paid by cash among spending transactions that cannot be
linked to individual consumers. The vertical bar indicates the Demonetization (November 2016).
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