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Abstract

We present the first empirical evidence on the effects of a retail central bank digital currency (CBDC)
on bank funding and payment behavior by leveraging the rollout of India’s digital rupee. Our
identification strategy combines quasi-experimental variation from the Reserve Bank of India’s
staggered authorization of lead banks with centrally coordinated CBDC marketing campaigns at a
large public-sector bank. We find that CBDC eligibility reduces retail deposits by 3.2%, with effects
concentrated in liquid savings accounts, while illiquid term deposits remain unaffected. Although
credit declines initially, it recovers quickly, consistent with banks adjusting their funding mix in
response to deposit outflows. We also document a decline in digital payment volumes relative to cash,
indicating substitution away from existing digital payment platforms rather than from cash. Finally,
early adoption is highly skewed toward wealthier, high-deposit, and more educated households.
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1 Introduction
Central banks around the world are actively debating the design and implications of retail central bank
digital currencies (CBDCs), even as many have moved from discussion to large-scale experimentation.1

The stated policy objectives for introducing CBDC are broad, encompassing the modernization
of payment systems, increased competition in retail finance, and enhanced financial stability and
monetary control. Whether CBDC ultimately improves welfare, however, hinges on its effects along
three core margins of the financial system. First, on the banking side, policymakers are concerned that
the perceived safety of central bank money could trigger sizable deposit outflows from commercial
banks, especially during stress episodes, undermining their role in intermediation and potentially
destabilizing the system. Second, on the payments side, it remains unclear whether CBDC will
complement or displace existing digital payment systems and change the mix of retail transactions
between digital channels and cash. Third, on the household side, CBDC adoption may broaden access
to safe and liquid assets, or instead remain concentrated among already-advantaged users, leaving
existing financial inclusion gaps largely intact. These concerns are especially salient in emerging
markets, where banking systems rely heavily on retail deposit funding, cash remains central to retail
transactions, and a substantial share of the population remains unbanked or underbanked.

These considerations have generated a substantial theoretical literature, but its conclusions for
deposits, lending, and inclusion are sign-ambiguous and highly sensitive to assumptions about CBDC
design and household behavior (see Carapella and Flemming, 2020; Niepelt, 2021; Auer et al., 2022b;
Chapman et al., 2023; Duffie and Economy, 2022; Ahnert et al., 2024; Infante et al., 2022, 2023, 2024,
for a review of the literature). Yet, despite extensive theoretical and policy debate, there is still little
direct evidence from large-scale, live CBDC deployments on these core questions. In particular, we
lack evidence from a large-scale retail CBDC in a setting with both an advanced digital payments rail
and a cash-intensive, partially excluded population.

This paper attempts to address this gap by providing the first empirical evidence on the real-world
effects of a retail CBDC using the introduction of India’s retail digital rupee (e-rupee) in December
2022 in a setting that closely matches the environments studied in recent quantitative models. Our
central finding is that a non-interest-bearing, capped retail CBDC generates sizable changes in deposits
and digital payments, but only a transitory effect on bank lending. On the banking side, CBDC
eligibility leads to a decline in retail deposits, but the associated reduction in credit is modest and
short-lived. This result aligns with models, such as Whited, Wu, and Xiao (2023), in which banks
offset deposit outflows by adjusting their funding mix and balance sheets, so that the primary impact

1As of May 2026, 41 jurisdictions have launched active CBDC pilot projects, including 14 G20 economies. Auer, Cornelli, and
Frost (2023) present a comprehensive database of CBDC projects across the globe, and investigate the economic and institutional
factors that correlate with CBDC project efforts. For an in-depth overview of country-specific CBDC initiatives, refer to the Atlantic
Council Project.
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of CBDC is on deposits, rather than on credit supply per se. On the payments side, the use of
existing digital payment methods declines markedly, especially for the Unified Payments Interface
(UPI), India’s dominant low-cost digital rail. ATM withdrawals decline only slightly, indicating that
CBDC primarily crowds out deposit-backed digital payments rather than cash. On the household
side, early adoption is concentrated among male, higher-income, highly educated, and especially
high-deposit customers, so the first wave of CBDC users consists largely of households that are
already well integrated into the formal banking system. This matters for policy because it suggests
that a non-interest-bearing retail CBDC initially expands convenient access to central bank money for
relatively advantaged, digitally connected users rather than immediately reaching households at the
margins of financial inclusion.

To organize these findings, we develop a simple framework of household portfolio choice
and payment adoption. Households allocate wealth across savings deposits, term deposits, cash,
digital payments (UPI), and CBDC.2 They trade off liquidity, returns, payment convenience, and
safety when making these choices. A key distinction is that bank deposits are only insured up to
a limit, whereas CBDC provides a direct, default-free claim on the central bank. This feature of
CBDC makes it particularly attractive for households with large liquid balances. The framework
highlights three margins that map directly to our empirical design. First, households are likely to fund
CBDC by reducing liquid instruments, especially savings deposits, rather than higher-return, illiquid
instruments such as term deposits. CBDC should therefore affect both the level and composition of
bank funding. Second, CBDC is most likely to compete with existing digital instruments that offer
similar transactional features, suggesting substitution away from UPI rather than from cash. Third,
adoption incentives are stronger for households with larger deposit balances and greater financial
sophistication, who value the safety and transactional flexibility of central bank money. We use these
predictions to discipline our empirical strategy and to interpret the resulting patterns in deposits,
payments, and adoption.

Our setting is the Reserve Bank of India’s (RBI) retail digital rupee. The e-rupee (e|) is a
token-based, non-interest-bearing CBDC issued by the RBI and distributed through commercial banks
under a two-tier, “intermediated” model. Retail users can open CBDC wallets only at participating
banks and must fund them by converting balances from their bank deposit accounts, subject to a
holding cap of |100,000 per user. The e| therefore operates alongside a large deposit-funded banking
system, a cash-intensive ecosystem, and a widely used digital payments platform in UPI, yet it is
meaningfully distinct from each: unlike bank deposits, it bears no interest; unlike bank deposits and
UPI wallets, it carries no default risk; and unlike cash, it cannot be held anonymously. From the

2Unified Payments Interface (UPI) is India’s dominant digital payment rail, accounting for the bulk of retail digital transactions
(Reserve Bank of India, 2022a).
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perspective of the theoretical literature, this is a conservative retail CBDC design implemented in a
mature financial system.

Empirically, our strategy exploits two sources of quasi-experimental variation and a combination
of aggregate and micro data. At the district level, we use the interaction of India’s long-standing lead
bank system with the RBI’s bank-level authorization policy to identify the effects of CBDC access on
aggregate deposits and credit. At the individual level, we exploit centrally scheduled CBDC marketing
waves within a single large bank to trace out household portfolio, payment, and adoption responses. In
both cases, the identifying variation comes from the timing of CBDC access or promotion, and we
validate the parallel trends assumption.

At the district level, our empirical design exploits the interaction of India’s lead bank system
with the RBI’s bank-level authorization policy. Since the 1970s, each district has had a designated
lead public-sector bank that dominates retail intermediation and is responsible for branch expansion
and credit planning (Dubey and Purnanandam, 2025). The RBI granted CBDC authorization to banks
in a staggered sequence as they demonstrated operational readiness, independently of short-run district
conditions. As a result, the timing of CBDC access for households varies across districts according to
historical lead-bank assignments and the RBI’s bank-level sequencing, rather than recent local trends
in deposits or digital payments. Our difference-in-differences specification compares districts whose
lead banks become CBDC-eligible at different dates, controlling for district and time fixed effects. We
employ Callaway and Sant’Anna (2021) estimator to address concerns related to staggered roll-out.3

The key identifying assumption is that, absent CBDC, districts led by early- and late-authorized banks
would have followed parallel trends in deposits and credit. We assess the validity of this assumption
by examining pre-treatment event-time coefficients for all our analyses. The plausibility of this
assumption is strengthened by the fact that lead-bank assignments were fixed decades before CBDC
was conceived and by institutional accounts indicating that the RBI’s authorization sequence reflected
banks’ internal technical readiness rather than granular district-level deposit or payments trends.

At the individual level, we exploit the staggered timing of intensive CBDC marketing campaigns
run by one of India’s largest state-owned banks participating in the pilot. In response to RBI guidance,
the bank’s central digital and marketing teams designed standardized campaign content and rolled
it out across districts in several discrete waves. Internal documentation and RBI communications
indicate that the sequencing and targeting of these district waves were determined centrally as part
of a nationwide roll-out plan, rather than by local branch managers reacting to short-run changes
in CBDC interest or economic conditions. By the end of our sample window, all districts served
by the bank had received both technological access and marketing. We combine this staggered

3Throughout our empirical analysis, we show that the results are robust to using alternative estimators, such as Borusyak, Jaravel, and
Spiess (2024) and de Chaisemartin, D’Haultfœuille, and Vazquez-Bare (2024). Moreover, the results are robust to employing long
differences to make the visual presentation more comparable with the traditional TWFE event-study regressions.
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timing with granular depositor-level data, including monthly CBDC and UPI transactions, ATM
withdrawals, and deposit balances, matched to rich demographics and geocoded branches, to estimate
event-study difference-in-differences models of portfolio and payment behavior and Cox proportional
hazard models of CBDC adoption. Our specifications include individual and time fixed effects, so
identification comes from within-person changes in outcomes around the campaign date, netting out all
time-invariant heterogeneity in demographics, baseline financial behavior, and branch characteristics.
The identifying assumption is that, conditional on fixed effects, the exact month in which a district is
assigned to the intensive campaign is orthogonal to the short-run evolution of its residents’ deposit
and payment behavior. This assumption implies that the treated and the control group (not-yet-treated
group) would have evolved according to parallel trends in the absence of the treatment. We provide
evidence supporting this assumption by presenting pre-trends assessment for all our analyses.

Our first set of results concerns bank funding and lending. Using the lead-bank variation, we
find that the introduction of CBDC eligibility is associated with a persistent decline in total retail
deposits and a smaller, transitory decline in credit. The average treatment effect across post-treatment
periods implies a 3.2% decline in retail deposits, which at the median district level of deposits in
2022 Q3 corresponds to a reduction of roughly |2.1 billion (≈ $103.2 million in PPP terms). Total
credit falls by 2.3% on average, but this effect is statistically weaker and reverts toward zero within
about six quarters. Credit initially co-moves with deposits, consistent with short-run funding pressure,
but then partially recovers even though deposits remain lower. This pattern suggests that banks adjust
on several margins, for instance, raising deposit rates, tapping wholesale markets, or reallocating
liquid assets, to support lending in the medium run. Given that the e| is non-interest-bearing and
subject to a |100,000 holding cap, the deposit effect we estimate is likely a lower bound effect relative
to CBDC designs that are either uncapped or interest-paying.

Our second set of results centers on the composition of households’ balance sheets and payments.
Exploiting the staggered marketing campaigns at our sample bank, we show that CBDC-related
outflows come almost entirely from liquid low-yield savings accounts, with no economically meaningful
changes in illiquid and high-yield deposit instruments, such as fixed or recurring deposits. This result
suggests that households fund CBDC from the liquid, transactions-oriented portion of their portfolio.

On the payments side, we find that CBDC primarily displaces existing digital transaction
methods, UPI in the Indian context, rather than cash. After the campaign, UPI volume falls by about
40%, the likelihood of using UPI falls by 5.07 percentage points, and the number of UPI transactions
declines by 10.1%. The much larger decline in volume than in transaction counts indicates that medium
and higher-value digital payments migrate from UPI to CBDC, while many small-value UPI payments
persist. ATM withdrawal volume, in contrast, declines only modestly by 10.4%, and the likelihood of
any ATM usage falls by 1.28 percentage points. Decomposing the UPI effect into person-to-person
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and person-to-merchant transactions shows similar declines in UPI volume. Overall, these results are
consistent with a key model proposition that CBDC is a strong competitor to deposit-backed digital
payments but a weak substitute for cash.

Our third set of results characterizes CBDC adoption patterns. These estimates are descriptive
rather than causal. Cox proportional hazards models with ZIP-code fixed effects reveal a steep and
economically large adoption gradient. Male customers adopt at roughly twice the hazard rate of female
customers. Relative to the lowest income quartile, individuals in the top income quartile exhibit
more than a fivefold increase in adoption hazards, while those in the highest deposit quartile adopt at
more than twenty times the rate of those in the lowest quartile. Educational attainment also matters:
individuals with degrees in fields such as computer science, finance, or engineering adopt at more
than twice the hazard rate of others. While prior UPI usage is positively correlated with adoption in
univariate specifications, this relationship reverses once we control for income, deposits, education,
and other covariates. Conditional on these characteristics, prior UPI users adopt more slowly than
comparable non-users, consistent with lower incremental benefits when an effective digital payment
option is already in place.

Overall, early adoption appears to be concentrated among male, higher-income, high-deposit,
and financially sophisticated individuals. This concentration directly maps to the household margin
in our framework: households with larger uninsured balances and greater financial sophistication
derive the greatest safety and portfolio benefits from holding central bank money. In light of the policy
emphasis on financial inclusion, this pattern is notable: in our setting, a conservatively designed retail
CBDC primarily deepens access to central bank money for already well-banked, digitally connected
users, rather than immediately reaching those at the margins of the formal financial system.

Related Literature: Our paper contributes to the literature on CBDC, which remains largely
theoretical due to the lack of data availability. Under a variety of assumptions about CBDC design
and household behavior these papers focus on: (1) the effect of CBDC on deposit funding and
intermediation (García et al., 2020; Andolfatto, 2021; Adalid et al., 2022; Piazzesi and Schneider,
2022; Williamson, 2022b,a; Chang et al., 2023; Chiu et al., 2023; Keister and Sanches, 2023; Whited,
Wu, and Xiao, 2023; Burlon, Muñoz, and Smets, 2024; Niepelt, 2024; Li, Usher, and Zhu, 2025), (2)
the impact of CBDC on financial stability and broader macroeconomic outcomes, such as monetary
policy transmission, (Bordo and Levin, 2017; Meaning et al., 2018; Brunnermeier, James, and
Landau, 2019; Brunnermeier and Niepelt, 2019; Duffie et al., 2019; Barrdear and Kumhof, 2022;
Davoodalhosseini, 2022; Garratt, Yu, and Zhu, 2022; Kim and Kwon, 2022; Das et al., 2023; Gust,
Kim, and Ruprecht, 2023; Carapella et al., 2024; Murakami, Shchapov, and Viswanath-Natraj, 2024;
Ahnert et al., 2025; Abad, Nuño, and Thomas, 2025; Paul, Ulate, and Wu, 2026), and (3) the design
of CBDC to ensure financial stability or promote financial inclusion (Bindseil, 2020; Maniff, 2020;
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Assenmacher et al., 2021; Duffie, 2021; Fernández-Villaverde et al., 2021; Kumhof and Noone, 2021;
Schilling, Fernández-Villaverde, and Uhlig, 2021, 2024; Shy, 2021; Agur, Ari, and Dell’Ariccia, 2022;
Auer et al., 2022a; Keister and Monnet, 2022; Minesso, Mehl, and Stracca, 2022; Li, 2023; Tan, 2024;
Wang and Hu, 2025). We add to this literature by presenting the first-ever empirical evidence from a
large developing economy, with an established digital payments rail and a large cash economy, that
introduced a non-interest-bearing, capped retail CBDC.

Our work contributes to the policy and academic debate on CBDC along three dimensions. First,
we show that a non-interest-bearing, capped retail CBDC is associated with a persistent decline in
deposits, but the resulting contraction in credit is modest and short-lived. Moreover, we find that CBDC
mainly displaces liquid, low-yield savings deposits, with little effect on illiquid, high-yield instruments
such as term and recurring deposits, implying changes in both the level and the composition of bank
funding. Together, these results speak directly to the theoretical literature on CBDC that discusses its
effect on bank funding and intermediation. Specifically, our results are consistent with models such as
Whited, Wu, and Xiao (2023), in which banks offset deposit outflows by adjusting their balance sheets,
so that CBDC primarily affects deposits rather than credit supply per se.

Second, we show that CBDC introduction coincides with a sharp decline in the use of existing
digital payment instruments, but only a modest reduction in cash usage. This joint pattern for liquid
deposits and digital transaction volumes suggests that retail CBDC functions primarily as a means
of payment that competes with incumbent digital rails. This mechanism is consistent with recent
work by Berg et al. (2024), who find that positive news about a potential digital euro lowers the stock
prices of U.S. payment firms, which they interpret as evidence that CBDC acts as a means of payment
and competes with established payment platforms. We build on their findings by providing direct,
individual-level evidence on how digital payment behavior adjusts following the roll-out of a live
retail CBDC. Moreover, our results are informative about the effect of CBDC on cash-based payment
methods.

Third, we show that early CBDC adoption is heavily skewed toward households with large
deposits, higher incomes, and specialized training in fields such as computer science, finance, or
engineering. This pattern implies that the initial diffusion of CBDC primarily reallocates safety and
convenience among already-advantaged users rather than immediately narrowing financial inclusion
gaps. It is consistent with Auer et al. (2022a), who argue that broad financial and digital literacy
efforts are likely needed for inclusive CBDC take-up, and with Bijlsma et al. (2024), who find that
financial knowledge predicts stated CBDC adoption. Our findings also complement early evidence on
e-CNY by Bai et al. (2025), who document limited overall take-up of China’s CBDC despite intensive
promotion: like them, we find modest adoption at the extensive margin. However, we show that even
with limited aggregate adoption, CBDC can induce sizeable substitution away from incumbent digital
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rails. This intensive substitution arises because take-up is concentrated at the top of the income and
liquid-deposit distribution, so the marginal adopters are precisely those with the greatest capacity to
shift transaction volume away from existing digital payment platforms.

Finally, our work informs the CBDC debate on the classic question of narrow banking, which
asks whether the safekeeping of liquid money-like claims and the origination of risky assets should,
in principle, be separated across different institutions. In our setting, a non-interest-bearing, capped
retail CBDC effectively carves out part of households’ liquid deposit base into a public, default-free
transactions asset, while leaving credit intermediation on commercial banks’ balance sheets. This
institutional structure parallels narrow-banking proposals surveyed by Pennacchi (2012), in which safe
transaction liabilities are backed by central bank or government assets and credit risk is borne elsewhere
in the system. Viewed through this lens, our evidence provides an empirical benchmark for how far a
conservatively designed retail CBDC can push the system toward a narrower banking structure by
reducing reliance on deposit-funded payments while leaving the core of bank intermediation largely
intact.

The rest of the paper is organized as follows. Section 2 describes the institutional features of
the digital rupee, the lead bank system, and the CBDC marketing campaigns. Section 3 introduces
the data. Section 4 presents the conceptual framework and derives the main propositions. Section 5
outlines our empirical strategies at the district and individual levels. Section 6 documents the effects
of CBDC on bank deposits and credit. Section 7 studies substitution between CBDC, UPI, and cash.
Section 8 analyzes the determinants of CBDC adoption. Section 9 concludes with policy implications
and directions for future research.

2 Institutional Details
India’s payments economy is dominated by cash. In 2017, cash transactions represented 90% of the
total number of payment transactions (PIB Thiruvananthpuram, 2023). Furthermore, the Reserve
Bank of India (RBI), India’s central bank, found that cash was the preferred method for regular
expenses, while digital methods were the second-preferred method. However, the costs of running
a cash-reliant economy are high. For instance, the RBI spent 49 billion Rupees printing cash, not
including environmental, social, governance, and operational costs (Reserve Bank of India, 2022a).
One of the main reasons India is exploring a digitized economy fueled by a digital payment system
and a central bank digital currency (CBDC) is the high cost and inefficiency of its physical cash
system. Thus, the RBI has introduced two revolutionary digital payment systems in the country:
the Unified Payments Interface (UPI) and the digital rupee CBDC (e|). We direct readers to Dubey
and Purnanandam (2025), Alok et al. (2025), Cramer et al. (2025), and Appendix A.1 for a detailed
discussion on UPI and present a detailed discussion of the digital rupee in this section.
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The Digital Rupee: The RBI started the process of launching its CBDC by first proposing an
expansion of the definition of a “bank note" in the RBI Act, 1934 to include digital currencies in
October 2021. The Cryptocurrency and Regulation of Official Digital Currency Bill, 2021 was
subsequently introduced in the 2021 winter session of Parliament to “create a facilitative framework
for creation of the official digital currency to be issued by the Reserve Bank of India (RBI)" (Jadhav,
2021). In a speech in July 2021, T. Rabi Shankar, the deputy governor of the RBI, defined a CBDC
as a “legal tender issued by a central bank in a digital form," which “is the same as fiat currency
and is exchangeable one-to-one with the fiat currency" (Kaul, 2021). To further raise awareness and
understanding of CBDCs, the RBI issued its CBDC concept note on October 7, 2022 announcing the
phased introduction of its CBDC, the digital rupee, and detailing the motivations, objectives, design,
technology and policy choices, and the benefits and risks of the e| (Reserve Bank of India, 2022a).

The RBI and the Ministry of Finance stated several objectives for launching CBDC: reducing
the operational costs of physical cash management, fostering financial inclusion, and enhancing the
resilience, efficiency, and innovation of the payments system. Additional stated aims include improving
settlement efficiency in financial markets, boosting innovation in cross-border payments, and offering
the public a sovereign digital alternative to private virtual currencies without their associated risks.

The RBI launched the retail CBDC pilot on December 1, 2022. After the initial launch, the
RBI implemented a staggered roll-out of the CBDC to assess technology and system robustness and
generate evidence on the CBDC’s “impact on users, on monetary policy, on the financial system and
on the economy” (Reserve Bank of India, 2024, 2026).

The retail digital rupee is legal tender issued under a two-tier, “intermediated” model: the
RBI creates the currency, while banks and other service providers distribute it via dedicated mobile
applications and link it to existing digital payment rails such as the UPI (Reserve Bank of India, 2026).
Moreover, the RBI imposes a cap on the amount that users can hold in CBDC wallets. Specifically,
retail users load funds into their wallets from their bank deposit accounts, up to a holding limit of
|100,000 (about $4,900 in PPP terms). The CBDC is non-remunerative, meaning that it does not bear
interest, and it is token-based, with each token functioning like a banknote whose holder is the owner.
Users transact with other users (P2P) or with merchants (P2M) using QR codes (Reserve Bank of
India, 2022b). In essence, the retail digital rupee is a non-interest-bearing, cash-like token issued by
the central bank and distributed by commercial banks.

Although the digital rupee is distributed through commercial banks, it is not a liability of those
banks. Instead, it is issued and backed by the Reserve Bank of India, so it appears as a direct liability
on the RBI’s balance sheet. This makes it fundamentally different from a bank deposit, which is a
claim on a commercial bank. In that sense, the digital rupee functions more like digital cash than like
money held in a regular bank account.
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Appendix Figure A.4 shows the home screen of a CBDC wallet application, displaying the
transaction functions that correspond to the pay and collect transaction types we observe in our CBDC
transaction data. Appendix Figure A.5 shows a digital rupee acceptance display at a merchant location,
illustrating that CBDC payments are made via QR codes that are visually similar to existing UPI QR
codes, some of which are shown in Appendix Figure A.2.

Since retail users can only open CBDC wallets and convert bank deposits into e| if their bank
has received RBI authorization and has deployed a functioning CBDC application, eligibility depends
jointly on the RBI’s bank-level authorization timing and each bank’s internal technology roll-out
capacity. Importantly, the RBI’s authorization decisions were made at the bank level and implemented
in stages as banks demonstrated operational and technical readiness to participate in the pilot (Reuters,
2022; Reserve Bank of India, 2026).

Table 1 documents the staggered roll-out of CBDC authorization across India’s major public
sector banks. State Bank of India (SBI) was authorized in 2022 Q4, followed by Bank of Baroda,
Canara Bank, and Union Bank of India in 2023 Q1, Punjab National Bank in 2023 Q2, and other
public sector banks in subsequent quarters.

2.1 Lead Bank Assignments and Geographic Variation in CBDC Access

The RBI’s bank-level authorization policy generates district-level variation in CBDC access through
India’s lead bank system. Since the introduction of the Lead Bank Scheme in December 1969, the RBI
has assigned one public sector bank as the designated lead bank for each district, with the mandate to
coordinate financial inclusion, expand branch networks, and oversee credit planning in that district
(Reserve Bank of India, 2018). These assignments were made on historical and administrative grounds,
such as legacy branch networks and administrative jurisdiction, and have remained remarkably stable
over time (Dubey and Purnanandam, 2025). As a consequence, lead banks maintain a dominant branch
presence in their assigned districts, particularly in rural and semi-urban areas, and intermediate the
majority of retail deposits and payment relationships in those districts.

Because the RBI granted CBDC authorization at the bank level rather than the regional level, a
district’s effective access to CBDC is largely determined by when its lead bank becomes CBDC-eligible.
When a lead bank receives authorization and deploys its CBDC app, households in that district gain
access to CBDC through the bank that already serves as their primary financial intermediary. This
institutional structure converts bank-level authorization into a staggered roll-out of CBDC treatment
across districts. Districts led by the State Bank of India (SBI) gain access as early as 2022 Q4.
Districts led by other authorized banks gain access in later quarters, as their lead banks enter the pilot.
Districts led by never-authorized banks remain untreated throughout the sample window. Table 2
reports summary statistics of the cohorts that became eligible for the CBDC. Figure 1 presents the
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geographic distribution of CBDC roll-out across lead bank districts, illustrating the spatial variation in
treatment timing determined by lead bank assignments.

The combination of historical lead bank assignments and the RBI’s bank-level CBDC autho-
rization decisions yields plausibly exogenous variation in the timing of CBDC access across districts.
First, the identity of a district’s lead bank was fixed decades before CBDC was conceived and is
driven by administrative considerations unrelated to recent shifts in digital adoption or deposit trends
at the district level. Second, the RBI’s sequencing of CBDC authorization reflects banks’ internal
technical readiness, rather than granular district-level economic conditions or contemporaneous trends
in retail deposits or digital payment usage at the district level. Third, the mapping from bank-level
authorization to district-level treatment operates mechanically through the lead bank system: once a
lead bank is authorized, its entire district portfolio transitions from non-eligible to eligible for CBDC,
regardless of local economic conditions or the district’s appetite for digital innovation.

2.2 Staggered Roll-Out of CBDC Marketing Campaigns Within Banks

Our second source of identification comes from the CBDC marketing strategy of our sample bank,
one of the largest public-sector banks participating in the RBI’s retail CBDC pilot. In response to
the RBI’s guidance to scale up e| usage, the sample bank rolled out a series of centrally designed
CBDC marketing campaigns targeted at selected districts. These campaigns included targeted in-app
notifications, SMS messages, and branch-level onboarding drives. The bank implemented these
campaigns in a staggered manner across districts: some districts received marketing interventions
earlier while others received them later. By the end of our sample window, all districts served by our
sample bank were covered by these campaigns. Table 3 reports summary statistics on the districts
that were targeted. Figure 2 presents the geographic distribution of CBDC roll-out across districts,
illustrating the spatial variation in treatment timing determined by our sample bank. Appendix
Figure A.3 presents examples of CBDC marketing materials distributed by participating banks.

While the campaign content and design were coordinated by the bank’s central digital banking
and marketing teams, the sequencing of the staggered roll-out of the campaign across districts was
decided by the Reserve Bank of India. This staggered roll-out of CBDC marketing campaigns across
districts provides a second, conceptually distinct experiment that we use to identify the effect of CBDC
introduction on individual-level deposits, usage of digital payment systems, and cash transactions.
The key institutional feature is that campaign timing and targeting were determined by the RBI as part
of a nationwide roll-out plan, rather than by branch-level managers responding to local variation in
CBDC take-up or economic conditions. This design implies that, conditional on the district’s baseline
characteristics, the exact month in which a district is assigned to the intensive CBDC marketing
campaign is plausibly orthogonal to short-run changes in local economic outcomes. Moreover, because
all districts served by our sample bank ultimately become technologically eligible for CBDC, receive
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marketing campaigns, and are served by the same bank, our identification of the marketing effect relies
on within-bank, within-district timing variation in promotional intensity, rather than on cross-bank
differences in technology or product design.

We exploit the two sources of variation to understand the effect of the CBDC at different levels
of aggregation. The lead bank variation identifies the effect of the introduction of CBDC on aggregate
bank deposits and credit at the district level. The marketing campaign variation identifies the effect of
the introduction of CBDC on individual households’ use of deposits, UPI, and cash.

2.3 Aggregate CBDC Usage Patterns in India

Since the launch of the retail digital rupee pilot, CBDC usage in India has expanded rapidly along
both the extensive and intensive margins. Between February 2023 and March 2026, the number
of registered CBDC users rose from about 80 thousand to over 10.6 million, implying more than a
hundred-fold increase in the user base in just over three years. Over the same period, aggregate monthly
CBDC transaction volume rose to roughly |340 billion, with particularly pronounced month-on-month
increases during 2024 as the pilot scaled nationally and participating banks intensified onboarding
efforts. Figure 3a shows the joint evolution of the number of CBDC users and aggregate monthly
transaction volumes over this period.

The time path of adoption was strongly convex early on and then gradually flattened. In the first
phase of the pilot (February 2023–December 2023), the number of users reached roughly 3.8 million
by the end of 2023, while monthly transaction volume reached about |1.2 billion. The second phase
(January 2024–December 2024) was characterized by especially rapid growth: monthly transaction
volume increased from around |6.0 billion in 2024m1 to roughly |135 billion by December 2024, and
the user base rose from about 4.2 million to almost 6.0 million. In the most recent phase (January
2025–March 2026), growth remained strong but became more gradual: the number of users expanded
from roughly 6.1 million to 10.7 million, while monthly transaction volume climbed from around |153
billion to |340 billion, indicating continued deepening of usage on both the extensive and intensive
margins.

Viewed relative to incumbent payment rails, CBDC became a secondary but non-negligible
component of the overall payments landscape. Figure 3b shows the evolution of CBDC transaction
volumes relative to UPI and cash and illustrates the gradual increase in CBDC’s share of aggregate
payment activity. Measured as a share of UPI transaction volume, CBDC usage increased from
essentially zero in early 2023 to around 0.1 percent by March 2024, and then rose further to slightly
above 1 percent by early 2025, fluctuating in the neighborhood of 1–1.2 percent through March 2026.
Relative to cash, the increase was more pronounced: CBDC transaction volume reached about 0.65
percent of cash volume by March 2024 and approximately 12 percent of cash volume by March 2026.
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Over this horizon, the digital rupee evolved from a newly introduced instrument to one that accounted
for a noticeable share of aggregate payment volumes, especially when benchmarked against cash.

Two broad patterns emerge from these aggregate series. First, CBDC adoption and usage evolve
in a nonlinear fashion, with a concentrated period of rapid scale-up around the nationwide roll-out
followed by a more gradual expansion as the user base becomes larger. This timing is consistent
with the institutional roll-out described above, in which the Reserve Bank of India staggered bank
authorizations and marketing campaigns across districts, and suggests that early adopters transacted in
a relatively thin CBDC ecosystem while later adopters operated in a more developed network of users
and merchants. Second, CBDC appears primarily as an additional digital rail layered on top of an
already large digital and cash payments infrastructure: by 2026, its volume remains well below the
scale of UPI and total cash usage, but is nonetheless substantial enough to warrant examining how it
interacts with bank funding and existing digital payment rails.

3 Data
This section describes the data used in the analysis. The empirical work draws on three primary sources:
the timing of CBDC roll-out, district-level data on bank deposits and credit, and individual-level data
on retail CBDC usage, bank deposits, UPI transactions, and ATM withdrawals. District-level deposits
and credit are obtained from the Reserve Bank of India’s publicly available Quarterly Statistics on
Deposits and Credit of Scheduled Commercial Banks. The individual-level data come from one of
India’s largest state-owned commercial banks, which, as of September 2025, served approximately
500 million customers and accounted for 23% of total banking assets and 25% of aggregate deposits
and lending activity in India.

3.1 CBDC Roll-Out

First, we assemble bank-level and district-level data on the staggered roll-out of CBDC access for lead
banks and the staggered roll-out of the CBDC marketing campaign for the sample bank, respectively.
Table 1 reports the timing of CBDC authorization across bank-level treatment cohorts. For these
major public sector banks, we also compute and report descriptive statistics in Table 2.

For our sample bank, we also observe the districts targeted at each expansion stage: December
2022, January 2023, February 2023, May 2023, June 2023, and November 2023. These districts were
not selected for access per se, but rather for targeted outreach and widespread marketing campaigns
designed to educate residents about the CBDC and its usage. By November 2023, all districts served
by our sample bank had been reached by these efforts. Figure 2 presents a map of India documenting
the geographic distribution of districts targeted in each cohort.

Table 3 reports summary statistics for the districts targeted over time. In the first month of the
trial, the 209 targeted districts were the largest in terms of population and nighttime light activity
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relative to districts reached later in the pilot. These districts also had, on average, the largest number
of bank branches and the highest total deposits per branch. Fewer districts were added in January,
February, and May, and these later cohorts were generally smaller than those initially targeted in
December. The June expansion was the largest, bringing many additional locations, districts, and
branches into the program nationwide. Finally, in November, outreach was extended to all remaining
districts. Taken together, these patterns indicate that the digital rupee campaign initially concentrated
on larger and more economically active districts.

3.2 District-Level Bank Deposits and Credit

We collect data on district-level bank deposits and credit from the Reserve Bank of India’s publicly
available Quarterly Statistics on Deposits and Credit of Scheduled Commercial Banks. Specifically,
Statement No. 4B reports the quarterly outstanding stock of deposits at the district level for all
scheduled commercial banks, and Statement No. 4A reports the corresponding stock of bank credit.
The sample spans 2018 Q1 through 2025 Q3. We focus on total retail deposits, defined as the sum
of savings deposits in interest-bearing retail accounts subject to regulated rates of return and term
deposits placed with the bank for a specified maturity at a predetermined interest rate. The data also
include current deposits, which are non-interest-bearing demand accounts used primarily by firms and
institutions for transactional purposes; we do not analyze this category, given our focus on household
deposit behavior in response to the introduction of retail CBDC. Panel A of Table 4 reports summary
statistics for quarterly retail deposits and credit at the district level.

3.3 Individual-Level Data

The individual-level data come from one of the largest state-owned commercial banks in India and
include customer demographics, granular retail CBDC and UPI transaction records, monthly ATM
withdrawal volumes, and monthly snapshots of deposit balances.

We observe self-reported demographics for all depositors in our sample, including gender,
annual income, age, education, ZIP code, and the branch at which the customer primarily banks.
Using the location of the home branch, we identify the date on which each account was exposed to the
CBDC marketing campaign. Panel D of Table 4 reports summary statistics for the demographics we
observe. The sample contains 153,875 individual accounts. Among these, 4.4% have adopted CBDC
and 49.8% have adopted UPI. The sample is 59.2% male, with a mean age of 39.4 years. Mean log
income is 11.97, corresponding to an average annual income of approximately |159,000 (≈ $7,800 in
PPP terms), and less than 1% of the sample holds a sophisticated education credential. Mean deposit
holdings are |15.7 million, with a standard deviation of |53.4 million. The large standard deviation
relative to the mean, together with a median deposit of |352,390 that is well below the mean, indicates
substantial right skewness in the distribution of deposits, reflecting considerable wealth inequality
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within the sample. The marginal propensity to spend has a mean of 4.9 and a standard deviation of
33.3, reflecting considerable heterogeneity in spending behavior.

Our granular CBDC data contain more than 630,000 transactions from December 2022 through
March 2024, organized at the user-ID level. The transaction logs include the timing, amount,
counterparty, and transaction type, allowing us to distinguish between person-to-person (P2P) and
person-to-merchant (P2M) payments. We also have access to granular UPI data for our sample
depositors, which contain more than 48 million transactions from April 2022 through March 2024.
These records include the timing, amount, and transaction type, again distinguishing between P2P and
P2M payments. Lastly, we observe monthly ATM withdrawal volumes at the depositor level from
April 2022 through March 2024, which we use as a proxy for cash usage.

Our dataset also provides monthly snapshots of savings, fixed-deposit, and recurring-deposit
balances over the same period. Savings deposits are interest-bearing accounts subject to regulated
rates of return and can be withdrawn on demand. Fixed deposits are lump-sum investments at a
predetermined rate for a fixed maturity, whereas recurring deposits involve periodic contributions over
a fixed term.4 The deposit data include month-end savings balances, month-average savings balances,
and the balances in fixed and recurring deposits. For each month, we define total deposits as the sum
of the month-average savings balance, the fixed-deposit balance, and the recurring-deposit balance.

We merge the CBDC transaction data with the UPI, ATM withdrawal, and deposit-balance data
for each depositor to construct the analysis panel with depositor-month as the unit of analysis. Panel
C of Table 4 reports summary statistics for monthly CBDC and UPI usage, ATM withdrawals, and
deposit balances. The sample contains 1,591,968 depositor-month observations. Overall, CBDC
adoption remains modest: the likelihood of CBDC usage in a given month is 0.4%, and the mean log
CBDC volume is 0.034. Both P2P and P2M CBDC transactions exhibit very low incidence, with
usage likelihoods of 0.4% for P2P transactions. By contrast, UPI usage is far more widespread: 83.0%
of depositor-months exhibit at least one UPI transaction, with mean log UPI volume of 10.021 and a
mean of 2.355 log transactions per month. P2P UPI transactions are particularly common, with a
usage likelihood of 77.4% and mean log volume of 9.049, whereas P2M UPI transactions have a usage
likelihood of 75.7% and mean log volume of 8.106. These patterns indicate that UPI is the dominant
digital payment method, while CBDC remains in an early stage of adoption during the sample period.

ATM withdrawal usage shows substantial heterogeneity: 34.0% of depositor-months record at
least one ATM withdrawal, with mean log ATM volume of 3.031. This suggests that cash remains
an important payment instrument for a sizable share of depositors. Turning to deposit balances
documented in Panel B, mean log savings balance is 13.207, mean log fixed deposit balance is 2.645,
and mean log recurring deposit balance is 0.638, implying that savings accounts are the primary

4For additional details on deposit account types in India, see here.
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repository of deposits for most customers, with fixed and recurring deposits playing a smaller role.
Mean log total deposit balance is 13.641, with substantial cross-sectional dispersion reflected in a
standard deviation of 3.043. The distribution of deposits exhibits considerable right skewness, with a
median log total balance of 13.774 that is modestly above the mean, consistent with the cross-sectional
inequality documented in Panel D.

4 Conceptual Framework
This section develops a simple portfolio and payments model to organize the effects of retail CBDC
on bank deposits and payment behavior. The model delivers three main implications, which we test
in Sections 6–8: (i) CBDC primarily crowds out liquid savings deposits, (ii) CBDC substitutes for
deposit-backed digital payments but not cash, and (iii) adoption is concentrated among wealthier,
more sophisticated, and digitally engaged households.

In this simple framework, households allocate wealth across four instruments: savings deposits,
term deposits, cash, and CBDC wallets. Savings deposits are liquid, interest-bearing claims on
commercial banks and are typically linked to digital payment rails such as UPI. Term deposits offer
higher returns but are illiquid within the period. Cash is default-free and anonymous but is physical and
less convenient for remote or larger-value transactions. CBDC is a non-interest-bearing, default-free,
digital claim on the central bank that can be used directly for person-to-person and person-to-merchant
payments through a wallet app integrated with existing QR-code infrastructure.

4.1 Environment

Each household 𝑖 starts the period with liquid wealth𝑊𝑖 > 0 and chooses nonnegative holdings

𝐷𝑆
𝑖 ≥ 0, 𝐷𝑇

𝑖 ≥ 0, 𝐻𝑖 ≥ 0, 𝐶𝑖 ≥ 0,

representing savings deposits, term deposits, cash, and CBDC, respectively, subject to the budget
constraint

𝐷𝑆
𝑖 + 𝐷𝑇

𝑖 + 𝐻𝑖 + 𝐶𝑖 = 𝑊𝑖 . (1)

Returns and deposit insurance. Savings deposits earn gross return 1 + 𝑟𝑆 and are fully liquid.
Term deposits earn gross return 1 + 𝑟𝑇 , with 𝑟𝑇 > 𝑟𝑆, and are illiquid within the period. CBDC and
cash are liquid and pay gross return 1.

Deposit insurance applies jointly to the sum of savings and term deposits. Let total deposits be

𝐷tot
𝑖 = 𝐷𝑆

𝑖 + 𝐷𝑇
𝑖 .
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An insurance limit 𝐷̄ > 0 covers deposits up to 𝐷̄ per household. Balances above 𝐷̄ are uninsured and
subject to expected loss. Let 𝛿 ∈ (0, 1) denote the expected loss rate per rupee of uninsured deposits.
The expected monetary payoff from deposits is

Π(𝐷𝑆
𝑖 , 𝐷

𝑇
𝑖 ) = (1 + 𝑟𝑆) min{𝐷tot

𝑖 , 𝐷̄} + (1 + 𝑟𝑆) (1 − 𝛿) max{𝐷tot
𝑖 − 𝐷̄, 0}. (2)

Replacing one rupee of uninsured deposits with CBDC saves expected loss 𝛿(1 + 𝑟𝑆) until deposits
fall back to the insurance limit.

In principle, households may also hold illiquid term deposits 𝐷𝑇 that earn return 𝑟𝑇 . We
assume that these long-term positions are chosen before CBDC is introduced and remain fixed over
the period in which households decide whether to adopt CBDC and how to reallocate their liquid
balances. As a result, 𝐷𝑇 and 𝑟𝑇 do not appear in the expected monetary payoff in equation (2), and
all portfolio adjustment in response to CBDC operates through liquid savings deposits, cash, and
CBDC. This assumption fits our empirical setting, where the digital rupee is non-interest-bearing and
therefore competes mainly on liquidity and payment convenience rather than as a high-yield savings
instrument, and more broadly any environment in which the CBDC remuneration rate is well below
the term-deposit rate 𝑟𝑇 so that incentives to unwind illiquid positions are limited. In Appendix E.7,
we relax this assumption and allow households to choose term deposits and liquid assets jointly in
a simple intertemporal portfolio problem; the extension shows that when CBDC remains low-yield
relative to 𝑟𝑇 and early withdrawal from term deposits is sufficiently costly, the optimal response
to CBDC is to adjust only liquid savings, cash, and CBDC, so treating 𝐷𝑇 as predetermined in the
baseline model provides a reasonably accurate reduced-form description of portfolio behavior over the
horizon we study.

Digital payment technologies. Household 𝑖 faces a flow of digital payment needs with intensity
𝜇𝑖 ≥ 0. These payments can be executed either via UPI, funded from savings deposits, or via CBDC,
funded from the CBDC wallet. UPI is available if 𝐷𝑆

𝑖
> 0 and yields convenience 𝛾UPI per unit of

digital payment. CBDC is available if 𝐶𝑖 > 0 and yields convenience 𝛾CBDC per unit plus an additional
safety/segmentation benefit from holding CBDC balances. Specifically, if the household adopts CBDC
and holds 𝐶𝑖 > 0, it receives a benefit 𝜙𝑖𝑆(𝐶𝑖), where 𝜙𝑖 ≥ 0 captures the household-specific valuation
of segmentation and 𝑆 : R+ → R+ is increasing and concave. Adopting and using CBDC entails a
fixed cost 𝑘𝑖 ≥ 0.

If the household does not adopt CBDC, all digital payments run through UPI and receive a
utility

𝑈no CBDC
𝑖 = 𝜇𝑖𝛾

UPI. (3)
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If the household adopts CBDC and uses the wallet as its main digital channel, then it receives a utility

𝑈CBDC
𝑖 = 𝜇𝑖𝛾

CBDC + 𝜙𝑖𝑆(𝐶𝑖) − 𝑘𝑖 . (4)

Total utility. Total utility for household 𝑖 is

𝑈𝑖 = 𝑀𝑖 (𝐷𝑆
𝑖 , 𝐷

𝑇
𝑖 , 𝐻𝑖, 𝐶𝑖) + max{𝑈no CBDC

𝑖 ,𝑈CBDC
𝑖 }, (5)

where expected monetary payoffs are

𝑀𝑖 (𝐷𝑆
𝑖 , 𝐷

𝑇
𝑖 , 𝐻𝑖, 𝐶𝑖) = Π(𝐷𝑆

𝑖 , 𝐷
𝑇
𝑖 ) + 𝐻𝑖 + 𝐶𝑖 . (6)

We solve the household’s problem in two steps. For a given adoption choice, the household
chooses (𝐷𝑆

𝑖
, 𝐷𝑇

𝑖
, 𝐻𝑖, 𝐶𝑖) to maximize expected monetary payoffs (6) subject to the budget constraint

(1). It then compares the value of adopting and not adopting and chooses the higher-utility option.

4.2 Deposits: Savings Versus Term Deposits

Our first empirical result is that CBDC introduction reduces deposits primarily along the savings
margin, with little change in fixed and recurring deposits. We now show how this arises in the model.
To simplify notation, we suppress the index 𝑖 in this subsection. Consider first the portfolio problem
without CBDC (𝐶 = 0). Term deposits strictly dominate excess liquid balances for non-transactional
wealth because they offer a higher return and illiquidity is not costly once liquid needs are met.

Lemma 4.1 (Baseline portfolio without CBDC). In the absence of CBDC, there exists an optimal
allocation (𝐷𝑆

0 , 𝐷
𝑇
0 , 𝐻0) such that: (i) for a given optimal level of liquid balances 𝐿0 = 𝐷𝑆

0 + 𝐻0,
any additional wealth is allocated to term deposits 𝐷𝑇

0 , and (ii) if 𝐿0 is uniquely optimal, then 𝐷𝑇
0 is

weakly increasing in wealth𝑊 and strictly positive for𝑊 sufficiently large.

Assumption 1. We impose that what matters for non-payment utility is total liquidity, not the exact
split among savings, cash, and CBDC. Specifically, conditional on a given level of total liquid balances
𝐿 = 𝐷𝑆 +𝐻 +𝐶, the household is indifferent over different splits of 𝐿 across (𝐷𝑆 , 𝐻, 𝐶) for purposes
other than digital payments.5

5This assumption restricts the non-payment part of utility to depend on liquid resources only through their sum 𝐿 (together with
consumption), rather than on the full vector (𝐷𝑆 , 𝐻, 𝐶). In particular, holding fixed consumption and total liquid balances 𝐿,
reallocating one rupee between savings deposits, cash, and CBDC does not change non-payment utility. At the same time, we do
not assume that the three instruments are fully equivalent. First, they can differ in returns and safety in the budget constraint (for
example, savings deposits earn interest and carry bank default risk, whereas CBDC does not bear interest but is a direct liability
of the central bank). Second, they enter the payments component of utility differently, because CBDC and UPI facilitate digital
transactions while cash is used for physical payments. Thus, composition affects behavior only through these explicitly modeled
interest, safety, and payment-convenience channels, and we abstract from any additional intrinsic taste for holding a particular liquid
instrument (such as a preference for cash for informality or for CBDC for peace of mind). This simplification keeps the portfolio
problem focused on the trade-offs we focus on in the empirical section of the paper, rather than on unobserved heterogeneity in
tastes over specific asset types.
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Let (𝐷𝑆
0 , 𝐷

𝑇
0 , 𝐻0) be an optimal portfolio in the no-CBDC case. Once CBDC is available, let

(𝐷𝑆
1 , 𝐷

𝑇
1 , 𝐻1, 𝐶1) denote an optimal portfolio if the household adopts CBDC and chooses 𝐶1 > 0.

Henceforth, we will index by 0 in the no-CBDC case, and index by 1 in the CBDC case.

Proposition 4.1 (CBDC funded from savings, not term deposits). Suppose (i) 𝑟𝑇 > 𝑟𝑆 and term
deposits are illiquid within the period, (ii) CBDC is liquid and pays gross return 1, and (iii) Assumption 1
holds. Then there exists an optimal portfolio with CBDC such that 𝐷𝑇

1 = 𝐷𝑇
0 and

𝐷𝑆
1 + 𝐻1 + 𝐶1 = 𝐷𝑆

0 + 𝐻0.

In particular, increases in 𝐶1 relative to 𝐶0 = 0 are financed by reductions in savings deposits or cash,
rather than by reductions in term deposits.

The proof, given in Appendix E.1, shows that any portfolio where CBDC is funded by cutting
term deposits can be dominated by increasing term deposits back to their baseline level and reducing
liquid assets while keeping total liquidity fixed. Proposition 4.1 implies that CBDC disintermediates
banks primarily along the savings margin. We test this implication in Section 6 using district- and
individual-level data on deposits and credit.

4.3 Digital payments: Substitution between CBDC and UPI

Our second set of theoretical predictions is that CBDC is associated with a decline in usage of
pre-existing digital payments and only a modest decline in cash. In the model, this pattern follows
from the close substitutability between CBDC and UPI as digital payment technologies and from the
limited substitutability between cash and digital channels for certain transactions.

For a CBDC adopter with 𝐶𝑖 > 0, let 𝑥UPI
𝑖

and 𝑥CBDC
𝑖

denote the fractions of the household’s
digital payment needs that are routed through UPI and CBDC, respectively, with

𝑥UPI
𝑖 + 𝑥CBDC

𝑖 = 1.

For each transaction, the household compares per-unit net utility across channels. Institutional details
suggest that 𝛾CBDC ≈ 𝛾UPI as the CBDC app offers similar convenience to UPI. Moreover, CBDC
provides additional segmentation benefits that are increasing in 𝐶𝑖. Therefore, CBDC becomes more
attractive as the wallet balance and 𝜙𝑖 increase.

Lemma 4.2 (Payment-channel choice). For a CBDC adopter with 𝐶𝑖 > 0 and 𝛾CBDC ≈ 𝛾UPI, the
optimal share 𝑥CBDC

𝑖
is weakly increasing in 𝐶𝑖 and in 𝜙𝑖, and weakly decreasing in 𝑘𝑖. For sufficiently

large 𝐶𝑖 and 𝜙𝑖, we have 𝑥CBDC
𝑖

→ 1.
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We assume that a subset of transactions is intrinsically cash-intensive and remains in cash even
after CBDC adoption.

Assumption 2. There is a subset of transactions for which digital channels are poor substitutes for
cash, so these transactions continue to be executed in cash regardless of CBDC adoption.

Proposition 4.2 (Substitution from UPI to CBDC, limited effect on cash). Suppose (i) adopters fund
CBDC from savings as in Proposition 4.1, (ii) for adopters, 𝑥CBDC

𝑖
increases with 𝐶𝑖 as in Lemma 4.2,

and (iii) Assumption 2 holds. Then as CBDC adoption and wallet balances increase, aggregate UPI
volume and transaction counts fall sharply, while aggregate cash usage falls by much less.

Section 7 tests Proposition 4.2 by examining how CBDC affects UPI and cash transactions.

4.4 Adoption: Role of total deposits and sophistication

Our third set of results concerns who adopts CBDC. The model predicts that adoption hazards are
much higher among customers with large deposits and higher income and education. In the model, this
pattern arises because the safety and segmentation benefits of CBDC are increasing in total uninsured
deposits and because adoption costs are lower for more financially sophisticated households.

Let𝑉0(𝑊𝑖) denote maximal utility when household 𝑖 does not adopt CBDC and𝑉1(𝑊𝑖) maximal
utility when it adopts. Adoption is optimal if 𝑉1(𝑊𝑖) ≥ 𝑉0(𝑊𝑖). Conditional on adoption, let 𝐶∗

𝑖
(𝑊𝑖)

be the optimal CBDC balance and (𝐷𝑆,∗
1𝑖 , 𝐷

𝑇,∗
1𝑖 , 𝐻

∗
1𝑖) the associated deposits and cash.

Consider a household for which, in the no-CBDC benchmark, total deposits 𝐷tot
0𝑖 = 𝐷𝑆

0𝑖 + 𝐷
𝑇
0𝑖

exceed the insurance limit 𝐷̄. Replacing one rupee of uninsured deposits with CBDC yields an
expected gain of size 𝛿(1 + 𝑟𝑆), lowering the effective interest cost of CBDC relative to deposits. Let
𝑟𝑖 (𝑊𝑖) ∈ [0, 𝑟𝑆] denote this effective net cost per rupee of CBDC for household 𝑖.

Lemma 4.3 (Adoption condition). For a given household (𝜙𝑖, 𝜇𝑖, 𝑘𝑖) with 𝐷tot
0𝑖 > 𝐷̄, there exists an

optimal CBDC balance 𝐶∗
𝑖
(𝑊𝑖) that solves

max
0≤𝐶≤𝑊𝑖

{𝜙𝑖𝑆(𝐶) − 𝑟𝑖 (𝑊𝑖) 𝐶} .

Adoption is optimal if and only if

𝜙𝑖𝑆(𝐶∗
𝑖 (𝑊𝑖)) + 𝜇𝑖

(
𝛾CBDC − 𝛾UPI

)
≥ 𝑟𝑖 (𝑊𝑖)𝐶∗

𝑖 (𝑊𝑖) + 𝑘𝑖 . (7)

Households with larger wealth and higher total deposits are more likely to have 𝐷tot
0𝑖 > 𝐷̄ and

therefore face a lower effective cost 𝑟𝑖 (𝑊𝑖) of holding CBDC instead of deposits.

Proposition 4.3 (Total deposits and adoption). Consider two households 𝑖 and 𝑗 with the same
(𝜙, 𝜇, 𝑘) but different wealth, 𝑊𝑖 > 𝑊 𝑗 . Suppose that in the no-CBDC benchmark, total deposits
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satisfy 𝐷tot
0 𝑗 ≤ 𝐷̄ (fully insured) for household 𝑗 and 𝐷tot

0𝑖 > 𝐷̄ (partially uninsured) for household 𝑖.
Then:

(i) If it is optimal for 𝑗 to adopt CBDC, it is strictly optimal for 𝑖 to adopt CBDC.
(ii) There exist parameter values (𝜙, 𝜇, 𝑘, 𝑟𝑆, 𝛿) such that 𝑖 adopts CBDC while 𝑗 does not.

Proposition 4.3 formalizes the idea that households with larger total deposits, and hence greater
uninsured exposure, have stronger incentives to adopt CBDC, even though the funds they move into
CBDC are drawn from savings rather than term deposits. Heterogeneity in 𝜙𝑖 and 𝑘𝑖 can be interpreted
as capturing financial and digital sophistication, so that more sophisticated households are more likely
to satisfy the adoption condition (7). Section 8 studies these adoption patterns using individual-level
micro data that correlate CBDC adoption with these characteristics.

4.5 Discussion

Taken together, Propositions 4.1, 4.2, and 4.3 deliver three central implications that we directly test in
the data. First, CBDC crowds out liquid savings deposits rather than term deposits. Second, CBDC
competes primarily with deposit-backed digital payments via UPI and only weakly with cash. Third,
adoption is concentrated among households with large total deposits and higher financial sophistication.
The extension in Appendix E.4 makes this adoption pattern more explicit by introducing heterogeneity
in households’ valuation of safety and in their technology adoption costs: holding income and deposits
fixed, CBDC take-up is higher for households that place greater value on the segmentation benefits of
CBDC and face lower adoption costs, helping to explain why individuals with sophisticated education
and stronger digital engagement adopt earlier. Overall, the model provides a unified interpretation of
the effects on deposits, digital payments, and adoption that we document in Sections 6, 7, and 8.

We also use the framework to study how alternative CBDC designs would modify these effects.
The design extension in Appendix E.5 shows that paying interest on CBDC materially strengthens
adoption incentives and amplifies substitution away from bank deposits, potentially affecting term
deposits as well as savings when the CBDC rate is sufficiently high. In this sense, our empirical setting
with a zero-interest CBDC can be interpreted as a lower bound on the potential impact of CBDC on
both deposits and digital payments.

Finally, a key difference between our baseline model and the actual design of the digital rupee is
that the Reserve Bank of India caps individual CBDC balances at |100,000. To capture this feature,
the extension in Appendix E.6 introduces an exogenous holding limit on the CBDC wallet and studies
how it alters portfolio and payment choices. The cap does not change which households find CBDC
attractive. Adoption still concentrates among wealthier, more sophisticated depositors. However,
it truncates their CBDC balances and mechanically limits how much they can draw down savings
deposits and re-route digital payments from UPI to CBDC. In this sense, the holding cap acts as a
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quantitative brake on deposit disintermediation and payment substitution: it compresses the magnitude
of the effects we document, without overturning the qualitative patterns of who adopts CBDC and
which margins of the balance sheet and payment behavior adjust. More broadly, stock-based limits on
CBDC holdings and related flow-based limits on transaction volumes are under active consideration in
several jurisdictions (e.g. Kosanović, 2025; European Central Bank, 2020). These tools are viewed as
a way to manage the impact of retail CBDC on bank intermediation and financial stability (Keister
and Sanches, 2023; Carapella et al., 2024). The implications of this extension therefore speak not only
to the Indian case, but also to ongoing international policy discussions about capped or otherwise
restricted CBDC designs.

5 Empirical Strategy
We now describe the empirical strategies used to test the model’s predictions. The empirical analysis
combines two staggered roll-out designs: district-level variation in CBDC eligibility across lead-bank
districts and within-bank variation in the timing of CBDC marketing campaigns across districts.
We estimate the effect of CBDC introduction on aggregate bank deposits and credit, as well as on
individual-level deposit balances. We use a difference-in-differences (DiD) design that exploits the
staggered roll-out of the CBDC across units.

Recent work in the DiD literature shows that the traditional two-way fixed effects estimator
produces biased estimates when treatment effects are heterogeneous across cohorts or over time. The
staggered roll-out of the CBDC makes such heterogeneity likely in our setting. Table 2 and Table 3
show that early-treated cohorts differ from later-treated cohorts along observable characteristics. These
differences suggest that cohorts may respond differently to CBDC introduction. In addition, the CBDC
ecosystem evolved during the roll-out, with changes in features, merchant acceptance, and public
awareness.

We address these concerns by using the estimator proposed by Callaway and Sant’Anna (2021) to
construct event-time DiD estimates. This estimator allows for arbitrary treatment effect heterogeneity
across cohorts and over time. It also makes the choice of control group explicit (Roth et al.,
2023). We complement these results with estimates based on Borusyak, Jaravel, and Spiess (2024)
and de Chaisemartin, D’Haultfœuille, and Vazquez-Bare (2024) to assess robustness to alternative
estimators.

Following Callaway and Sant’Anna (2021), we estimate group-time average treatment effects.
Let 𝐺 = 𝑔 denote the cohort of units first treated in period 𝑔. The group-time average treatment effect
is defined as

𝐴𝑇𝑇 (𝑔, 𝑡) = E[𝑌𝑡 (𝑔) − 𝑌𝑡 (0) | 𝐺 = 𝑔] . (8)
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Here, 𝑌𝑡 (𝑔) denotes the potential outcome at time 𝑡 for units first treated in period 𝑔, and 𝑌𝑡 (0) denotes
the potential outcome without treatment. We aggregate these group-time effects to obtain event-time
estimates that summarize dynamic treatment effects relative to the time of treatment. We also report
three aggregate measures. The simple aggregation computes a weighted average of all group-time
treatment effects. The group-specific aggregation averages treatment effects within each cohort and
then across cohorts. The event-time aggregation averages treatment effects across periods with the
same exposure length.

The key identification assumption is the parallel trends assumption. In the absence of treatment,
outcomes for treated and control units would have followed parallel trends within each cohort. This
assumption allows for systematic differences in levels across cohorts, as long as these differences
are time-invariant or evolve similarly in the absence of treatment. In particular, treatment does not
need to be randomly assigned across units. All our specifications include unit and time fixed effects.
Unit fixed effects absorb time-invariant differences across units, such as baseline levels of financial
development or banking access, while time fixed effects absorb aggregate shocks that affect all units
simultaneously. The identification therefore comes from differences in the timing of treatment across
units. While this assumption is inherently untestable, we conduct pre-trends assessments across all
specifications to support its validity.

5.1 Aggregate Bank Deposits and Credit

We first implement this framework at the district level by exploiting variation in the timing of CBDC
authorization across lead banks and the districts they serve. The unit of observation is district 𝑑 in
quarter 𝑡. We define treatment timing 𝑔 as the quarter in which the lead bank serving district 𝑑 receives
CBDC authorization. For each district-quarter, we examine the effect of the introduction of CBDC on
the natural logarithm of total retail deposits and total credit.

This design maps bank-level treatment to district-level outcomes through the lead bank structure.
Each district is assigned a lead bank that plays a central role in local banking activity. When a lead
bank receives CBDC authorization, districts linked to that bank become exposed to the treatment.

We assume no anticipation, i.e., districts do not systematically adjust their deposit or credit
behavior prior to CBDC authorization in anticipation of CBDC introduction. This assumption is
plausible given that authorization decisions are made at the bank level based on internal technical
readiness. These bank-level decisions are filtered down to districts based on their lead banks. Therefore,
districts are unlikely to observe or predict the exact timing of these decisions.

We use districts whose lead banks are never authorized as the control group and include district
and time (quarter) fixed effects in our analysis. Therefore, the identification of the effect relies on the
assumption that the timing of CBDC authorization across lead banks is not correlated with differential
trends in district-level outcomes. This assumption is reasonable because lead bank assignments were
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fixed decades before CBDC was conceived and are driven by administrative considerations unrelated to
recent deposit trends or the adoption of digital payments at the district level. We also present pre-trend
assessment for all analysis to provide further supporting evidence for our identifying assumption

5.2 Individual-Level Deposit Balances

We next implement a more granular version of the design at the individual level by exploiting variation
in the timing of CBDC marketing campaigns across districts. The unit of observation is individual 𝑖
in month 𝑡. We define treatment timing 𝑔 as the month in which individual 𝑖’s district receives the
marketing intervention. For each individual-month, we examine savings, fixed deposit, recurring
deposit, and total deposit balances.

This design captures variation in exposure to CBDC promotion and information at the individual
level. Unlike the district-level analysis, which relies on bank-level authorization, this approach uses
within-bank and within-district timing of marketing intensity. As a result, the design isolates how
individuals adjust their deposit choices in response to changes in awareness and salience of CBDC,
holding constant the underlying banking environment.

This individual-level design offers three key advantages compared to the district-level analysis.
First, individual fixed effects allow us to control for unobserved heterogeneity at a much finer
level, including baseline wealth, preferences, and banking behavior. This reduces concerns about
compositional differences across treated and control units. Second, the use of not-yet-treated individuals
as controls ensures that identification relies on comparisons within a common support of eventually
treated units, rather than between treated and never-treated groups that may differ systematically. This
strengthens the credibility of the counterfactual, relative to designs that rely on never-treated controls.
Third, the use of monthly data allows us to trace treatment dynamics at a higher frequency. The key
shortcoming of this analysis is that we do not observe credit at this unit of analysis.

We assume no anticipation of marketing exposure, i.e., individuals do not systematically adjust
deposit balances prior to the arrival of marketing campaigns. This assumption is plausible because
campaign timing is determined centrally by the RBI and is not communicated in advance at a granular
level, which limits individuals’ ability to adjust behavior prior to treatment.

Our estimation employs individual and time (month) fixed effects. Identification therefore relies
on the assumption that the timing of marketing campaigns is not correlated with differential trends in
individual deposit outcomes. Put differently, in the absence of the marketing campaign, early- and
late-treated individuals would have followed parallel trends in deposit balances. This assumption is
supported by two features of the setting. First, campaign timing follows a centralized roll-out strategy
rather than local economic conditions or individual behavior. Second, all individuals in the sample are
served by the same bank, which removes cross-bank differences in technology, product design, and

23



implementation. We present pre-trend assessment to provide evidence in support of the identifying
assumption.

6 CBDC and Bank Deposit Disintermediation
A central question in the theoretical literature on CBDC is whether its introduction reduces commercial
banks’ deposit base and, in turn, their capacity to extend credit. Existing models show, under a range
of assumptions, that even a non-interest-bearing retail CBDC can lead to deposit disintermediation
and, in some cases, a contraction in bank lending (see Whited, Wu, and Xiao, 2023; Chang et al.,
2023; Gross and Schiller, 2021; Federal Reserve Board of Governors, 2022; Fernández-Villaverde
et al., 2021, among others). The conceptual framework in Section 4 captures one central channel
emphasized in this work by modeling CBDC as a safe, liquid instrument that competes primarily with
households’ savings deposits rather than with illiquid term deposits and by characterizing how this
substitution can affect banks’ funding conditions.

In this section, we bring these ideas to the data at two complementary levels of aggregation and
quantify the associated changes in bank credit. At the district level, we use the staggered roll-out of
CBDC access across lead bank districts to estimate the effect of CBDC introduction on aggregate
deposits and credit. This analysis provides direct evidence on whether CBDC erodes the funding
base of commercial banks and how much this translates into a reduction in lending. At the individual
level, we exploit within-bank, within-district variation in CBDC marketing campaigns to study
how households adjust the composition of their deposits. We show that the decline in deposits is
concentrated in liquid savings balances rather than in fixed and recurring deposits, which is consistent
with the mechanism in Section 4 that links CBDC adoption to a reallocation of transaction-related
balances.

6.1 Effect of CBDC on Aggregate Bank Deposits and Credit

We first present district-level evidence on the effect of CBDC introduction on aggregate retail deposits
and credit. We use the staggered authorization of lead banks as plausibly exogenous variation in the
timing of CBDC access across districts, following the empirical design in Section 5.1. Figure 4 reports
event-time estimates based on the Callaway and Sant’Anna (2021) estimator. The sample consists of
a balanced panel of districts from 2018 Q1 to 2025 Q3. Panel (a) uses the logarithm of total retail
deposits as the outcome, and panel (b) uses the logarithm of total credit.

The estimates in Figure 4 yield two key takeaways. First, the event-time coefficients do not
show differential pre-trends in deposits or credit prior to CBDC eligibility, which provides suggestive
support for the parallel trends assumption. Second, following eligibility, deposits decline on impact
and remain persistently below pre-treatment levels, whereas credit also declines but by a smaller
magnitude and with less precision.
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The average treatment effect across post-treatment periods implies a 3.2% decline in total retail
deposits (𝐴𝑇𝑇 = −0.0318), which is statistically significant at the 1% level. At the median level of
deposits in 2022 Q3, this effect corresponds to a reduction of approximately |2.1 billion per district.
The corresponding estimate for credit implies a 2.3% decline (𝐴𝑇𝑇 = −0.0228). This effect, however,
is noisier, is statistically significant at the 10% level, and appears to revert toward zero after six
quarters.

We view the effect of CBDC on retail deposits as a moderate thinning of the retail funding
base rather than a run-like episode. To put this magnitude in context, we consider a simple adoption
scenario. Suppose a district has a population of about 3 million people and that 1% of its residents
adopt CBDC and move balances up to the current holding limit of |100,000.6 This corresponds to
30,000 individuals, who are a small share of the district, each shifting |100,000, for a total of |3
billion. At the median district in our sample, retail deposits are approximately |65.6 billion, so this
back-of-the-envelope calculation suggests that a modest adoption rate of 1% among residents who fully
use the cap would reduce the local deposit base by roughly 5% of its pre-treatment level. These rough
magnitudes are somewhat larger than our estimated 3.2% decline in deposits, which suggests that the
district-level effect we find is well within the range implied by limited adoption among higher-balance
households once one accounts for the size of the eligible population and the CBDC holding cap.

The dynamic pattern of credit is informative about banks’ adjustment margins. Credit initially
co-moves with deposits but partially recovers within roughly six quarters, even though the decline in
deposits appears persistent. This pattern suggests that banks initially face tighter funding conditions
and reduce lending in proportion to the deposit outflows, but subsequently substitute toward alternative
funding sources or adjust their balance sheets to support lending in the medium run. In the short run,
the fall in deposits increases the marginal cost of funds and leads to a reduction in credit that mirrors
the deposit decline. As the horizon extends, banks can respond by raising deposit rates, tapping
wholesale or interbank markets, or reallocating liquid assets, which attenuates the effect on lending
and generates the partial recovery in credit.

The Reserve Bank of India caps individual CBDC balances at |100,000, so our estimates are
likely to represent a lower bound on the effect of CBDC on deposits and credit relative to settings in
which CBDC holdings are unconstrained. This distinction matters for external validity. The model
extension in Appendix E.6 introduces an explicit holding limit into the portfolio problem and shows
that the cap does not change which households find CBDC attractive or which margins of their balance
sheets adjust, but it truncates their desired CBDC balances and mechanically limits how much they
can draw down savings deposits and re-route digital payments from UPI. In that extension, the holding

6This back-of-the-envelope calculation assumes that adopters hold CBDC balances up to the current individual cap. This assumption
is plausible in light of the adopter profile we document in Section 8. Early CBDC users are disproportionately high-deposit,
high-income, and digitally sophisticated households, for whom |100,000 represents a small fraction of their total on-balance-sheet
resources.
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cap therefore acts as a quantitative brake on deposit disintermediation and payment substitution: it
scales down the magnitude of the effects we document while leaving their qualitative patterns intact.

The district-level results are robust to using alternative estimators. Appendix Figure C.1
presents long-difference estimates based on Callaway and Sant’Anna (2021), and Appendix Figure C.2
reports results using the estimators in Borusyak, Jaravel, and Spiess (2024) and de Chaisemartin,
D’Haultfœuille, and Vazquez-Bare (2024). The results are similar across all three estimators, which
indicates that our findings are not driven by the choice of difference-in-differences methodology.

Overall, the district-level evidence is consistent with recent theoretical work that emphasizes the
deposit channel as the primary way in which retail CBDC affects banks (see Infante et al., 2022, 2023,
2024, for reviews). A reduction in deposits raises the marginal cost of funds, but the impact on credit
depends on how easily banks can substitute across funding sources and adjust portfolio choices. We
observe a clear and persistent decline in deposits, while the effect on credit is more modest and fades
over the medium term, which is consistent with a setting in which banks face initial funding pressure
but retain some flexibility to adjust their liability structure.

6.2 Effect of CBDC on Individual-Level Deposit Balances

The district-level results help establish that CBDC introduction is associated with a decline in aggregate
deposits and a modest decline in credit. These aggregate patterns, however, do not reveal which parts
of households’ balance sheets adjust. Aggregate data cannot distinguish between a reallocation out
of liquid savings and a more general reduction in deposit funding, including term deposits. This
distinction is important because the two margins have different implications for households and for
banks.

At the household level, a shift out of liquid savings affects the resources that households use for
day-to-day transactions and short-term shocks, whereas a shift out of term deposits affects long-term
savings and portfolio risk. The composition of the outflows also helps distinguish whether CBDC
operates primarily as a transactions instrument or, despite paying no interest, as a savings vehicle.
At the bank level, liquid deposits and term deposits play different roles in funding and liquidity
management. Liquid deposits provide low-cost, on-demand funding, while term deposits are more
expensive but more predictable over the contract horizon. Identifying which margin adjusts therefore
helps interpret the implications of CBDC for households’ financial resilience and for banks’ funding
structures, and it directly tests the prediction in Proposition 4.1 that CBDC displaces savings deposits
rather than term deposits.

We use individual-level data to trace the aggregate decline in deposits to specific components
of household balance sheets. We study four outcomes: savings balances, fixed deposit balances,
recurring deposit balances, and total deposit balances. The specification includes individual fixed
effects, so the estimates absorb all time-invariant heterogeneity in demographics, baseline financial
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behavior, and branch characteristics. The identifying variation comes from differences in the timing
of the CBDC marketing campaign across districts for otherwise comparable customers within the
same bank, as described in Section 5.2.

Figure 5 reports event-time estimates based on the Callaway and Sant’Anna (2021) estimator.
Across all four outcomes, we do not observe significant pre-trends in the months before the intensive
CBDC marketing campaign, which supports the parallel trends assumption. Following the campaign,
the decline in total deposit balances is concentrated in savings accounts, whereas we do not observe
economically meaningful or statistically significant changes in illiquid high-yield deposits, such as
fixed or recurring deposits.

Appendix C.2 presents robustness checks based on the long-difference approach of Callaway
and Sant’Anna (2021) (Appendix Figure C.3) and on the alternative DiD estimators in Borusyak,
Jaravel, and Spiess (2024) and de Chaisemartin, D’Haultfœuille, and Vazquez-Bare (2024) (Appendix
Figure C.4). The results are qualitatively similar across these methods, which indicates that our
findings are not sensitive to the choice of estimator.7

These results are consistent with the framework in Section 4. In that framework, CBDC is a
close substitute for low-yield, highly liquid savings deposits. Households therefore fund CBDC by
shifting balances out of savings when the perceived safety and segmentation benefits of central bank
money exceed the foregone interest. Illiquid, higher-yield term deposits are not the natural funding
source. Proposition 4.1 therefore predicts that CBDC should compete primarily with liquid savings
deposits rather than with term deposits.

The individual-level evidence matches this prediction. CBDC-related outflows arise mainly
from savings accounts, whereas fixed and recurring deposits remain largely unchanged. This pattern
indicates that households adjust the liquid portion of their balance sheets that supports everyday
transactions, rather than drawing down long-term savings, and it aligns with the view in Section 4 that
CBDC and savings deposits provide similar transaction services while term deposits remain a distinct,
long-horizon savings instrument.

7 CBDC as a Substitute for Digital & Cash Payments
Having documented that CBDC introduction is associated with a decline in liquid deposit balances, we
next examine whether CBDC also substitutes for the payment methods through which those balances
were previously used for transactions. The framework in Section 4 predicts that CBDC should compete
more directly with deposit-backed digital payments than with cash (Proposition 4.2). We test this
7The Borusyak, Jaravel, and Spiess (2024) event-study coefficients rely on an imputation step in which pre- and post-treatment
coefficients are constructed asymmetrically, so standard visual heuristics for assessing parallel trends do not apply. As Roth (2026)
shows, smooth violations of parallel trends can appear as discontinuities at the treatment date in the Borusyak, Jaravel, and Spiess
(2024) event-study, which makes the pre-treatment coefficients less reliable as a formal pre-trend test. For pre-trend assessment, we
therefore follow Roth (2026) and rely on the Callaway and Sant’Anna (2021) and de Chaisemartin, D’Haultfœuille, and Vazquez-Bare
(2024) estimators, which yield flat pre-treatment paths.

27



prediction by estimating its effect on UPI use and ATM withdrawals, using the latter as a proxy for
cash use.8 We combine the individual-level transaction data with the staggered geographic variation in
CBDC marketing intensity at our sample bank and apply the same event-study difference-in-differences
design as in Section 5.2 to test these predictions.

7.1 Effect of CBDC on Digital Transactions

We first examine the effect of CBDC on digital payments. We focus on UPI, which is the main digital
rail in our setting. Figure 6 reports event-time estimates for aggregate UPI usage along three margins.
We do not observe significant pre-trends in the months before the CBDC marketing campaign for
any of these outcomes, which supports the parallel trends assumption. After the campaign, UPI
usage declines on all three margins. We estimate an approximately 40% decline in UPI volume, a 5
percentage-point decline in the likelihood of any UPI usage (𝐴𝑇𝑇 = −0.0507), and an approximately
10% decline in the number of UPI transactions (𝐴𝑇𝑇 = −0.1061).

We next interpret the size of these effects. The magnitudes we find for digital payments should
be viewed as adjustments among a specific set of users rather than as a collapse of the incumbent
rail. A 5 percentage-point decline in the likelihood of any UPI use is modest relative to the very high
baseline prevalence of UPI in our data, and a 10% decline in the number of UPI transactions is also
much smaller than the change in volume. These two margins indicate that most customers continue to
use UPI and that many still make a substantial number of UPI payments after the CBDC campaign.
The roughly 40% decrease in UPI volume is therefore best interpreted as an intensive-margin response
in which a subset of users shifts part of their digital payment flows to CBDC. The fact that volume
falls much more than transaction counts is consistent with medium- and higher-value payments
migrating to CBDC, while many small-ticket payments remain on UPI. Because these estimates are
local to customers of our sample bank in districts exposed to targeted CBDC promotion, and because
baseline UPI penetration and volumes are very high, we interpret the effects as indicating a noticeable
rebalancing of digital transactions among early adopters rather than a broad retreat from UPI in the
wider economy.

This interpretation is also in line with the adopter profile we document in Section 8, where early
CBDC users are disproportionately high-deposit, high-income, and digitally sophisticated households
who plausibly account for a large share of UPI volume even though they represent a modest share
of all potential users. These adopter characteristics help rationalize the magnitude and pattern of
the UPI effects. If a relatively small group of heavy and affluent users moves part of its payment
activity to CBDC, UPI volume can fall by a sizeable amount even when most customers continue to
use UPI and many still make a large number of UPI payments. In this setting, a 5 percentage-point

8In India, the dominant digital payment method is UPI, and UPI transactions are primarily funded by liquid deposits such as savings
accounts.
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drop in the likelihood of any UPI use and a 10% decline in the number of transactions are consistent
with the continued broad reliance on UPI by the average depositor. The much larger decline in UPI
volume can then be understood as reflecting a reallocation of medium- and higher-value transactions
by this concentrated group of intensive users. Seen through this lens, the UPI magnitudes indicate a
pronounced adjustment in the behavior of early, high-intensity adopters rather than a general collapse
of UPI usage across the wider customer base.

Appendix Figures C.5 and C.6 decompose the aggregate UPI decline into person-to-person
(P2P) and person-to-merchant (P2M) transactions. The declines are similar in magnitude across
both channels. We estimate an approximately 32.6% decline in P2P volume (𝐴𝑇𝑇 = −0.3944) and
an approximately 31.4% decline in P2M volume (𝐴𝑇𝑇 = −0.3775). This pattern indicates that
substitution away from UPI is broad-based across transaction types rather than concentrated in either
interpersonal transfers or merchant payments.

7.2 Effect of CBDC on ATM Withdrawals

We next examine the effect of CBDC on cash usage, as proxied by ATM withdrawals. Figure 7 reports
the corresponding event-time estimates. We find a statistically significant but substantially smaller
decline in ATM withdrawal volume (𝐴𝑇𝑇 = −0.1036) and a 1.28 percentage-point decline in the
likelihood of ATM usage (𝐴𝑇𝑇 = −0.0128). The magnitude of the ATM decline is considerably
smaller than the UPI decline, which suggests that CBDC substitutes primarily for digital payments
rather than for cash.

We assess robustness to alternative specifications in Appendix C.4. We re-estimate the
effects using the long-difference approach of Callaway and Sant’Anna (2021) and the alternative
difference-in-differences estimators in Borusyak, Jaravel, and Spiess (2024) and de Chaisemartin,
D’Haultfœuille, and Vazquez-Bare (2024). We also replicate the UPI analysis using weekly instead of
monthly outcomes. Across these specifications, we do not find evidence of pre-trends and we obtain
qualitatively similar declines in UPI usage and ATM withdrawals. These tests indicate that our results
are not sensitive to the choice of estimator or temporal aggregation.

Taken together, the evidence on digital payments and cash supports Proposition 4.2 and suggests
that cash is a relatively weak substitute for CBDC. Cash is physical and anonymous and is used
predominantly for small, face-to-face transactions where digital infrastructure is limited, so the main
margin of substitution runs through deposit-backed digital payments rather than through currency.

8 Who Adopts CBDC?
So far, we have shown that CBDC introduction is associated with deposit disintermediation and
substitution away from existing digital payments. We now turn to the question of which households
adopt CBDC. We combine individual-level data on CBDC usage with survival analysis, which allows

29



us to account for right-censoring when some individuals have not yet adopted by the end of our
sample.9 This analysis provides context for the results in Sections 6 and 7 and speaks to the model’s
prediction in Section 4 that adoption hazards are higher for wealthier, more sophisticated, and digitally
engaged households.

Table 5 reports Cox proportional hazards estimates of the determinants of CBDC adoption,
expressed as hazard ratios. The dependent variable is the time until an individual first uses CBDC,
measured in weeks since the CBDC marketing campaign begins in that individual’s district. Columns
(1)–(7) consider each characteristic separately: gender, age quartile, income quartile, prior UPI usage,
sophisticated education, deposit quartile, and marginal propensity to spend quartile, respectively. These
specifications show the raw association between each variable and the rate of CBDC adoption, without
controlling for other individual attributes or location. Column (8) then includes all covariates jointly,
so the hazard ratios capture the partial correlation of each characteristic with adoption, holding the
others fixed but without fixed effects. Column (9) adds district fixed effects, and column (10) replaces
them with ZIP code fixed effects. These last two specifications absorb time-invariant geographic
heterogeneity in economic conditions and digital infrastructure, so the estimates reflect within-district
or within-ZIP differences across individuals.

For completeness, Appendix Table D.1 reports the underlying Cox proportional hazards
coefficients that correspond to the hazard ratios in Table 5. Appendix Table D.2 reports coefficients
from a linear probability model of CBDC adoption estimated on the same sample. We also
estimate a linear probability model of UPI usage using the same covariates, excluding prior UPI
usage, to characterize which individuals use UPI during our sample period in Appendix Table D.3.
Finally, Figure 8 presents Kaplan–Meier estimates of cumulative CBDC adoption probabilities across
characteristic subgroups. The Kaplan–Meier curves show the cumulative probability of adoption over
time for each subgroup without conditioning on other characteristics.

The magnitudes in the full specification with ZIP code fixed effects in column (10) of Table 5
indicate a pronounced adopter gradient. Male customers adopt CBDC at roughly 2.3 times the hazard
rate of female customers, which means that in any given week men are more than twice as likely
to adopt as otherwise similar women. Age effects are modest but suggest earlier adoption among
middle-aged individuals and slower adoption among the oldest quartile once other characteristics are
held constant. Income is strongly related to adoption: relative to the lowest income quartile, the top
income quartile adopts at more than five times the hazard rate, even after controlling for deposits,
demographics, and location. Deposit balances are even more predictive. Customers in the highest
deposit quartile adopt at more than twenty times the hazard rate of those in the lowest quartile in

9Appendix Section D.1 provides a detailed discussion of the survival analysis methodology.
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column (10), down from about forty-six in the univariate specification, but still an order-of-magnitude
difference economically.

Digital sophistication further differentiates adopters. Individuals with a sophisticated educational
background adopt at more than twice the hazard rate of those without such training, which suggests
that technical or financial skills meaningfully reduce the cost of adopting a new digital instrument.
Prior UPI usage is positively associated with adoption in the univariate column (5), but its hazard ratio
falls below one once we control for income, deposits, education, and other covariates: in columns
(8)–(10), prior UPI users adopt at only about 0.8 times the hazard rate of otherwise similar non-users.
This shift indicates that the raw positive correlation between UPI usage and adoption is largely driven
by the fact that UPI users are richer, hold more deposits, and are more educated; conditional on these
factors, they adopt somewhat more slowly, which is consistent with weaker incremental benefits when
a satisfactory digital payment option is already in place. Finally, a higher marginal propensity to spend
is associated with lower adoption hazards in both the univariate and full models, which is consistent
with households that save more out of income, and thus maintain higher balances, being more likely to
adopt CBDC early.

Overall, columns (1)-(7) document strong univariate links between CBDC adoption and gender,
age, income, digital sophistication, deposits, and spending behavior, while columns (8)–(10) show
that these patterns remain economically large once we control for other characteristics and for
granular geographic heterogeneity. The combined evidence points to an adopter profile that is
disproportionately male, higher-income, high-deposit, and relatively sophisticated. This profile is
consistent with Proposition 4.3 in Section 4 and with the model extension in Appendix E.4, in which
households with larger uninsured deposits and greater financial sophistication face stronger incentives
to adopt CBDC, and it suggests that these households are the primary drivers of the aggregate
disintermediation and payment-substitution effects documented earlier.

9 Conclusion
This paper studies how a live, large-scale retail central bank digital currency affects bank funding,
digital payments, and household portfolios. We focus on India’s retail digital rupee (e|), a non-interest-
bearing, capped CBDC implemented in a mature but cash-intensive banking system with a dominant
low-cost digital rail (UPI). The question is salient because central banks around the globe are actively
experimenting with retail CBDC designs, yet the academic debate has been almost entirely theoretical
and delivers sign-ambiguous predictions that hinge on assumptions about CBDC design choices and
household behavior. We provide the first empirical evidence on the real-world consequences of a retail
CBDC along the three core margins that dominate this theoretical literature.

Our empirical strategy combines two complementary sources of quasi-experimental variation,
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one at the aggregate level and one at the household level. At the district level, we exploit the interaction
of India’s long-standing lead bank system with the Reserve Bank of India’s staggered authorization of
banks to offer CBDC, which generates plausibly exogenous timing of CBDC access across districts
and allows us to study the effects on aggregate deposits and credit. At the individual level, we use
centrally scheduled CBDC marketing campaigns at a large public-sector bank, rolled out in waves
across districts, to trace how intensive promotion of CBDC affects households’ portfolio choices,
payment behavior, and adoption hazards over time.

Across these settings, we find that the introduction of a conservatively designed retail CBDC
generates meaningful reallocation of liquid balances and sizable shifts in digital payment flows, but
only a modest and transitory contraction in bank lending. On the banking side, CBDC eligibility
leads to a persistent decline in retail deposits of about 3.2%, concentrated in liquid low-yield savings
accounts, while illiquid and high-yield deposits remain largely unchanged. Although total credit falls
initially following the introduction of CBDC, this decline is statistically weaker and reverts to zero
over time. This reversion of the credit effect, despite a persistent effect on deposits, is consistent with
banks offsetting deposit outflows by adjusting their funding mix and portfolios rather than sharply
cutting lending. On the payments side, CBDC primarily crowds out deposit-backed digital payments:
UPI volumes drop by around 40%, especially for medium- and high-value transactions, whereas ATM
withdrawals decline relatively modestly by only about 10%. This indicates that CBDC can be a strong
competitor to existing digital rails but a weak substitute for cash. On the household side, early adoption
is highly skewed toward male, higher-income, highly educated, and high-deposit customers. As a
result, the first wave of CBDC users consists of households that are already well integrated into the
formal financial system, so the initial phase of CBDC diffusion reallocates safety and convenience
among already-included households rather than immediately closing financial inclusion gaps.

Taken together, our findings speak directly to ongoing policy debates and to the theoretical
literature on CBDC design. They suggest that even a non-interest-bearing, tightly capped, intermediated
CBDC can meaningfully disintermediate deposits and reshape digital payment flows, but that its
impact on lending can remain limited if banks have access to alternative funding sources and adjust
their balance sheets accordingly. At the same time, the strong adoption gradient we document implies
that, under conservative designs, the early benefits of CBDC accrue primarily to relatively affluent and
financially sophisticated households. These patterns highlight that CBDC design choices, especially
remuneration, holding caps, and distribution, will be central in determining not only the extent of
deposit disintermediation and competition in digital payments, but also who gains access to central
bank money in practice and whether CBDC moves economies closer to, or further from, their stated
goals for financial inclusion and stability.
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Table 1: Staggered Eligibility of Lead Banks for CBDC

Lead Bank Quarter Eligible for CBDC

State Bank of India 2022 Q4
Bank of Baroda 2023 Q1
Canara Bank 2023 Q1
Union Bank of India 2023 Q1
Punjab National Bank 2023 Q2
Indian Bank 2024 Q1
Bank of India 2024 Q3
UCO Bank 2025 Q2
Bank of Maharashtra Never Eligible
Central Bank of India Never Eligible
Indian Overseas Bank Never Eligible
Jammu and Kashmir Bank Never Eligible

This table lists the quarter in which each lead bank became eligible to offer the CBDC to its customers as part of the Reserve Bank of
India’s phased roll-out. Lead banks that were never assigned CBDC eligibility during our sample period (2018 Q1 through 2025 Q3)
are listed as “Never Eligible.”
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Table 2: Descriptive Statistics Across CBDC Lead Bank Treatment Cohorts

Quarter Eligible for CBDC Number of Lead Banks Number of Districts Branch Count Deposits (Billions of Rupees)

2022 Q4 1 214 22,266 39,202
2023 Q1 3 152 8,924 9,957
2023 Q2 1 109 10,098 11,250
2024 Q1 1 30 5,732 5,847
2024 Q3 1 50 5,105 5,508
2025 Q2 1 35 3,072 2,177
Never Eligible 4 83 2,686 2,291

This table presents the staggered roll-out of CBDC eligibility across lead banks and their associated districts. Each row corresponds
to a cohort of lead banks that received RBI authorization to offer CBDC in the indicated quarter. Column (1) reports the quarter in
which the cohort of lead banks first became eligible for CBDC. Column (2) reports the number of lead banks that became eligible in
that quarter. Column (3) reports the number of districts for which the newly eligible lead banks serve as the designated lead bank.
Columns (4) and (5) report the average total domestic branch count and total deposits (in billions of rupees), respectively, for the
lead banks in each cohort, measured as of the end March 2022 using each bank’s 2021-22 annual report. The final row reports the
corresponding figures for the four lead banks that did not receive CBDC eligibility within our sample period.

Table 3: Descriptive Statistics Across CBDC District Treatment Cohorts

Month Targeted for CBDC Number of Districts Total Population Night Lights Bank Branch Count Total Bank Deposits (Billions of Rupee)

2022-12 210 2,487,191 764 74 12,267
2023-01 76 1,662,887 423 51 5,379
2023-02 42 1,142,304 194 32 2,777
2023-05 47 1,101,946 181 25 2,321
2023-06 311 1,169,307 187 24 2,092

This table presents the staggered roll-out of CBDC marketing campaigns across districts for our sample bank. Each row corresponds
to a cohort of districts in which at least one branch of the sample bank received CBDC marketing intervention in the indicated month.
Column (1) reports the month in which the cohort first became targeted. Column (2) reports the number of districts targeted in that
cohort. Columns (3) through (6) report cohort-level averages of total population, night light activity, bank branch count, and total
deposits (in billions of rupees) across districts in each cohort. Total deposits are measured as the average of aggregate deposits across
all bank branches within each district. By November 2023, all districts in our sample received marketing campaigns.
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Table 4: Summary Statistics

Panel A: Quarterly Bank Deposits and Credit

# Obs Min p25 p50 p75 Max Mean SD

Log Total Retail Deposits 20,863 20.669 24.105 24.871 25.672 30.800 24.870 1.414
Log Credit 20,863 19.929 23.540 24.398 25.275 31.143 24.376 1.521

Panel B: Individual-Level Bank Deposits and Credit

# Obs Min p25 p50 p75 Max Mean SD

Log Saving Balance 1,591,968 0.000 12.027 13.518 14.893 18.225 13.207 2.737
Log Fixed Deposit Balance 1,591,968 0.000 0.000 0.000 0.000 19.512 2.645 6.135
Log Recurring Deposit Balance 1,591,968 0.000 0.000 0.000 0.000 16.455 0.638 3.042
Log Total Deposit Balance 1,591,968 0.000 12.136 13.774 15.579 19.652 13.641 3.043

Panel C: Monthly Transaction Usage

# Obs Min p25 p50 p75 Max Mean SD

Log CBDC Volume 1,591,968 0.000 0.000 0.000 0.000 16.950 0.034 0.541
CBDC Usage Likelihood 1,591,968 0.000 0.000 0.000 0.000 1.000 0.004 0.067
Log Number of CBDC Transactions 1,591,968 0.000 0.000 0.000 0.000 8.049 0.007 0.130

Log P2P CBDC Volume 1,591,968 0.000 0.000 0.000 0.000 16.950 0.033 0.533
P2P CBDC Usage Likelihood 1,591,968 0.000 0.000 0.000 0.000 1.000 0.004 0.066
Log Number of P2P CBDC Transactions 1,591,968 0.000 0.000 0.000 0.000 8.049 0.007 0.129

Log P2M CBDC Volume 1,591,968 0.000 0.000 0.000 0.000 12.142 0.001 0.110
P2M CBDC Usage Likelihood 1,591,968 0.000 0.000 0.000 0.000 1.000 0.000 0.012
Log Number of P2M CBDC Transactions 1,591,968 0.000 0.000 0.000 0.000 6.792 0.000 0.021

Log UPI Volume 1,591,968 0.000 9.650 11.974 13.099 15.320 10.021 4.831
UPI Usage Likelihood 1,591,968 0.000 1.000 1.000 1.000 1.000 0.830 0.376
Log Number of UPI Transactions 1,591,968 0.000 1.099 2.639 3.497 5.136 2.355 1.451

Log P2P UPI Volume 1,591,968 0.000 7.421 11.341 12.689 15.081 9.049 5.178
P2P UPI Usage Likelihood 1,591,968 0.000 1.000 1.000 1.000 1.000 0.774 0.418
Log Number of P2P UPI Transactions 1,591,968 0.000 0.693 1.792 2.639 4.205 1.668 1.187

Log P2M UPI Volume 1,591,968 0.000 5.673 10.158 11.573 14.383 8.106 4.838
P2M UPI Usage Likelihood 1,591,968 0.000 1.000 1.000 1.000 1.000 0.757 0.429
Log Number of P2M UPI Transactions 1,591,968 0.000 0.693 1.946 2.996 4.852 1.849 1.378

Log ATM Withdrawal Volume 1,591,968 0.000 0.000 0.000 8.189 11.177 3.031 4.291
ATM Withdrawal Usage Likelihood 1,591,968 0.000 0.000 0.000 1.000 1.000 0.340 0.474

Panel D: User Characteristics

# Obs Min p25 p50 p75 Max Mean SD

CBDC User 153,875 0.000 0.000 0.000 0.000 1.000 0.044 0.206
UPI User 153,875 0.000 0.000 0.000 1.000 1.000 0.498 0.500
Male 153,875 0.000 0.000 1.000 1.000 1.000 0.592 0.491
Age 153,875 18.000 28.750 36.710 48.160 80.000 39.394 13.791
Log Income 153,875 10.127 11.513 11.695 12.612 14.403 11.973 0.972
Sophisticated Education 153,875 0.000 0.000 0.000 0.000 1.000 0.009 0.093
Deposits 153,875 0.000 11,119.000 352,390.000 3,626,413.250 382,725,090.500 15,664,155.341 53,355,221.855
Marginal Propensity to Expend 153,875 -119.433 1.000 1.008 3.339 183.670 4.896 33.341

This table reports descriptive statistics for the key variables used in the analysis. Panel A reports district-level quarterly bank deposit
variables, each measured as the natural logarithm of aggregate deposits across all banks within the district. Log Total Retail Deposits,
and Log Credit correspond to total retail deposits, and credit, respectively. Panel C reports individual-level bank deposit variables.
Log Saving Balance, Log Fixed Deposit Balance, and Log Recurring Deposit Balance are measured as the natural logarithm of
one plus the outstanding balance in rupees in each account type; Log Total Deposit Balance is the natural logarithm of one plus
the sum of these three components. Saving balance is computed as the within-month average of saving deposit balance. Panel C
reports individual-level monthly transaction variables. Log Volume variables are measured as the natural logarithm of one plus total
transaction value in rupees; Log Number variables are measured as the natural logarithm of one plus total transaction count. P2P
and P2M denote person-to-person and person-to-merchant transactions, respectively. Usage Likelihood indicators equal one if the
user made at least one such transaction in the relevant period. Log ATM Withdrawal Volume is the natural logarithm of one plus
total ATM withdrawal value in rupees. Panel D reports individual-level user characteristics. CBDC User and UPI User are binary
indicators equal to one if the user has ever adopted CBDC or used UPI, respectively. Male and Sophisticated Education are binary
indicators, where the latter equals one if the user holds a computer, finance, or engineering degree. Age is measured in years and Log
Income is the natural logarithm of income. Deposits is the median total deposit balance over the six months prior to CBDC treatment,
winsorized at the 1% level. Marginal Propensity to Spend is the six-month median of the ratio of monthly expenditure to monthly
income, where monthly expenditure is imputed as monthly income minus the change in savings balance adjusted for interest accrual
at the annualized rate of 3%; monthly expenditure is winsorized at the 5% level prior to aggregation, and the resulting six-month
median is winsorized at the 5% level before scaling by income. All continuous variables in Panels A, B, and C, and Log Income in
Panel D are winsorized at the 1% level.
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Table 5: Determinants of CBDC Adoption—Cox Proportional Hazards Model Hazard Ratios

CBDC Adoption

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Male 2.8970∗∗∗ 2.2710∗∗∗ 2.2780∗∗∗ 2.3003∗∗∗
(32.8907) (24.9891) (25.3188) (25.3629)

Age Q2 2.5482∗∗∗ 1.1450∗∗∗ 1.1140∗∗∗ 1.1109∗∗∗
(25.2593) (3.6045) (2.8498) (2.6372)

Age Q3 2.0322∗∗∗ 0.8196∗∗∗ 0.8177∗∗∗ 0.8229∗∗∗
(17.8106) (−4.8961) (−4.9367) (−4.6452)

Age Q4 1.1778∗∗∗ 0.4506∗∗∗ 0.4757∗∗∗ 0.4765∗∗∗
(3.5164) (−16.4896) (−15.5031) (−15.2380)

Income Q2 1.1423∗∗ 0.8637∗∗ 0.8598∗∗ 0.8521∗∗
(2.1121) (−2.3512) (−2.4332) (−2.5489)

Income Q3 2.0807∗∗∗ 1.6095∗∗∗ 1.5456∗∗∗ 1.4920∗∗∗
(13.1965) (8.6587) (7.9893) (7.1671)

Income Q4 11.0440∗∗∗ 6.1109∗∗∗ 5.4411∗∗∗ 5.1013∗∗∗
(49.9867) (37.0342) (34.6268) (32.3104)

Pre CBDC-Eligible UPI User 1.4954∗∗∗ 0.6235∗∗∗ 0.6242∗∗∗ 0.6476∗∗∗
(15.0905) (−16.3393) (−16.6167) (−14.9112)

Sophisticated Education 6.5134∗∗∗ 2.1986∗∗∗ 2.0441∗∗∗ 1.8813∗∗∗
(34.0294) (13.8692) (12.1728) (9.5418)

Deposits Q2 7.5161∗∗∗ 7.0946∗∗∗ 9.6359∗∗∗ 8.2679∗∗∗
(15.6144) (15.7873) (17.1801) (15.6984)

Deposits Q3 22.7333∗∗∗ 12.8020∗∗∗ 17.5161∗∗∗ 14.1718∗∗∗
(25.1533) (21.3304) (22.3897) (20.2890)

Deposits Q4 46.1163∗∗∗ 20.5263∗∗∗ 27.6280∗∗∗ 21.2570∗∗∗
(31.1907) (25.5624) (26.2388) (23.6098)

Marginal Propensity to Expend Q2 0.0527∗∗∗ 0.2029∗∗∗ 0.2072∗∗∗ 0.2157∗∗∗
(−33.8834) (−18.5934) (−18.2555) (−17.0457)

Marginal Propensity to Expend Q3 0.2955∗∗∗ 0.3553∗∗∗ 0.3761∗∗∗ 0.3779∗∗∗
(−33.0575) (−26.5570) (−25.0559) (−24.5725)

Marginal Propensity to Expend Q4 0.6337∗∗∗ 0.6696∗∗∗ 0.6936∗∗∗ 0.6922∗∗∗
(−16.4275) (−14.1771) (−12.9703) (−12.1815)

# Obs 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875
Pseudo 𝑅2 Nagelkerke 0.0095 0.0063 0.0445 0.0017 0.0045 0.0344 0.0227 0.0830 0.0802 0.0634
District FE Yes
ZIP code FE Yes

This table presents coefficients from Cox proportional hazards models estimating the determinants of CBDC adoption. The dependent
variable is the time until CBDC adoption, measured in weeks since becoming targeted for CBDC marketing campaigns. Columns (1)
through (7) examine the effect of each covariate separately: gender, age quartile, income quartile, prior UPI usage, sophisticated
education, deposit quartile, and marginal propensity to spend quartile, respectively. Column (8) presents the full specification
including all covariates without fixed effects, column (9) adds district fixed effects, and column (10) adds ZIP code fixed effects
in place of district fixed effects. The omitted categories are female, age quartile 1 (youngest), annual income quartile 1 (lowest),
no prior UPI usage, no sophisticated education, deposits quartile 1 (lowest), and marginal propensity to spend quartile 1 (lowest).
Sophisticated education is defined as holding a computer, finance, or engineering degree. Deposits is the median total deposit
balance over the six months prior to CBDC treatment. Marginal Propensity to Spend is the six-month median of the ratio of monthly
expenditure to monthly income, where monthly expenditure is imputed as monthly income minus the change in savings balance
adjusted for interest accrual at the annualized rate of 3%. All models use robust standard errors clustered at the home branch level.
Reported coefficients are expressed as hazard ratios (𝑒𝛽) and represent the multiplicative difference in the instantaneous rate of CBDC
adoption relative to the reference group at any given point in time, conditional on not yet having adopted. 𝑧-statistics are reported in
parentheses. For example, the estimate of 2.8970 in column (1) implies that men adopt CBDC at approximately 𝑒1.0637 = 2.8970
times the hazard rate of women, meaning that in any given week, men are adopting at 2.8970x the rate of women, conditional on not
having adopted yet. Table D.1 presents the estimated coefficients without any transformations. The sample includes all individuals
from the start of the CBDC roll-out through the end of March 2024. The Breslow method is used to adjust for ties (individuals
adopting at the same time). ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Figure 1: Geographic Roll-Out of CBDC Across Lead Bank Districts

This figure presents a district-level map of India colored by the quarter in which the district’s assigned lead bank first became eligible
to offer CBDC. Districts shaded in lighter blue received CBDC eligibility earlier, while darker shades indicate later eligibility cohorts.
Districts whose lead bank was never assigned CBDC eligibility during our sample period are shaded in the lightest gray. Each district
is assigned to exactly one lead bank, and the treatment timing of the district is determined by the quarter in which that lead bank
became eligible for CBDC, as listed in Table 1.
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Figure 2: Geographic Roll-Out of CBDC Marketing Campaigns Across Districts in Sample Bank

This figure presents a district-level map of India colored by the month in which the district became targeted with intensive CBDC
marketing campaigns. Districts shaded in lighter blue received marketing campaigns earlier, while darker shades indicate later
treatment cohorts.
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Figure 3: Aggregate Evolution of Retail CBDC Usage in India
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This figure plots the evolution of aggregate retail CBDC usage in India between February 2023 and March 2026. Panel (a) reports the
total number of registered CBDC users (in thousands, left axis) and total monthly CBDC transaction volume (in | billions, right
axis). Panel (b) reports the ratio of CBDC transaction volume to total UPI transaction volume and to total cash transaction volume,
expressed in percent. CBDC users and transaction volumes are constructed from bank-reported administrative data on CBDC wallets
and transactions. UPI and cash volumes are taken from publicly available Reserve Bank of India statistics and are matched by month.
The data on the number of CBDC users and transaction volume are provided by the Fintech department of the Reserve Bank of India.
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Figure 4: Effect of CBDC Eligibility on Bank Deposits and Credit
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(a) Log Total Retail Deposit
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(b) Log Credit

ATT Estimates

Simple Group-Specific Event Study

Log Total Retail Deposit −0.0318∗∗∗ −0.028∗∗∗ −0.0325∗∗∗
(0.0111) (0.0098) (0.0111)

Log Credit −0.0228∗ −0.0204∗ −0.0229∗
(0.0134) (0.0119) (0.0135)

This figure plots the event-study dynamic coefficients estimated using the methodology outlined in Callaway and Sant’Anna (2021).
The outcome variable is the natural logarithm of total retail deposits in panel (a), and credit in panel (b), each measured at the district
× quarter level. Treatment timing is defined as the quarter in which the lead bank of each district first received RBI authorization
to offer CBDC. The 𝑥-axis denotes quarters relative to the district’s first quarter of CBDC eligibility. The control group consists
of districts whose lead bank never received CBDC eligibility within our sample period. All outcome variables are winsorized at
the 1% level. Standard errors are clustered at the district level. The shaded bands represent 95% confidence intervals. The table
below the figures reports the estimates of the aggregate average treatment effect on the treated (ATT) by taking a weighted average of
all group-time specific, partially aggregated group-specific and partially aggregated event-time specific average treatment effects
following Callaway and Sant’Anna (2021). Standard errors clustered at the district level shown in parentheses. ∗∗∗, ∗∗, and ∗ denote
statistical significance at the 1%, 5%, and 10% levels, respectively.
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Figure 5: Monthly Effect of CBDC Marketing Campaign on Deposit Balances
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(b) Log Fixed Deposit Balance
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(c) Log Recurring Deposit Balance
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(d) Log Total Deposit Balance

ATT Estimates

Simple Group-Specific Event Study

Log Saving Balance −0.3092∗∗∗ −0.3417∗∗∗ −0.3062∗∗∗
(0.0728) (0.0798) (0.0711)

Log Fixed Deposit Balance −0.0322 −0.038 −0.0324
(0.0355) (0.0342) (0.0357)

Log Recurring Deposit Balance −0.0008 −0.0007 −0.0012
(0.0200) (0.0202) (0.0221)

Log Total Deposit Balance −0.2843∗∗∗ −0.3147∗∗∗ −0.2812∗∗∗
(0.0648) (0.0716) (0.0644)

This figure plots the event-study dynamic coefficients estimated using the methodology outlined in Callaway and Sant’Anna (2021).
The outcome variable is the natural logarithm of one plus a user’s month average savings balance in rupees in panel (a), the natural
logarithm of one plus a user’s month end fixed deposit quantity in panel (b), the natural logarithm of one plus a user’s month end
recurring deposit quantity in panel (c), and the natural logarithm of one plus a user’s total deposit quantity, defined as the sum of
savings, fixed deposit, and recurring deposit, in panel (d), each measured at the user × month level. Treatment timing is defined as
the month in which the user’s district first became treated for CBDC marketing campaigns. The 𝑥-axis denotes months relative to the
district’s first month of CBDC marketing campaigns. The control group consists of users in districts that had not yet received CBDC
marketing campaigns. All outcome variables are winsorized at the 1% level. Standard errors are clustered at the home branch level.
The shaded bands represent 95% confidence intervals. The table below the figures reports the estimates of the aggregate average
treatment effect on the treated (ATT) by taking a weighted average of all group-time specific, partially aggregated group-specific
and partially aggregated event-time specific average treatment effects following Callaway and Sant’Anna (2021). Standard errors
clustered at the home branch level shown in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels,
respectively.
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Figure 6: Monthly Effect of CBDC Marketing Campaign on UPI Usage
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(a) Log UPI Volume
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(b) Extensive Margin Usage Likelihood
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(c) Log Number of UPI Transactions

ATT Estimates

Simple Group-Specific Event Study

Log UPI Volume −0.5105∗∗∗ −0.5277∗∗∗ −0.5172∗∗∗
(0.0685) (0.0677) (0.0640)

Extensive Margin Usage Likelihood −0.0507∗∗∗ −0.0524∗∗∗ −0.0512∗∗∗
(0.0059) (0.0063) (0.0057)

Log Number of UPI Transactions −0.1061∗∗∗ −0.1107∗∗∗ −0.1074∗∗∗
(0.0168) (0.0162) (0.0158)

This figure plots the event-study dynamic coefficients estimated using the methodology outlined in Callaway and Sant’Anna (2021).
The outcome variable is the natural logarithm of one plus total UPI transaction volume in rupees in panel (a), a binary indicator for
whether the user made at least one UPI transaction in the month in panel (b), and the natural logarithm of one plus the total number
of UPI transactions in panel (c), each measured at the user × month level. Treatment timing is defined as the month in which the
user’s district first became treated for CBDC marketing campaigns. The 𝑥-axis denotes months relative to the district’s first month of
CBDC marketing campaigns. The control group consists of users in districts that had not yet received CBDC marketing campaigns.
All outcome variables are winsorized at the 1% level. Standard errors are clustered at the home branch level. The shaded bands
represent 95% confidence intervals. The table below the figures reports the estimates of the aggregate average treatment effect on the
treated (ATT) by taking a weighted average of all group-time specific, partially aggregated group-specific and partially aggregated
event-time specific average treatment effects following Callaway and Sant’Anna (2021). Standard errors clustered at the home branch
level shown in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Figure 7: Monthly Effect of CBDC Marketing Campaign on ATM Withdrawals
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(a) Log ATM Withdrawal Volume
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(b) Extensive Margin Usage Likelihood

ATT Estimates

Simple Group-Specific Event Study

Log ATM Withdrawal Volume −0.1036∗∗ −0.1093∗∗ −0.1043∗∗
(0.0446) (0.0445) (0.0416)

Extensive Margin Usage Likelihood −0.0128∗∗ −0.0135∗∗∗ −0.0129∗∗∗
(0.0052) (0.0052) (0.0048)

This figure plots the event-study dynamic coefficients estimated using the methodology outlined in Callaway and Sant’Anna (2021).
The outcome variable is the natural logarithm of one plus total ATM withdrawal volume in rupees in panel (a) and a binary indicator
for whether the user made at least one ATM withdrawal in the month in panel (b), each measured at the user × month level. Treatment
timing is defined as the month in which the user’s district first became treated for CBDC marketing campaigns. The 𝑥-axis denotes
months relative to the district’s first month of CBDC marketing campaigns. The control group consists of users in districts that had
not yet received CBDC marketing campaigns. All outcome variables are winsorized at the 1% level. Standard errors are clustered at
the home branch level. The shaded bands represent 95% confidence intervals. The table below the figures reports the estimates
of the aggregate average treatment effect on the treated (ATT) by taking a weighted average of all group-time specific, partially
aggregated group-specific and partially aggregated event-time specific average treatment effects following Callaway and Sant’Anna
(2021). Standard errors clustered at the home branch level shown in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the
1%, 5%, and 10% levels, respectively.
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Figure 8: Kaplan-Meier Estimates of Cumulative CBDC Adoption
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(f) Deposits
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This figure displays Kaplan-Meier estimates of cumulative CBDC adoption probability across demographic subgroups over the
70-week observation period following the targeted CBDC marketing campaigns. The 𝑦-axis shows the cumulative probability of
adoption and the 𝑥-axis measures the number of weeks since becoming targeted for marketing campaigns. Panel (a) stratifies by
gender. Panel (b) stratifies by age quartile, where Q1 represents the youngest age and Q4 represents the oldest age. Panel (c) stratifies
by income quartile, where Q1 represents the lowest income and Q4 represents the highest income. Panel (d) stratifies by pre-CBDC
UPI usage, distinguishing between users who used UPI at least once before being targeted for CBDC marketing campaigns and
those who did not. Panel (e) stratifies by education, distinguishing between users with sophisticated education (computer, finance,
or engineering degree) and those without. Panel (f) stratifies by deposits quartile, where Q1 represents the lowest median total
deposit balance over the six months prior to treatment and Q4 represents the highest deposit balance. Panel (g) stratifies by marginal
propensity to spend quartile, where Q1 represents the lowest marginal propensity to spend and Q4 represents the highest. Marginal
Propensity to Spend is the six-month median of the ratio of monthly expenditure to monthly income, where monthly expenditure is
imputed as monthly income minus the change in savings balance adjusted for interest accrual at the annualized rate of 3%. Shaded
regions represent 95% confidence intervals using robust standard errors clustered at the home branch level.
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Appendix A Institutional Background

A.1 Unified Payments Interface (UPI)

Launched in April 2016, UPI is a single-window mobile payment system developed by the National
Payments Corporation of India (NPCI), an initiative of the RBI and the Indian Banks’ Association
(IBA) that operates as an umbrella organization for retail payments and settlement systems. The new
payment system allows both customers and merchants to transfer money between bank accounts safely
and at no cost. It eliminates the need to enter bank details or other sensitive information when initiating
a transaction. Instead, users simply scan a QR code to transact. UPI transformed digital payments in
India by allowing users to link bank accounts to mobile applications and initiate transactions safely. It
has since become the dominant retail digital payment system. Appendix Figure A.1 illustrates the
UPI transaction flow within a typical payment application, showing the steps involved in initiating a
person-to-person transfer: searching for a recipient, selecting a contact, and confirming the payment.
Appendix Figure A.2 illustrates a typical merchant point of sale, where QR codes from multiple UPI
application providers are displayed side by side.

In fact, UPI is starting to fundamentally change the way Indians transact as adoption is burgeoning
(Kearns and Mathew, 2022). In March 2026, it processed over 18 billion transactions with an estimated
value of over 24 trillion Rupees, up from just 2 million transactions in December 2016.10 According
to PwC’s Indian payments handbook, 75% of digital retail payments in the 2022-23 fiscal year used
UPI, and the figure is forecasted to grow to 90% by 2027 (PwC India, 2023). In addition to high
local adoption, UPI has gone global with eight countries—Bhutan, France, Mauritius, Nepal, Qatar,
Singapore, Sri Lanka, and the UAE—accepting it as a form of payment, with even more countries
expected to become available in the future.11

UPI’s growth has started the process of replacing cash as a method of payment. As of 2023, cash
now accounts for less than 60% of total transaction volume, down from 90% in 2017. Furthermore, the
RBI states that digital payments now make up more than 40% of all payments in India. High adoption
and usage of this new payment method are clear, and it is even forecasted to continue growing in the
next several years. The transition towards a digitized and cashless payments system is well underway
with the introduction of UPI, but the RBI takes it a step further with the introduction of a CBDC.

10See more monthly statistics on UPI usage at the NPCI’s website.
11For updates on the list of countries, visit the NPCI’s website here.
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Figure A.1: UPI Transaction Flow

This figure shows the interface of a UPI payment application, illustrating the steps involved in initiating a person-to-person transfer
and the transaction history screen. Source: Paytm.

Figure A.2: UPI QR Codes at Point of Sale

This figure shows UPI QR codes displayed at a merchant point of sale, illustrating the widespread acceptance infrastructure for UPI
payments across multiple third-party application providers including Google Pay, Paytm, and PhonePe. Source: Nasir Kachroo /
NurPhoto / Getty Images.
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A.2 Central Bank Digital Currency (CBDC)

Figure A.3: CBDC Marketing Campaigns

(a) Karnataka Bank (b) Bank of India

(c) State Bank of India

This figure presents examples of CBDC marketing materials distributed by participating banks, illustrating the type of promotional
campaigns whose staggered roll-out across districts constitutes the treatment variable in our individual-level analysis.
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Figure A.4: CBDC Wallet Interface

This figure shows the home screen of a CBDC wallet application, displaying the four core transaction functions—Send, Collect,
Load, and Redeem—that correspond to the transaction types observed in our CBDC transaction data. Source: screenshot of digital
rupee wallet application.
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Figure A.5: CBDC QR Code at Point of Sale

This figure shows a Digital Rupee acceptance display at a Reliance Retail merchant location, illustrating the point-of-sale infrastructure
for CBDC payments powered by Yes Bank. Source: The Hindu.
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Appendix B Data

Table B.1: Summary Statistics of Weekly Transaction Usage

# Obs Min p25 p50 p75 Max Mean SD

Log UPI Volume 6,964,860 0.000 0.000 9.419 11.290 14.222 7.118 5.158
UPI Usage Likelihood 6,964,860 0.000 0.000 1.000 1.000 1.000 0.677 0.468
Log Number of UPI Transactions 6,964,860 0.000 0.000 1.099 2.079 3.784 1.244 1.079

Log P2P UPI Volume 6,964,860 0.000 0.000 7.378 10.714 13.994 5.629 5.326
P2P UPI Usage Likelihood 6,964,860 0.000 0.000 1.000 1.000 1.000 0.548 0.498
Log Number of P2P UPI Transactions 6,964,860 0.000 0.000 0.693 1.386 2.944 0.746 0.805

Log P2M UPI Volume 6,964,860 0.000 0.000 7.359 9.642 13.395 5.295 4.806
P2M UPI Usage Likelihood 6,964,860 0.000 0.000 1.000 1.000 1.000 0.567 0.496
Log Number of P2M UPI Transactions 6,964,860 0.000 0.000 0.693 1.609 3.497 0.898 0.955

This table reports the summary statistics for transaction-level variables at the weekly level. Log UPI Volume, Log P2P UPI Volume
(person-to-person), and Log P2M UPI Volume (person-to-merchant) are measured as the natural logarithm of one plus the total
transaction value in rupees over the relevant period. Log Number of UPI Transactions, Log Number of P2P UPI Transactions,
and Log Number of P2M UPI Transactions are measured as the natural logarithm of one plus the total count of transactions. UPI
Usage Likelihood, P2P UPI Usage Likelihood, P2M UPI Usage Likelihood, and ATM Withdrawal Usage Likelihood are binary
indicators taking the value of one if the user made at least one such transaction in the relevant period. Log ATM Withdrawal Volume
is measured as the natural logarithm of one plus the total value of ATM withdrawals in rupees over the relevant period.
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Appendix C Robustness

C.1 Effect of CBDC on Aggregate Bank Deposits and Credit

Figure C.1: Effect of CBDC Eligibility on Bank Deposits and Credit (Callaway Sant’Anna Long
Difference)
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(b) Log Credit

This figure replicates Figure 4 with pre-treatment effects calculated as long differences, making the pre-treatment coefficients
comparable to conventional two-way fixed effects event study plots. The outcome variable is the natural logarithm of total retail
deposits in panel (a), and credit in panel (b), each measured at the district × quarter level. Treatment timing is defined as the quarter
in which the lead bank of each district first received RBI authorization to offer CBDC. The 𝑥-axis denotes quarters relative to the
district’s first quarter of CBDC eligibility. The control group consists of districts whose lead bank never received CBDC eligibility
within our sample period. All outcome variables are winsorized at the 1% level. Standard errors are clustered at the district level.
The shaded bands represent 95% confidence intervals.
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Figure C.2: Effect of CBDC Eligibility on Bank Deposits and Credit (Robustness Using Alternative
DiD Estimators)

-0
.0

8
-0

.0
6

-0
.0

4
-0

.0
2

0.
00

0.
02

0.
04

Quarters Around Becoming Eligible for CBDC

-10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10

Callaway-Sant’Anna
Borusyak et al.

de Chaisemartin-D’Haultfoeuille

(a) Log Total Retail Deposit
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(b) Log Credit

This figure plots the event-study dynamic coefficients for the effect of CBDC eligibility on bank deposits using three alternative
estimators: (1) Callaway and Sant’Anna (2021) estimator (in blue with hollow diamond markers), (2) Borusyak, Jaravel, and Spiess
(2024) estimator (in red with hollow triangle markers), and (3) de Chaisemartin, D’Haultfœuille, and Vazquez-Bare (2024) estimator
(in green with hollow square markers). The outcome variable is the natural logarithm of total retail deposits in panel (a), and credit
in panel (b), each measured at the district × quarter level. Treatment timing is defined as the quarter in which the lead bank of
each district first received RBI authorization to offer CBDC. The 𝑥-axis denotes quarters relative to the district’s first quarter of
CBDC eligibility. The control group consists of districts whose lead bank never received CBDC eligibility within our sample period.
All outcome variables are winsorized at the 1% level. Standard errors are clustered at the district level. The bars represent 95%
confidence intervals.
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C.2 Effect of CBDC on Individual-Level Bank Deposits

Figure C.3: Monthly Effect of CBDC Marketing Campaign on Deposit Balances (Callaway Sant’Anna
Long Difference)
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(b) Log Fixed Deposit Balance
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(c) Log Recurring Deposit Balance
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(d) Log Total Deposit Balance

This figure replicates Figure 5 with pre-treatment effects calculated as long differences, making the pre-treatment coefficients
comparable to conventional two-way fixed effects event study plots. The outcome variable is the natural logarithm of one plus a user’s
month average savings balance in rupees in panel (a), the natural logarithm of one plus a user’s month end fixed deposit quantity in
panel (b), the natural logarithm of one plus a user’s month end recurring deposit quantity in panel (c), and the natural logarithm of one
plus a user’s total deposit quantity, defined as the sum of savings, fixed deposit, and recurring deposit, in panel (d), each measured at
the user × month level. Treatment timing is defined as the month in which the user’s district first became treated for CBDC marketing
campaigns. The 𝑥-axis denotes months relative to the district’s first month of CBDC marketing campaigns. The control group
consists of users in districts that had not yet received CBDC marketing campaigns. All outcome variables are winsorized at the 1%
level. Standard errors are clustered at the home branch level. The shaded bands represent 95% confidence intervals.
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Figure C.4: Monthly Effect of CBDC Marketing Campaign on Deposit Balances (Robustness Using
Alternative DiD Estimators)
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(a) Log Saving Balance
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(b) Log Fixed Deposit Balance
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(c) Log Recurring Deposit Balance
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(d) Log Total Deposit Balance

This figure plots the event-study dynamic coefficients for the effect of CBDC eligibility on deposit balances using three alternative
estimators: (1) Callaway and Sant’Anna (2021) estimator (in blue with hollow diamond markers), (2) Borusyak, Jaravel, and Spiess
(2024) estimator (in red with hollow triangle markers), and (3) de Chaisemartin, D’Haultfœuille, and Vazquez-Bare (2024) estimator
(in green with hollow square markers). The outcome variable is the natural logarithm of one plus a user’s month average savings
balance in rupees in panel (a), the natural logarithm of one plus a user’s month end fixed deposit quantity in panel (b), the natural
logarithm of one plus a user’s month end recurring deposit quantity in panel (c), and the natural logarithm of one plus a user’s total
deposit quantity, defined as the sum of savings, fixed deposit, and recurring deposit, in panel (d), each measured at the user × month
level. Treatment timing is defined as the month in which the user’s district first became treated for CBDC marketing campaigns. The
𝑥-axis denotes months relative to the district’s first month of CBDC marketing campaigns. The control group consists of users in
districts that had not yet received CBDC marketing campaigns. All outcome variables are winsorized at the 1% level. Standard errors
are clustered at the home branch level. The shaded bands represent 95% confidence intervals.
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C.3 Effect of CBDC on Different Types of Digital Transactions

Figure C.5: Monthly Effect of CBDC Marketing Campaign on P2P UPI Usage
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(a) Log P2P UPI Volume
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(b) Extensive Margin P2P Usage Likelihood
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(c) Log Number of P2P UPI Transactions

ATT Estimates

Simple Group-Specific Event Study

Log P2P UPI Volume −0.3944∗∗∗ −0.4102∗∗∗ −0.3998∗∗∗
(0.0669) (0.0735) (0.0662)

Extensive Margin P2P Usage Likelihood −0.0431∗∗∗ −0.0449∗∗∗ −0.0435∗∗∗
(0.0063) (0.0068) (0.0059)

Log Number of P2P UPI Transactions −0.0749∗∗∗ −0.0788∗∗∗ −0.076∗∗∗
(0.0136) (0.0150) (0.0131)

This figure plots the event-study dynamic coefficients estimated using the methodology outlined in Callaway and Sant’Anna (2021).
The outcome variable is the natural logarithm of one plus total person-to-person (P2P) UPI transaction volume in rupees in panel (a),
a binary indicator for whether the user made at least one P2P UPI transaction in the month in panel (b), and the natural logarithm
of one plus the total number of P2P UPI transactions in panel (c), each measured at the user × month level. Treatment timing is
defined as the month in which the user’s district first became treated for CBDC marketing campaigns. The 𝑥-axis denotes months
relative to the district’s first month of CBDC marketing campaigns. The control group consists of users in districts that had not
yet received CBDC marketing campaigns. All outcome variables are winsorized at the 1% level. Standard errors are clustered at
the home branch level. The shaded bands represent 95% confidence intervals. The table below the figures reports the estimates
of the aggregate average treatment effect on the treated (ATT) by taking a weighted average of all group-time specific, partially
aggregated group-specific and partially aggregated event-time specific average treatment effects following Callaway and Sant’Anna
(2021). Standard errors clustered at the home branch level shown in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the
1%, 5%, and 10% levels, respectively.
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Figure C.6: Monthly Effect of CBDC Marketing Campaign on P2M UPI Usage
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(a) Log P2M UPI Volume
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(b) Extensive Margin P2M Usage Likelihood
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(c) Log Number of P2M UPI Transactions

ATT Estimates

Simple Group-Specific Event Study

Log P2M UPI Volume −0.3775∗∗∗ −0.3899∗∗∗ −0.3826∗∗∗
(0.0583) (0.0637) (0.0568)

Extensive Margin P2M Usage Likelihood −0.0412∗∗∗ −0.0426∗∗∗ −0.0417∗∗∗
(0.0059) (0.0063) (0.0056)

Log Number of P2M UPI Transactions −0.0728∗∗∗ −0.0755∗∗∗ −0.0739∗∗∗
(0.0130) (0.0137) (0.0118)

This figure plots the event-study dynamic coefficients estimated using the methodology outlined in Callaway and Sant’Anna (2021).
The outcome variable is the natural logarithm of one plus total person-to-merchant (P2M) UPI transaction volume in rupees in panel
(a), a binary indicator for whether the user made at least one P2M UPI transaction in the month in panel (b), and the natural logarithm
of one plus the total number of P2M UPI transactions in panel (c), each measured at the user × month level. Treatment timing is
defined as the month in which the user’s district first became treated for CBDC marketing campaigns. The 𝑥-axis denotes months
relative to the district’s first month of CBDC marketing campaigns. The control group consists of users in districts that had not
yet received CBDC marketing campaigns. All outcome variables are winsorized at the 1% level. Standard errors are clustered at
the home branch level. The shaded bands represent 95% confidence intervals. The table below the figures reports the estimates
of the aggregate average treatment effect on the treated (ATT) by taking a weighted average of all group-time specific, partially
aggregated group-specific and partially aggregated event-time specific average treatment effects following Callaway and Sant’Anna
(2021). Standard errors clustered at the home branch level shown in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the
1%, 5%, and 10% levels, respectively.
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C.4 Effect of CBDC on Alternative Transaction Methods

Figure C.7: Monthly Effect of CBDC Marketing Campaign on UPI Usage (Callaway Sant’Anna Long
Difference)
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(a) Log UPI Volume
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(b) Extensive Margin Usage Likelihood
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(c) Log Number of UPI Transactions

This figure replicates Figure 6 with pre-treatment effects calculated as long differences, making the pre-treatment coefficients
comparable to conventional two-way fixed effects event study plots. The outcome variable is the natural logarithm of one plus
total UPI transaction volume in rupees in panel (a), a binary indicator for whether the user made at least one UPI transaction in the
month in panel (b), and the natural logarithm of one plus the total number of UPI transactions in panel (c), each measured at the
user × month level. Treatment timing is defined as the month in which the user’s district first became treated for CBDC marketing
campaigns. The 𝑥-axis denotes months relative to the district’s first month of CBDC marketing campaigns. The control group
consists of users in districts that had not yet received CBDC marketing campaigns. All outcome variables are winsorized at the 1%
level. Standard errors are clustered at the home branch level. The shaded bands represent 95% confidence intervals.

A14



Figure C.8: Monthly Effect of CBDC Marketing Campaign on UPI Usage (Robustness Using
Alternative DiD Estimators)
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(a) Log UPI Volume

-0
.1

0
-0

.0
5

0.
00

0.
05

Months Around CBDC Marketing Campaign

-12 -11 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5

Callaway-Sant’Anna
Borusyak et al.

de Chaisemartin-D’Haultfoeuille

(b) Extensive Margin Usage Likelihood
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(c) Log Number of UPI Transactions

This figure plots the event-study dynamic coefficients for the effect of CBDC eligibility on UPI usage using three alternative
estimators: (1) Callaway and Sant’Anna (2021) estimator (in blue with hollow diamond markers), (2) Borusyak, Jaravel, and Spiess
(2024) estimator (in red with hollow triangle markers), and (3) de Chaisemartin, D’Haultfœuille, and Vazquez-Bare (2024) estimator
(in green with hollow square markers). The outcome variable is the natural logarithm of one plus total UPI transaction volume in
rupees in panel (a), a binary indicator for whether the user made at least one UPI transaction in the month in panel (b), and the natural
logarithm of one plus the total number of UPI transactions in panel (c), each measured at the user × month level. Treatment timing is
defined as the month in which the user’s district first became treated for CBDC marketing campaigns. The 𝑥-axis denotes months
relative to the district’s first month of CBDC marketing campaigns. The control group consists of users in districts that had not yet
received CBDC marketing campaigns. All outcome variables are winsorized at the 1% level. Standard errors are clustered at the
home branch level. The bars represent 95% confidence intervals.
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Figure C.9: Monthly Effect of CBDC Marketing Campaign on UPI P2P Usage (Callaway Sant’Anna
Long Difference)
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(a) Log P2P UPI Volume
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(b) Extensive Margin P2P Usage Likelihood
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(c) Log Number of P2P UPI Transactions

This figure replicates Figure C.5 with pre-treatment effects calculated as long differences, making the pre-treatment coefficients
comparable to conventional two-way fixed effects event study plots. The outcome variable is the natural logarithm of one plus total
person-to-person (P2P) UPI transaction volume in rupees in panel (a), a binary indicator for whether the user made at least one P2P
UPI transaction in the month in panel (b), and the natural logarithm of one plus the total number of P2P UPI transactions in panel (c),
each measured at the user × month level. Treatment timing is defined as the month in which the user’s district first became treated
for CBDC marketing campaigns. The 𝑥-axis denotes months relative to the district’s first month of CBDC marketing campaigns.
The control group consists of users in districts that had not yet received CBDC marketing campaigns. All outcome variables are
winsorized at the 1% level. Standard errors are clustered at the home branch level. The shaded bands represent 95% confidence
intervals.
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Figure C.10: Monthly Effect of CBDC Marketing Campaign on UPI P2P Usage (Robustness Using
Alternative DiD Estimators)
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(a) Log P2P UPI Volume
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(b) Extensive Margin P2P Usage Likelihood
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(c) Log Number of P2P UPI Transactions

This figure plots the event-study dynamic coefficients for the effect of CBDC eligibility on person-to-person (P2P) UPI usage using
three alternative estimators: (1) Callaway and Sant’Anna (2021) estimator (in blue with hollow diamond markers), (2) Borusyak,
Jaravel, and Spiess (2024) estimator (in red with hollow triangle markers), and (3) de Chaisemartin, D’Haultfœuille, and Vazquez-Bare
(2024) estimator (in green with hollow square markers). The outcome variable is the natural logarithm of one plus total P2P UPI
transaction volume in rupees in panel (a), a binary indicator for whether the user made at least one P2P UPI transaction in the month
in panel (b), and the natural logarithm of one plus the total number of P2P UPI transactions in panel (c), each measured at the
user × month level. Treatment timing is defined as the month in which the user’s district first became treated for CBDC marketing
campaigns. The 𝑥-axis denotes months relative to the district’s first month of CBDC marketing campaigns. The control group
consists of users in districts that had not yet received CBDC marketing campaigns. All outcome variables are winsorized at the 1%
level. Standard errors are clustered at the home branch level. The bars represent 95% confidence intervals.
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Figure C.11: Monthly Effect of CBDC Marketing Campaign on UPI P2M Usage (Callaway Sant’Anna
Long Difference)
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(a) Log P2M UPI Volume
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(b) Extensive Margin P2M Usage Likelihood
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(c) Log Number of P2M UPI Transactions

This figure replicates Figure C.6 with pre-treatment effects calculated as long differences, making the pre-treatment coefficients
comparable to conventional two-way fixed effects event study plots. The outcome variable is the natural logarithm of one plus total
person-to-merchant (P2M) UPI transaction volume in rupees in panel (a), a binary indicator for whether the user made at least one
P2M UPI transaction in the month in panel (b), and the natural logarithm of one plus the total number of P2M UPI transactions
in panel (c), each measured at the user × month level. Treatment timing is defined as the month in which the user’s district first
became treated for CBDC marketing campaigns. The 𝑥-axis denotes months relative to the district’s first month of CBDC marketing
campaigns. The control group consists of users in districts that had not yet received CBDC marketing campaigns. All outcome
variables are winsorized at the 1% level. Standard errors are clustered at the home branch level. The shaded bands represent 95%
confidence intervals.
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Figure C.12: Monthly Effect of CBDC Marketing Campaign on UPI P2M Usage (Robustness Using
Alternative DiD Estimators)
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(a) Log P2M UPI Volume
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(b) Extensive Margin P2M Usage Likelihood
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(c) Log Number of P2M UPI Transactions

This figure plots the event-study dynamic coefficients for the effect of CBDC eligibility on person-to-merchant (P2M) UPI usage
using three alternative estimators: (1) Callaway and Sant’Anna (2021) estimator (in blue with hollow diamond markers), (2) Borusyak,
Jaravel, and Spiess (2024) estimator (in red with hollow triangle markers), and (3) de Chaisemartin, D’Haultfœuille, and Vazquez-Bare
(2024) estimator (in green with hollow square markers). The outcome variable is the natural logarithm of one plus total P2M UPI
transaction volume in rupees in panel (a), a binary indicator for whether the user made at least one P2M UPI transaction in the month
in panel (b), and the natural logarithm of one plus the total number of P2M UPI transactions in panel (c), each measured at the
user × month level. Treatment timing is defined as the month in which the user’s district first became treated for CBDC marketing
campaigns. The 𝑥-axis denotes months relative to the district’s first month of CBDC marketing campaigns. The control group
consists of users in districts that had not yet received CBDC marketing campaigns. All outcome variables are winsorized at the 1%
level. Standard errors are clustered at the home branch level. The bars represent 95% confidence intervals.
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Figure C.13: Weekly Effect of CBDC Marketing Campaign on UPI Usage
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(b) Extensive Margin Usage Likelihood
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(c) Log Number of UPI Transactions

ATT Estimates

Simple Group-Specific Event Study

Log UPI Volume −0.2111∗∗∗ −0.2111∗∗∗ −0.2111∗∗∗
(0.0546) (0.0569) (0.0544)

Extensive Margin Usage Likelihood −0.0269∗∗∗ −0.0269∗∗∗ −0.0269∗∗∗
(0.0050) (0.0052) (0.0053)

Log Number of UPI Transactions −0.0265∗∗∗ −0.0265∗∗∗ −0.0265∗∗∗
(0.0102) (0.0101) (0.0101)

This figure plots the event-study dynamic coefficients estimated using the methodology outlined in Callaway and Sant’Anna (2021).
The outcome variable is the natural logarithm of one plus total UPI transaction volume in rupees in panel (a), a binary indicator for
whether the user made at least one UPI transaction in the week in panel (b), and the natural logarithm of one plus the total number of
UPI transactions in panel (c), each measured at the user × week level. Treatment timing is defined as the week in which the user’s
district first became treated for CBDC marketing campaigns. The 𝑥-axis denotes weeks relative to the district’s first week of CBDC
marketing campaigns. The control group consists of users in districts that had not yet become eligible for CBDC. All outcome
variables are winsorized at the 1% level. Standard errors are clustered at the home branch level. The shaded bands represent 95%
confidence intervals. The table below the figures reports the estimates of the aggregate average treatment effect on the treated (ATT)
by taking a weighted average of all group-time specific, partially aggregated group-specific and partially aggregated event-time
specific average treatment effects following Callaway and Sant’Anna (2021). Standard errors clustered at the home branch level
shown in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Figure C.14: Weekly Effect of CBDC Marketing Campaign on P2P UPI Usage
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(b) Extensive Margin P2P Usage Likelihood
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(c) Log Number of P2P UPI Transactions

ATT Estimates

Simple Group-Specific Event Study

Log P2P UPI Volume −0.1093∗ −0.1093∗ −0.1093∗
(0.0613) (0.0632) (0.0630)

Extensive Margin P2P Usage Likelihood −0.0168∗∗∗ −0.0168∗∗∗ −0.0168∗∗∗
(0.0061) (0.0062) (0.0061)

Log Number of P2P UPI Transactions −0.0136 −0.0136 −0.0136
(0.0090) (0.0090) (0.0089)

This figure plots the event-study dynamic coefficients estimated using the methodology outlined in Callaway and Sant’Anna (2021).
The outcome variable is the natural logarithm of one plus total person-to-person (P2P) UPI transaction volume in rupees in panel (a),
a binary indicator for whether the user made at least one P2P UPI transaction in the week in panel (b), and the natural logarithm of
one plus the total number of P2P UPI transactions in panel (c), each measured at the user × week level. Treatment timing is defined
as the week in which the user’s district first became treated for CBDC marketing campaigns. The 𝑥-axis denotes weeks relative to the
district’s first week of CBDC marketing campaigns. The control group consists of users in districts that had not yet become eligible
for CBDC. All outcome variables are winsorized at the 1% level. Standard errors are clustered at the home branch level. The shaded
bands represent 95% confidence intervals. The table below the figures reports the estimates of the aggregate average treatment
effect on the treated (ATT) by taking a weighted average of all group-time specific, partially aggregated group-specific and partially
aggregated event-time specific average treatment effects following Callaway and Sant’Anna (2021) Standard errors clustered at the
home branch level shown in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Figure C.15: Weekly Effect of CBDC Marketing Campaign on P2M UPI Usage
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(b) Extensive Margin P2M Usage Likelihood
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(c) Log Number of P2M UPI Transactions

ATT Estimates

Simple Group-Specific Event Study

Log P2M UPI Volume −0.1355∗∗∗ −0.1355∗∗∗ −0.1355∗∗∗
(0.0434) (0.0410) (0.0424)

Extensive Margin P2M Usage Likelihood −0.0172∗∗∗ −0.0172∗∗∗ −0.0172∗∗∗
(0.0046) (0.0044) (0.0045)

Log Number of P2M UPI Transactions −0.0163∗∗ −0.0163∗∗ −0.0163∗∗
(0.0080) (0.0076) (0.0075)

This figure plots the event-study dynamic coefficients estimated using the methodology outlined in Callaway and Sant’Anna (2021).
The outcome variable is the natural logarithm of one plus total person-to-merchant (P2M) UPI transaction volume in rupees in panel
(a), a binary indicator for whether the user made at least one P2M UPI transaction in the week in panel (b), and the natural logarithm of
one plus the total number of P2M UPI transactions in panel (c), each measured at the user × week level. Treatment timing is defined
as the week in which the user’s district first became treated for CBDC marketing campaigns. The 𝑥-axis denotes weeks relative to the
district’s first week of CBDC marketing campaigns. The control group consists of users in districts that had not yet become eligible
for CBDC. All outcome variables are winsorized at the 1% level. Standard errors are clustered at the home branch level. The shaded
bands represent 95% confidence intervals. The table below the figures reports the estimates of the aggregate average treatment
effect on the treated (ATT) by taking a weighted average of all group-time specific, partially aggregated group-specific and partially
aggregated event-time specific average treatment effects following Callaway and Sant’Anna (2021). Standard errors clustered at the
home branch level shown in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Figure C.16: Monthly Effect of CBDC Marketing Campaign on ATM Withdrawals (Callaway
Sant’Anna Long Difference)
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(b) Extensive Margin Usage Likelihood

This figure replicates Figure 7 with pre-treatment effects calculated as long differences, making the pre-treatment coefficients
comparable to conventional two-way fixed effects event study plots. The outcome variable is the natural logarithm of one plus total
ATM withdrawal volume in rupees in panel (a) and a binary indicator for whether the user made at least one ATM withdrawal in the
month in panel (b), each measured at the user × month level. Treatment timing is defined as the month in which the user’s district first
became treated for CBDC marketing campaigns. The 𝑥-axis denotes months relative to the district’s first month of CBDC marketing
campaigns. The control group consists of users in districts that had not yet received CBDC marketing campaigns. All outcome
variables are winsorized at the 1% level. Standard errors are clustered at the home branch level. The shaded bands represent 95%
confidence intervals.
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Figure C.17: Monthly Effect of CBDC Marketing Campaign on ATM Withdrawals (Robustness
Using Alternative DiD Estimators)
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(b) Extensive Margin Usage Likelihood

This figure plots the event-study dynamic coefficients for the effect of CBDC eligibility on ATM withdrawals using three alternative
estimators: (1) Callaway and Sant’Anna (2021) estimator (in blue with hollow diamond markers), (2) Borusyak, Jaravel, and Spiess
(2024) estimator (in red with hollow triangle markers), and (3) de Chaisemartin, D’Haultfœuille, and Vazquez-Bare (2024) estimator
(in green with hollow square markers). The outcome variable is the natural logarithm of one plus total ATM withdrawal volume
in rupees in panel (a) and a binary indicator for whether the user made at least one ATM withdrawal in the month in panel (b),
each measured at the user × month level. Treatment timing is defined as the month in which the user’s district first became treated
for CBDC marketing campaigns. The 𝑥-axis denotes months relative to the district’s first month of CBDC marketing campaigns.
The control group consists of users in districts that had not yet received CBDC marketing campaigns. All outcome variables are
winsorized at the 1% level. Standard errors are clustered at the home branch level. The bars represent 95% confidence intervals.
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Appendix D Adoption of CBDC

D.1 Empirical Strategy

We estimate the effect that user characteristics have on the probability of that individual being a CBDC
adopter. Since we only observe CBDC transactions until March 2024, for the individuals who did not
use the CBDC during our sample period, we do not observe the exact time when they adopted the
CBDC, if they did so. Thus, our CBDC adoption data is right-censored, and we cannot use a standard
linear probability model or logistic regression model to estimate the effect of user demographics on
their likelihood to adopt the CBDC since these models cannot distinguish between individuals who
never adopted and those who had not yet adopted by the end of the sample period. Instead, we employ
two survival analysis models to estimate the effect: the Cox proportional hazards model (Cox, 1972)
to determine the effect of user characteristics on CBDC adoption and the Kaplan-Meier estimator
(Kaplan and Meier, 1958) to estimate the likelihood to adopt CBDC for different subsamples.

In survival analysis, the outcome variable is the time to an event, referred to as survival time,
and the goal is to estimate the probability that an individual “survives” without experiencing the event
beyond a certain time 𝑡, referred to as the survival function 𝑆(𝑡) = P[𝑇 > 𝑡], where 𝑇 is a random
variable representing an individual’s true survival time. In our analysis, the outcome variable is
the number of weeks to CBDC adoption, and we measure the probability that an individual has not
adopted the CBDC by some time 𝑡. For right-censored individuals, the survival time is the number of
weeks from when they were targeted by CBDC marketing campaigns to the end of March 2024. The
Kaplan-Meier estimator is a non-parametric method that estimates this probability for each time 𝑡,
which allows us to compare adoption rates across subgroups. The Cox proportional hazards model
(Cox PH model) focuses, instead, on the hazard rate ℎ(𝑡), which is defined as the instantaneous risk of
an event at time 𝑡 given that the subject has survived until time 𝑡. Formally, the survival function 𝑆
and the hazard rate ℎ are related as follows

𝑆(𝑡) = exp
(
−
∫ 𝑡

0
ℎ(𝑢)𝑑𝑢

)
. (D.1)

Intuitively, the hazard rate measures how quickly individuals are adopting CBDC at any given point
in time. The Cox PH model estimates the effect of covariates on the hazard rate while leaving the
baseline hazard unspecified. Formally, the model specifies the hazard rate for individual 𝑖 at time 𝑡 as

ℎ(𝑡 | x𝑖) = ℎ0(𝑡) exp(x⊤𝑖 β), (D.2)

where ℎ0(𝑡) is the unspecified baseline hazard at time 𝑡, x𝑖 is a vector of individual-level covariates,
and β is a vector of coefficients that will be estimated. To interpret the estimated coefficients, consider

A25



two individuals 𝑖 and 𝑗 with covariate vectors x𝑖 and x 𝑗 . The ratio of their hazard rates at any time 𝑡 is

ℎ(𝑡 | x𝑖)
ℎ(𝑡 | x 𝑗)

=
ℎ0(𝑡) exp(x⊤

𝑖
β)

ℎ0(𝑡) exp(x⊤
𝑗
β) = exp

(
(x𝑖 − x 𝑗)⊤β

)
. (D.3)

The resulting quantity is the hazard ratio. For a single covariate 𝑋𝑘 , differing by one unit between the
two individuals, the hazard ratio simplifies to exp(𝛽𝑘), which represents the multiplicative effect of a
one-unit increase in covariate 𝑋𝑘 on the hazard rate, holding all other covariates fixed. The coefficient
𝛽𝑘 is the log-hazard ratio of covariate 𝑘 . The key assumption underlying this derivation is proportional
hazards: the ratio of hazard rates between any two individuals is constant over time, which is what
allows the hazard ratio exp(𝛽𝑘) to serve as a time-invariant summary of the effect of the covariate on
the likelihood of adopting the CBDC, conditional on not having adopted it yet. In other words, one
can interpret the estimated hazard ratio exp(𝛽𝑘) of a single covariate 𝑘 as the multiplicative effect of a
one-unit change in the covariate 𝑘 on the adoption rate at any given week, conditional on not having
adopted the CBDC yet.

We include the following covariates in the Cox model: gender, age quartile, income quartile, an
indicator for prior UPI usage, an indicator for sophisticated education, deposit balance quartile, and
marginal propensity to expend or spend (MPE) quartile. Prior UPI usage is an indicator variable that
equals one for the individuals who used UPI at least once prior to becoming treated for the CBDC
marketing campaigns during our sample period. The sophisticated education indicator equals one
for individuals with a degree in computer science, finance, or engineering, as these individuals are
most likely to understand the technical nature of CBDC and may therefore adopt earlier than others.
Deposits are the median total deposit balance over the six months prior to CBDC treatment. To
impute the MPE, we first construct a monthly expenditure measure for each account by computing it
as monthly income (annual income divided by twelve) minus the difference between the end-of-month
savings balance and the within-month average savings balance adjusted by the monthly interest rate
(0.03/12). We winsorize expenditure at the 5th and 95th percentiles within each calendar month to
address outliers in the monthly flow. We then compute each user’s median monthly expenditure over
the six months prior to their district’s CBDC treatment date, and winsorize this user-level median at
the 5th and 95th percentiles. The marginal propensity to spend is defined as this pre-treatment median
expenditure divided by monthly income. MPE is a time-invariant, pre-treatment characteristic that
captures each household’s baseline tendency to spend out of income, and is used to examine whether
baseline spending behavior predicts the timing of CBDC adoption. For each of these covariates, we
present Kaplan-Meier survival curves estimated separately for each subgroup to descriptively compare
the timing of CBDC adoption across groups.

As a complement to the survival analysis for CBDC adoption, we also estimate a linear probability
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model of UPI usage in Appendix D.3 using the same covariates, except for the prior UPI usage
indicator.
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D.2 Robustness: Determinants of CBDC Adoption

Table D.1: Determinants of CBDC Adoption: Cox Proportional Hazards Model

CBDC Adoption

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Male 1.0637∗∗∗ 0.8202∗∗∗ 0.8233∗∗∗ 0.8330∗∗∗
(0.0323) (0.0328) (0.0325) (0.0328)

Age Q2 0.9354∗∗∗ 0.1354∗∗∗ 0.1079∗∗∗ 0.1051∗∗∗
(0.0370) (0.0376) (0.0379) (0.0399)

Age Q3 0.7091∗∗∗ −0.1989∗∗∗ −0.2012∗∗∗ −0.1950∗∗∗
(0.0398) (0.0406) (0.0408) (0.0420)

Age Q4 0.1637∗∗∗ −0.7972∗∗∗ −0.7430∗∗∗ −0.7413∗∗∗
(0.0466) (0.0483) (0.0479) (0.0486)

Income Q2 0.1331∗∗ −0.1465∗∗ −0.1511∗∗ −0.1601∗∗
(0.0630) (0.0623) (0.0621) (0.0628)

Income Q3 0.7327∗∗∗ 0.4759∗∗∗ 0.4354∗∗∗ 0.4001∗∗∗
(0.0555) (0.0550) (0.0545) (0.0558)

Income Q4 2.4019∗∗∗ 1.8101∗∗∗ 1.6940∗∗∗ 1.6295∗∗∗
(0.0481) (0.0489) (0.0489) (0.0504)

Pre CBDC-Eligible UPI User 0.4024∗∗∗ −0.4724∗∗∗ −0.4713∗∗∗ −0.4345∗∗∗
(0.0267) (0.0289) (0.0284) (0.0291)

Sophisticated Education 1.8739∗∗∗ 0.7878∗∗∗ 0.7150∗∗∗ 0.6320∗∗∗
(0.0551) (0.0568) (0.0587) (0.0662)

Deposits Q2 2.0171∗∗∗ 1.9593∗∗∗ 2.2655∗∗∗ 2.1124∗∗∗
(0.1292) (0.1241) (0.1319) (0.1346)

Deposits Q3 3.1238∗∗∗ 2.5496∗∗∗ 2.8631∗∗∗ 2.6513∗∗∗
(0.1242) (0.1195) (0.1279) (0.1307)

Deposits Q4 3.8312∗∗∗ 3.0217∗∗∗ 3.3188∗∗∗ 3.0567∗∗∗
(0.1228) (0.1182) (0.1265) (0.1295)

Marginal Propensity to Expend Q2 −2.9434∗∗∗ −1.5951∗∗∗ −1.5738∗∗∗ −1.5336∗∗∗
(0.0869) (0.0858) (0.0862) (0.0900)

Marginal Propensity to Expend Q3 −1.2192∗∗∗ −1.0348∗∗∗ −0.9780∗∗∗ −0.9731∗∗∗
(0.0369) (0.0390) (0.0390) (0.0396)

Marginal Propensity to Expend Q4 −0.4561∗∗∗ −0.4011∗∗∗ −0.3659∗∗∗ −0.3679∗∗∗
(0.0278) (0.0283) (0.0282) (0.0302)

# Obs 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875
Pseudo 𝑅2 Nagelkerke 0.0095 0.0063 0.0445 0.0017 0.0045 0.0344 0.0227 0.0830 0.0802 0.0634
District FE Yes
ZIP code FE Yes

This table presents coefficients from Cox proportional hazards models estimating the determinants of CBDC adoption. The dependent
variable is the time until CBDC adoption, measured in weeks since becoming targeted for CBDC marketing campaigns. Columns (1)
through (7) examine the effect of each covariate separately: gender, age quartile, income quartile, prior UPI usage, sophisticated
education, deposit quartile, and marginal propensity to spend quartile, respectively. Column (8) presents the full specification
including all covariates without fixed effects, column (9) adds district fixed effects, and column (10) adds ZIP code fixed effects
in place of district fixed effects. The omitted categories are female, age quartile 1 (youngest), annual income quartile 1 (lowest),
no prior UPI usage, no sophisticated education, deposits quartile 1 (lowest), and marginal propensity to spend quartile 1 (lowest).
Sophisticated education is defined as holding a computer, finance, or engineering degree. Deposits is the median total deposit
balance over the six months prior to CBDC treatment. Marginal Propensity to spend is the six-month median of the ratio of monthly
expenditure to monthly income, where monthly expenditure is imputed as monthly income minus the change in savings balance
adjusted for interest accrual at the annualized rate of 3%. All models use robust standard errors clustered at the home branch level.
Positive coefficients indicate higher hazard rates and faster adoption relative to the reference group. For example, the estimate of
1.0637 in column (1) implies that men adopt CBDC at approximately 𝑒1.0637 = 2.8970 times the hazard rate of women, meaning that
in any given week, men are adopting at 2.8970x the rate of women, conditional on not having adopted yet. The sample includes
all individuals from the start of the CBDC roll-out through the end of March 2024. The Breslow method is used to adjust for ties
(individuals adopting at the same time). Standard errors in parentheses are estimated by clustering at the home branch level. ∗∗∗, ∗∗,
and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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Table D.2: Determinants of CBDC Adoption: Linear Probability Model

CBDC Adoption

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Constant 0.0213∗∗∗ 0.0264∗∗∗ 0.0122∗∗∗ 0.0377∗∗∗ 0.0425∗∗∗ 0.0021∗∗∗ 0.0829∗∗∗ 0.0081∗∗∗
(0.0007) (0.0008) (0.0006) (0.0009) (0.0008) (0.0003) (0.0016) (0.0013)

Male 0.0389∗∗∗ 0.0287∗∗∗ 0.0300∗∗∗ 0.0307∗∗∗
(0.0011) (0.0010) (0.0010) (0.0011)

Age Q2 0.0411∗∗∗ 0.0118∗∗∗ 0.0129∗∗∗ 0.0120∗∗∗
(0.0016) (0.0015) (0.0015) (0.0015)

Age Q3 0.0281∗∗∗ -0.0055∗∗∗ -0.0043∗∗∗ -0.0051∗∗∗
(0.0016) (0.0015) (0.0015) (0.0016)

Age Q4 0.0056∗∗∗ -0.0311∗∗∗ -0.0279∗∗∗ -0.0293∗∗∗
(0.0014) (0.0014) (0.0015) (0.0016)

Income Q2 0.0020∗∗ -0.0106∗∗∗ -0.0098∗∗∗ -0.0095∗∗∗
(0.0008) (0.0009) (0.0009) (0.0010)

Income Q3 0.0133∗∗∗ 0.0029∗∗∗ 0.0020∗∗ 0.0013
(0.0010) (0.0010) (0.0010) (0.0011)

Income Q4 0.1182∗∗∗ 0.0914∗∗∗ 0.0883∗∗∗ 0.0862∗∗∗
(0.0023) (0.0020) (0.0019) (0.0020)

Pre CBDC-Eligible UPI User 0.0188∗∗∗ -0.0216∗∗∗ -0.0225∗∗∗ -0.0226∗∗∗
(0.0012) (0.0017) (0.0017) (0.0017)

Sophisticated Education 0.2125∗∗∗ 0.1511∗∗∗ 0.1478∗∗∗ 0.1422∗∗∗
(0.0120) (0.0115) (0.0114) (0.0114)

Deposits Q2 0.0143∗∗∗ 0.0270∗∗∗ 0.0438∗∗∗ 0.0464∗∗∗
(0.0007) (0.0013) (0.0018) (0.0020)

Deposits Q3 0.0472∗∗∗ 0.0444∗∗∗ 0.0611∗∗∗ 0.0618∗∗∗
(0.0013) (0.0018) (0.0021) (0.0023)

Deposits Q4 0.0965∗∗∗ 0.0808∗∗∗ 0.0971∗∗∗ 0.0947∗∗∗
(0.0019) (0.0021) (0.0023) (0.0025)

Marginal Propensity to Expend Q2 -0.0785∗∗∗ -0.0412∗∗∗ -0.0441∗∗∗ -0.0461∗∗∗
(0.0016) (0.0013) (0.0013) (0.0015)

Marginal Propensity to Expend Q3 -0.0575∗∗∗ -0.0489∗∗∗ -0.0479∗∗∗ -0.0484∗∗∗
(0.0017) (0.0018) (0.0017) (0.0018)

Marginal Propensity to Expend Q4 -0.0290∗∗∗ -0.0296∗∗∗ -0.0288∗∗∗ -0.0291∗∗∗
(0.0018) (0.0019) (0.0019) (0.0020)

# Obs 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875
𝑅2 0.01 0.01 0.06 0.00 0.01 0.03 0.02 0.10 0.11 0.19
District FE Yes
ZIP code FE Yes

This table presents coefficients from a linear probability model estimating the determinants of CBDC adoption. The dependent
variable is the time until CBDC adoption, measured in weeks since becoming targeted for CBDC marketing campaigns. Columns (1)
through (7) examine the effect of each covariate separately: gender, age quartile, income quartile, prior UPI usage, sophisticated
education, deposit quartile, and marginal propensity to spend quartile, respectively. Column (8) presents the full specification
including all covariates without fixed effects, column (9) adds district fixed effects, and column (10) adds ZIP code fixed effects
in place of district fixed effects. The omitted categories are female, age quartile 1 (youngest), annual income quartile 1 (lowest),
no prior UPI usage, no sophisticated education, deposits quartile 1 (lowest), and marginal propensity to spend quartile 1 (lowest).
Sophisticated education is defined as holding a computer, finance, or engineering degree. Deposits is the median total deposit
balance over the six months prior to CBDC treatment. Marginal Propensity to Spend is the six-month median of the ratio of monthly
expenditure to monthly income, where monthly expenditure is imputed as monthly income minus the change in savings balance
adjusted for interest accrual at the annualized rate of 3%. The sample includes all individuals from the start of the CBDC roll-out
through the end of March 2024. Standard errors in parentheses are estimated by clustering at the home branch level. ∗∗∗, ∗∗, and ∗

denote statistical significance at the 1%, 5%, and 10% levels, respectively.
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D.3 Characteristics of UPI Users

Table D.3: Probability of Being a UPI User by User Characteristics and Education

UPI User

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Constant 0.4144∗∗∗ 0.6379∗∗∗ 0.4732∗∗∗ 0.4971∗∗∗ 0.3959∗∗∗ 0.5193∗∗∗ 0.5224∗∗∗
(0.0025) (0.0029) (0.0029) (0.0018) (0.0036) (0.0028) (0.0057)

Male 0.1411∗∗∗ 0.1182∗∗∗ 0.1181∗∗∗ 0.1158∗∗∗
(0.0029) (0.0026) (0.0026) (0.0027)

Age Q2 -0.0576∗∗∗ -0.1235∗∗∗ -0.1252∗∗∗ -0.1280∗∗∗
(0.0037) (0.0035) (0.0034) (0.0036)

Age Q3 -0.1684∗∗∗ -0.2320∗∗∗ -0.2327∗∗∗ -0.2327∗∗∗
(0.0039) (0.0035) (0.0035) (0.0036)

Age Q4 -0.3511∗∗∗ -0.4000∗∗∗ -0.3955∗∗∗ -0.3931∗∗∗
(0.0037) (0.0035) (0.0035) (0.0037)

Income Q2 0.0167∗∗∗ -0.0046 -0.0050 -0.0044
(0.0038) (0.0034) (0.0034) (0.0035)

Income Q3 0.0412∗∗∗ 0.0323∗∗∗ 0.0295∗∗∗ 0.0283∗∗∗
(0.0037) (0.0034) (0.0033) (0.0035)

Income Q4 0.0429∗∗∗ 0.0328∗∗∗ 0.0295∗∗∗ 0.0273∗∗∗
(0.0039) (0.0036) (0.0036) (0.0038)

Sophisticated Education 0.0986∗∗∗ -0.0080 -0.0166 -0.0201
(0.0137) (0.0132) (0.0132) (0.0138)

Deposits Q2 0.0766∗∗∗ 0.1222∗∗∗ 0.1332∗∗∗ 0.1420∗∗∗
(0.0047) (0.0052) (0.0052) (0.0056)

Deposits Q3 0.2056∗∗∗ 0.1707∗∗∗ 0.1840∗∗∗ 0.1864∗∗∗
(0.0046) (0.0055) (0.0055) (0.0058)

Deposits Q4 0.1075∗∗∗ 0.0939∗∗∗ 0.1131∗∗∗ 0.1135∗∗∗
(0.0045) (0.0055) (0.0055) (0.0058)

Marginal Propensity to Expend Q2 -0.1325∗∗∗ -0.1120∗∗∗ -0.1124∗∗∗ -0.1165∗∗∗
(0.0044) (0.0049) (0.0049) (0.0050)

Marginal Propensity to Expend Q3 -0.1886∗∗∗ -0.1978∗∗∗ -0.1945∗∗∗ -0.1899∗∗∗
(0.0037) (0.0036) (0.0036) (0.0037)

Marginal Propensity to Expend Q4 0.2007∗∗∗ 0.1728∗∗∗ 0.1684∗∗∗ 0.1663∗∗∗
(0.0036) (0.0033) (0.0033) (0.0035)

# Obs 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875 153,875
𝑅2 0.02 0.07 0.00 0.00 0.02 0.09 0.20 0.21 0.28
District FE Yes
ZIP code FE Yes

This table presents coefficients from a linear probability model estimating the determinants of being a UPI user based on self-reported
gender, age, income, education, prior UPI usage, deposit balance, and marginal propensity to expend. Columns (1) through (7)
examine the effect of each covariate separately: gender, age quartile, income quartile, prior UPI usage, sophisticated education,
deposit quartile, and marginal propensity to spend quartile, respectively. Column (8) presents the full specification including all
covariates without fixed effects, column (9) adds district fixed effects, and column (10) adds ZIP code fixed effects in place of district
fixed effects. The omitted categories are female, age quartile 1 (youngest), annual income quartile 1 (lowest), no prior UPI usage, no
sophisticated education, deposits quartile 1 (lowest), and marginal propensity to spend quartile 1 (lowest). Sophisticated education is
defined as holding a computer, finance, or engineering degree. Deposits is the median total deposit balance over the six months prior
to CBDC treatment. Marginal Propensity to Spend is the six-month median of the ratio of monthly expenditure to monthly income,
where monthly expenditure is imputed as monthly income minus the change in savings balance adjusted for interest accrual at the
annualized rate of 3%. Standard errors in parentheses are estimated by clustering at the home branch level. ∗∗∗, ∗∗, and ∗ denote
statistical significance at the 1%, 5%, and 10% levels, respectively.
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Appendix E Conceptual Framework
This section lays out the conceptual framework that underpins our empirical analysis and supplies the
formal arguments for the results stated in Section 4. We begin by presenting the formal proofs of the
main propositions from that section. We then extend the framework to incorporate heterogeneity in
risk and trust and to study alternative CBDC designs, including interest-bearing CBDC, holding caps,
and endogenous term-deposit choices. For ease of reference, we keep the notation and timing from the
main text and restate only the elements that are needed to follow the arguments below.

For completeness, we briefly restate the timing and risk structure. At the beginning of the period,
households observe their wealth𝑊𝑖 and the CBDC design, choose portfolios (𝐷𝑆

𝑖
, 𝐷𝑇

𝑖
, 𝐻𝑖, 𝐶𝑖), and, if

applicable, whether to adopt CBDC. At the end of the period, bank default is realized and deposits pay
according to the insurance scheme in equation (2), while CBDC and cash always pay par. Deposit
insurance applies jointly to total deposits 𝐷tot

𝑖
= 𝐷𝑆

𝑖
+ 𝐷𝑇

𝑖
up to the limit 𝐷̄, with expected loss rate 𝛿

per rupee of uninsured deposits.

E.1 Deposits: Proof of Proposition 4.1

Proof of Lemma 4.1. The household chooses (𝐷𝑆, 𝐷𝑇 , 𝐻) to maximize 𝑀 (𝐷𝑆, 𝐷𝑇 , 𝐻, 0) subject to
𝐷𝑆 + 𝐷𝑇 + 𝐻 = 𝑊 . Given 𝑟𝑇 > 𝑟𝑆 and that term deposits are illiquid only within the period, any
excess wealth beyond the level of liquid balances needed for transactions is strictly better invested in
𝐷𝑇 than in 𝐷𝑆 or 𝐻. Therefore, for any optimal choice of total liquid balances 𝐿0 = 𝐷𝑆

0 + 𝐻0, all
remaining wealth𝑊 − 𝐿0 is placed in term deposits, proving (i). If 𝐿0 is uniquely optimal, then as𝑊
rises, 𝐿0 stays fixed and 𝐷𝑇

0 = 𝑊 − 𝐿0 increases, proving (ii). □

Proof of Proposition 4.1. Consider any candidate CBDC portfolio (𝐷̃𝑆, 𝐷̃𝑇 , 𝐻̃, 𝐶̃) with 𝐷̃𝑇 < 𝐷𝑇
0

and total wealth𝑊 . Define

Δ = 𝐷𝑇
0 − 𝐷̃𝑇 > 0,

and construct an alternative portfolio

𝐷𝑇
1 = 𝐷𝑇

0 , 𝐷𝑆
1 = 𝐷̃𝑆 − 𝛼, 𝐻1 = 𝐻̃ − 𝛽, 𝐶1 = 𝐶̃ − 𝛾,

with 𝛼 + 𝛽 + 𝛾 = Δ chosen so that 𝐷𝑆
1 , 𝐻1, 𝐶1 ≥ 0 and total wealth is preserved. By construction,

𝐷𝑆
1 + 𝐻1 + 𝐶1 = 𝐷̃𝑆 + 𝐻̃ + 𝐶̃ − Δ.

Choosing (𝛼, 𝛽, 𝛾) so that 𝐷𝑆
1 + 𝐻1 + 𝐶1 equals the baseline liquid balance 𝐷𝑆

0 + 𝐻0 maintains the
same total liquidity level 𝐿, while raising term deposits from 𝐷̃𝑇 to 𝐷𝑇

0 . Because 𝑟𝑇 > 𝑟𝑆 and term
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deposits are the strictly highest-yield instrument for non-transactional wealth, this reallocation strictly
increases expected monetary payoffs. By Assumption 1, holding 𝐿 fixed leaves the household’s ability
to meet transaction needs unchanged. Hence any portfolio with 𝐷̃𝑇 < 𝐷𝑇

0 is dominated, and there
exists an optimal CBDC portfolio with 𝐷𝑇

1 = 𝐷𝑇
0 and CBDC funded from the liquid margin. □

E.2 Digital payments: Proofs of Lemma 4.2 and Proposition 4.2

Proof of Lemma 4.2. For a CBDC adopter with 𝐶𝑖 > 0, each unit of digital payment can be routed
through UPI or CBDC. The per-unit net utilities are

𝑢UPI = 𝛾UPI, 𝑢CBDC(𝐶𝑖, 𝜙𝑖, 𝑘𝑖) = 𝛾CBDC + 𝜙𝑖𝑆(𝐶𝑖)
𝜇𝑖

− 𝑘𝑖

𝜇𝑖
,

where we spread the fixed cost 𝑘𝑖 over 𝜇𝑖 transactions. It is clear then that 𝑢CBDC is weakly increasing
in 𝐶𝑖 and in 𝜙𝑖, and weakly decreasing in 𝑘𝑖. For any given (𝐶𝑖, 𝜙𝑖, 𝑘𝑖), the household allocates
all inframarginal digital payments to the channel with higher per-unit net utility, so, under the
assumption 𝛾CBDC ≈ 𝛾UPI, the optimal share 𝑥CBDC

𝑖
is weakly increasing in 𝑢CBDC − 𝑢UPI and inherits

its monotonicity properties. For sufficiently large 𝐶𝑖 and 𝜙𝑖, 𝑢CBDC > 𝑢UPI and 𝑥CBDC
𝑖

→ 1. □

Proof of Proposition 4.2. For CBDC adopters, as 𝐶𝑖 rises from zero, Lemma 4.2 implies that 𝑥CBDC
𝑖

increases and 𝑥UPI
𝑖

decreases, reducing the share of digital payments routed via UPI. Aggregating
across adopters, UPI volume and transaction counts fall even if total digital volume is unchanged.
Assumption 2 implies that a subset of transactions remains in cash regardless of CBDC adoption, so
aggregate cash usage responds only weakly as CBDC spreads. Hence aggregate UPI usage declines
sharply relative to cash. □

E.3 Adoption: Proofs of Lemma 4.3 and Proposition 4.3

Proof of Lemma 4.3. Fix (𝜙𝑖, 𝜇𝑖, 𝑘𝑖) and suppose 𝐷tot
0𝑖 > 𝐷̄. Consider a small increase 𝑑𝐶 > 0 in

CBDC funded by a reduction in deposits. As long as 𝐷tot
𝑖
> 𝐷̄, this marginal change reduces uninsured

deposits by 𝑑𝐶 and saves expected loss 𝛿(1 + 𝑟𝑆)𝑑𝐶, so the net interest cost of holding CBDC instead
of deposits on this margin is 𝑟𝑆 (1−𝛿). Once deposits fall back to 𝐷̄, the cost becomes 𝑟𝑆 . Aggregating
over the relevant range yields an effective cost 𝑟𝑖 (𝑊𝑖) ∈ [0, 𝑟𝑆] that is weakly decreasing in 𝐷tot

0𝑖 . The
household’s problem in 𝐶 is then

max
0≤𝐶≤𝑊𝑖

{𝜙𝑖𝑆(𝐶) − 𝑟𝑖 (𝑊𝑖)𝐶} ,

which is strictly concave because 𝑆 is concave. An optimal 𝐶∗
𝑖
(𝑊𝑖) exists and satisfies the usual

first-order condition. Comparing 𝑉1(𝑊𝑖) and 𝑉0(𝑊𝑖) yields the adoption inequality (7). □
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Proof of Proposition 4.3. Household 𝑗 has 𝐷tot
0 𝑗 ≤ 𝐷̄, so its effective cost of CBDC relative to deposits

is 𝑟𝑆. Household 𝑖 has 𝐷tot
0𝑖 > 𝐷̄, so by the argument in the proof of Lemma 4.3, its effective cost

𝑟𝑖 (𝑊𝑖) is strictly below 𝑟𝑆 . Given the same (𝜙, 𝜇, 𝑘), the left-hand side of (7) is the same function of
𝐶 for both households, while the right-hand side is strictly smaller for 𝑖 than for 𝑗 for any given 𝐶. If 𝑗
finds it optimal to adopt, so that (7) holds at 𝐶∗

𝑗
, then the same inequality holds strictly for 𝑖 at 𝐶∗

𝑖
,

proving part (i). For part (ii), choose (𝜙, 𝜇, 𝑘, 𝑟𝑆 , 𝛿) so that the inequality holds at cost 𝑟𝑖 (𝑊𝑖) but
fails at cost 𝑟𝑆 , which is possible whenever 𝛿 > 0 and 𝑘 is in an intermediate range. □

E.4 Extension: Heterogeneity in Risk and Trust

In the main analysis, heterogeneity in CBDC adoption arises from differences in wealth𝑊𝑖, digital
usage 𝜇𝑖, the valuation of safety and segmentation 𝜙𝑖, and adoption costs 𝑘𝑖. Proposition 4.3 focuses on
the role of wealth and total deposits. In this subsection we highlight more explicitly how cross-sectional
variation in 𝜙𝑖 and 𝑘𝑖 generates additional adoption heterogeneity for a given level of deposits, which
we interpret as capturing differences in risk perceptions and trust in the banking system and in the
central bank.

Fix a household 𝑖 with wealth 𝑊𝑖 and baseline portfolio (𝐷𝑆
0𝑖, 𝐷

𝑇
0𝑖, 𝐻0𝑖) in the no-CBDC

benchmark. Let 𝐷tot
0𝑖 = 𝐷𝑆

0𝑖 + 𝐷
𝑇
0𝑖 denote total deposits, and suppose 𝐷tot

0𝑖 > 𝐷̄ so that some deposits
are uninsured. Conditional on wealth and total deposits, Lemma 4.3 implies that there exists an
optimal CBDC balance 𝐶∗

𝑖
(𝑊𝑖) that solves

max
0≤𝐶≤𝑊𝑖

{𝜙𝑖𝑆(𝐶) − 𝑟𝑖 (𝑊𝑖)𝐶} ,

where 𝑟𝑖 (𝑊𝑖) ∈ [0, 𝑟𝑆] is the effective net cost of holding CBDC relative to deposits, capturing both
interest foregone and the avoided expected loss on uninsured deposits. Adoption is optimal if and only
if

𝜙𝑖𝑆(𝐶∗
𝑖 (𝑊𝑖)) + 𝜇𝑖 (𝛾CBDC − 𝛾UPI) ≥ 𝑟𝑖 (𝑊𝑖)𝐶∗

𝑖 (𝑊𝑖) + 𝑘𝑖 .

Holding (𝑊𝑖, 𝐷
tot
0𝑖 , 𝜇𝑖) fixed, this condition defines a threshold relationship between 𝜙𝑖 and 𝑘𝑖.

Proposition E.1 (Risk / trust heterogeneity and adoption). Fix (𝑊𝑖, 𝐷
tot
0𝑖 , 𝜇𝑖) with 𝐷tot

0𝑖 > 𝐷̄ and let
𝑟𝑖 (𝑊𝑖) be given. There exists a decreasing function Φ𝑖 (𝑘) such that, for any 𝑘𝑖 ≥ 0,

household 𝑖 adopts CBDC ⇐⇒ 𝜙𝑖 ≥ Φ𝑖 (𝑘𝑖).

Moreover, for any fixed 𝜙𝑖 > 0, there exists a corresponding threshold 𝐾𝑖 (𝜙) such that household 𝑖
adopts CBDC if and only if 𝑘𝑖 ≤ 𝐾𝑖 (𝜙𝑖).
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Proof. Given (𝑊𝑖, 𝐷
tot
0𝑖 , 𝜇𝑖) and 𝑟𝑖 (𝑊𝑖), the optimal CBDC balance 𝐶∗

𝑖
(𝑊𝑖) is strictly increasing in

𝜙𝑖 and does not depend on 𝑘𝑖, because 𝑘𝑖 enters utility additively and does not affect the marginal
trade-off between 𝑆(𝐶) and 𝑟𝑖 (𝑊𝑖)𝐶. The left-hand side of the adoption inequality,

𝜙𝑖𝑆(𝐶∗
𝑖 (𝑊𝑖)) + 𝜇𝑖 (𝛾CBDC − 𝛾UPI),

is therefore strictly increasing in 𝜙𝑖 and independent of 𝑘𝑖, while the right-hand side,

𝑟𝑖 (𝑊𝑖)𝐶∗
𝑖 (𝑊𝑖) + 𝑘𝑖,

is strictly increasing in 𝑘𝑖 and independent of 𝜙𝑖 for a given𝐶∗
𝑖
(𝑊𝑖). By continuity, there exists for each

𝑘𝑖 a unique cutoff Φ𝑖 (𝑘𝑖) that equates the two sides, with adoption for 𝜙𝑖 ≥ Φ𝑖 (𝑘𝑖). The monotonicity
properties imply that Φ𝑖 (·) is decreasing. The statement about 𝐾𝑖 (𝜙) follows by symmetry, defining
for each 𝜙𝑖 the maximal 𝑘𝑖 for which the inequality holds. □

Proposition E.1 shows that, conditional on wealth and total deposits, adoption is monotone in
the household’s valuation of safety and segmentation 𝜙𝑖 and in the inverse of the adoption cost 𝑘𝑖. In
our empirical setting, higher 𝜙𝑖 can be interpreted as reflecting greater concern about bank fragility,
fraud risk, or cyber risk, and higher trust in the central bank. Lower 𝑘𝑖 captures greater financial
and digital sophistication, such as having a computer science, finance, or engineering degree, prior
experience with digital payments, or greater comfort with mobile apps.

This extension provides a simple theoretical counterpart to the empirical finding in Section 8
that CBDC adoption is higher among households with sophisticated educational backgrounds and
among those who are more engaged with digital finance, even after conditioning on income and deposit
balances. It also highlights that variation in perceived risk and trust can amplify the wealth-based
adoption gradient in Proposition 4.3: among households with similar total deposits, those with higher
𝜙𝑖 and lower 𝑘𝑖 will adopt CBDC earlier and at higher rates.

E.5 Extension: Interest-Bearing or Fee-Charging CBDC

We briefly consider how the model’s implications change if the CBDC design is altered. Suppose
CBDC pays gross return 1 + 𝑟𝐶 and may charge a per-transaction fee 𝑓 ≥ 0. The adoption condition
(7) then becomes

𝜙𝑖𝑆(𝐶∗
𝑖 (𝑊𝑖)) + 𝜇𝑖

(
𝛾CBDC − 𝑓 − 𝛾UPI) ≥

(
𝑟𝑖 (𝑊𝑖) − 𝑟𝐶

)
𝐶∗
𝑖 (𝑊𝑖) + 𝑘𝑖,

where 𝑟𝑖 (𝑊𝑖) is defined as in Lemma 4.3.
If 𝑟𝐶 increases toward 𝑟𝑆, the effective cost of holding CBDC falls, expanding the set of
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households for which CBDC adoption is optimal and increasing optimal wallet balances 𝐶∗
𝑖
(𝑊𝑖). For

𝑟𝐶 sufficiently high, CBDC can become a closer substitute for term deposits as well as for savings,
potentially weakening Proposition 4.1. Conversely, a positive fee 𝑓 reduces the net convenience of
CBDC relative to UPI and dampens substitution on the intensive margin, holding adoption fixed. In
this sense, the non-interest-bearing, fee-free design in our setting represents a lower-bound case for
CBDC take-up and its impact on deposits and digital payments.

E.6 Extension: CBDC Holding Caps

In the baseline model, households can hold any nonnegative CBDC balance 𝐶𝑖 up to their total wealth
𝑊𝑖. In many policy discussions, however, central banks consider imposing caps on individual CBDC
holdings. In fact, in our setting the Reserve Bank of India has placed a cap of |100,000 on the amount
an individual can hold in a CBDC wallet. CBDC holding caps are often motivated by financial stability
concerns: they aim to limit the extent of deposit disintermediation in normal times and to reduce the
risk that CBDC becomes a dominant run asset in periods of stress, while still allowing households to
use CBDC as a convenient retail payment instrument.

In this subsection we study a simple version of such a design, where the household faces an
exogenous cap 𝐶̄ > 0 on the CBDC wallet:

0 ≤ 𝐶𝑖 ≤ min{𝑊𝑖, 𝐶̄}.

We retain the baseline assumption that CBDC is non-interest-bearing and fee-free (𝑟𝐶 = 0, no
per-transaction fee), and we keep the rest of the environment unchanged.

The household’s portfolio problem is now

max
𝐷𝑆

𝑖
,𝐷𝑇

𝑖
,𝐻𝑖 ,𝐶𝑖

𝑀𝑖 (𝐷𝑆
𝑖 , 𝐷

𝑇
𝑖 , 𝐻𝑖, 𝐶𝑖) + max{𝑈no CBDC

𝑖 ,𝑈CBDC
𝑖 }

subject to the budget constraint (1), the return and insurance structure in (2), and the additional
constraint 𝐶𝑖 ≤ 𝐶̄. As before, we focus on cases where the household chooses to adopt CBDC and set
𝐶𝑖 > 0.

Given an adopting household 𝑖, the optimal CBDC balance without a cap, 𝐶∗
𝑖
(𝑊𝑖), solves

max
0≤𝐶≤𝑊𝑖

{𝜙𝑖𝑆(𝐶) − 𝑟𝑖 (𝑊𝑖)𝐶} ,

with adoption condition given by (7). Under the cap, the effective optimal balance becomes

𝐶̂𝑖 (𝑊𝑖) = min{𝐶∗
𝑖 (𝑊𝑖), 𝐶̄}.
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If 𝐶∗
𝑖
(𝑊𝑖) ≤ 𝐶̄, the cap is slack and the household’s behavior coincides with the baseline solution. If

𝐶∗
𝑖
(𝑊𝑖) > 𝐶̄, the household is constrained at 𝐶̂𝑖 (𝑊𝑖) = 𝐶̄ and cannot fully implement its unconstrained

preferred CBDC position.
Because CBDC continues to be funded from savings deposits as in Proposition 4.1, the cap limits

the maximum reallocation from savings into CBDC. For a constrained household with 𝐶∗
𝑖
(𝑊𝑖) > 𝐶̄,

the reduction in savings deposits is given by 𝐶̄ rather than 𝐶∗
𝑖
(𝑊𝑖), and the corresponding decline in

uninsured exposure is smaller. In this sense, 𝐶̄ directly bounds the extent of deposit disintermediation
and the shift in digital payments away from UPI.

The adoption margin is affected in two ways. First, the effective gain from adoption on the
left-hand side of (7) is computed at 𝐶̂𝑖 (𝑊𝑖) rather than 𝐶∗

𝑖
(𝑊𝑖):

𝜙𝑖𝑆(𝐶̂𝑖 (𝑊𝑖)) + 𝜇𝑖 (𝛾CBDC − 𝛾UPI),

which is weakly smaller when 𝐶∗
𝑖
(𝑊𝑖) > 𝐶̄. Second, the interest-cost term on the right-hand side,

𝑟𝑖 (𝑊𝑖) 𝐶̂𝑖 (𝑊𝑖) + 𝑘𝑖,

is also lower when the cap binds. The net effect is that for households with modest desired CBDC
balances (small 𝐶∗

𝑖
(𝑊𝑖)), the cap is irrelevant, while for households with very strong incentives to hold

CBDC (large 𝐶∗
𝑖
(𝑊𝑖)) the cap truncates their adoption benefit and reduces, but does not eliminate,

their incentive to adopt.
Overall, the introduction of a CBDC holding cap has three main implications relative to the

baseline model. First, it limits the maximum reallocation out of savings deposits into CBDC for
households that would otherwise choose large CBDC balances, thereby capping the extent of deposit
disintermediation and the reduction in uninsured exposure for the most exposed households. Second,
it attenuates the intensive-margin substitution from UPI to CBDC among these households, because
their wallet balances cannot scale proportionally with their desired level of CBDC usage. Third,
because the cap binds only for households with relatively high wealth or high 𝜙𝑖, the qualitative
pattern of adoption remains unchanged: CBDC take-up is still concentrated among wealthier and
more sophisticated depositors. However, the quantitative impact of their adoption on deposits and
digital payments is compressed by the policy limit 𝐶̄.

E.7 Extension: Endogenous Term Deposits and Illiquid Portfolio Choice

This extension relaxes the baseline assumption that term deposits are fixed over the CBDC adoption
horizon. We allow households to choose an illiquid term-deposit position in addition to liquid savings,
cash, and CBDC, and we study when the introduction of CBDC induces households to unwind term
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deposits. The extension is designed to clarify the conditions under which the baseline treatment of
term deposits as predetermined is a valid approximation.

Environment and timing. Time is discrete and indexed by 𝑡 ∈ {0, 1}. At date 0, before the
introduction of CBDC, the household allocates initial financial wealth𝑊0 across three assets: a liquid
savings deposit 𝐷𝑆

0 , an illiquid term deposit 𝐷𝑇
0 , and cash holdings 𝐻0. These choices satisfy

𝐷𝑆
0 + 𝐷𝑇

0 + 𝐻0 ≤ 𝑊0.

Savings deposits are fully liquid and earn gross return 1 + 𝑟𝑆 . Term deposits earn gross return 1 + 𝑟𝑇 ,
where 𝑟𝑇 > 𝑟𝑆, but cannot be freely accessed before maturity. Cash earns zero nominal return. At
date 1, after CBDC becomes available, the household decides whether to adopt CBDC and how to
allocate liquid resources across savings deposits, cash, and CBDC. Term deposits mature only at the
end of date 1. Thus, over the horizon relevant for CBDC adoption and payments, term deposits are
illiquid unless withdrawn early at a cost.

To allow for partial reallocation out of term deposits, suppose that at date 1 the household may
liquidate a fraction 𝜔 ∈ [0, 1] of its outstanding term deposit position. Early liquidation incurs a
proportional penalty 𝜅 ∈ (0, 1), so each unit of term deposits unwound delivers only (1 − 𝜅) units
of date-1 liquid resources. The remaining share (1 − 𝜔) is held to maturity and yields gross payoff
(1 + 𝑟𝑇 ) (1 − 𝜔)𝐷𝑇

0 at the end of the period.

Date-1 liquid resources. Conditional on the portfolio chosen at date 0, the household enters date 1
with pre-CBDC liquid wealth

𝐿̃1 = (1 + 𝑟𝑆)𝐷𝑆
0 + 𝐻0.

If the household liquidates a fraction 𝜔 of its term deposits early, total liquid resources available for
date-1 portfolio and payments decisions are

𝐿1(𝜔) = (1 + 𝑟𝑆)𝐷𝑆
0 + 𝐻0 + (1 − 𝜅)𝜔𝐷𝑇

0 .

These liquid resources can be allocated across savings deposits 𝐷𝑆
1 , cash 𝐻1, and CBDC 𝐶1:

𝐷𝑆
1 + 𝐻1 + 𝐶1 ≤ 𝐿1(𝜔).

The remaining term deposit position, (1 − 𝜔)𝐷𝑇
0 , is held to maturity and pays (1 + 𝑟𝑇 ) (1 − 𝜔)𝐷𝑇

0 at
the end of date 1.
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Payments and CBDC adoption. As in the baseline model, households make a continuum of payment
transactions during date 1. A transaction can be executed using cash, existing digital payment rails
linked to deposit accounts, or CBDC if the household adopts. Let 𝑎 ∈ {0, 1} denote CBDC adoption.
Adoption requires payment of a fixed cost 𝑘 ≥ 0, which may capture onboarding, learning, and
technology frictions. Conditional on adoption, the household may use CBDC for digital transactions
and obtains payment convenience benefits summarized by the function

Ψ(𝑎, 𝐶1; 𝜃),

where 𝜃 indexes household-specific payment needs or valuation of digital convenience. We assume that
Ψ(0, 𝐶1; 𝜃) = 0 and that for adopters the marginal convenience benefit of CBDC is weakly increasing
in the amount of CBDC held over the relevant range.

Preferences. Household utility is additively separable between consumption/non-payment utility
and payment convenience. Let terminal non-payment resources be denoted by

𝑋1(𝜔) = 𝐷𝑆
1 + 𝐻1 + 𝐶1 + (1 + 𝑟𝑇 ) (1 − 𝜔)𝐷𝑇

0 .

The household’s date-1 problem is

𝑉 (𝐷𝑆
0 , 𝐷

𝑇
0 , 𝐻0; 𝜃) = max

𝑎∈{0,1}, 𝜔∈[0,1], 𝐷𝑆
1 ,𝐻1,𝐶1

{𝑢(𝑋1(𝜔)) + Ψ(𝑎, 𝐶1; 𝜃) − 𝑎𝑘}

subject to

𝐷𝑆
1 + 𝐻1 + 𝐶1 ≤ (1 + 𝑟𝑆)𝐷𝑆

0 + 𝐻0 + (1 − 𝜅)𝜔𝐷𝑇
0 ,

and

𝐷𝑆
1 , 𝐻1, 𝐶1 ≥ 0.

Consistent with Assumption 1, the non-payment part of utility depends on total available resources
rather than on the exact composition of liquid balances across savings, cash, and CBDC. Composition
matters only through payment convenience and through differences in returns and liquidity across
assets.

Interpretation of the liquidation choice. The choice of 𝜔 captures whether the household finds it
worthwhile to sacrifice the superior return on term deposits in order to create additional date-1 liquidity.
Liquidating one additional unit of term deposits increases current liquid resources by only (1 − 𝜅)
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units but reduces terminal wealth by the forgone maturity payoff (1 + 𝑟𝑇 ). Thus, early liquidation is
attractive only if the value of the extra liquidity and payment convenience exceeds the return advantage
of remaining invested in the term deposit.

Let 𝜆1 denote the shadow value of one additional unit of date-1 liquid resources in the household’s
optimization problem. For an interior choice of 𝜔, the first-order condition is

(1 − 𝜅)𝜆1 = (1 + 𝑟𝑇 )𝑢′(𝑋1(𝜔)) .

The left-hand side is the marginal value of converting one unit of term deposits into date-1 liquidity,
net of the early-withdrawal penalty. The right-hand side is the marginal utility value of preserving that
unit until maturity and receiving the higher gross return 1 + 𝑟𝑇 . Hence, the household liquidates term
deposits only if the shadow value of immediate liquidity is sufficiently high.

A sufficient condition for no early liquidation. The baseline model corresponds to the region in
which households do not unwind term deposits over the horizon relevant for CBDC adoption and
usage. A sufficient condition for 𝜔★ = 0 is that

(1 − 𝜅)𝜆1 < (1 + 𝑟𝑇 )𝑢′(𝑋1(0)) .

This condition states that the marginal value of additional liquid resources must be smaller than
the marginal value of preserving the term deposit until maturity. It is more likely to hold when:
(i) the term-deposit rate 𝑟𝑇 is high relative to the return on CBDC and savings deposits; (ii) the
early-withdrawal penalty 𝜅 is sizable; and (iii) CBDC primarily provides transaction convenience
rather than a high pecuniary return.

These conditions closely match our empirical setting. The digital rupee is non-interest-bearing,
so it does not compete with term deposits as a yield-bearing asset. Instead, it competes with liquid
savings balances and existing digital payment instruments. In this environment, the marginal value of
CBDC arises primarily through liquidity and payment convenience, which is unlikely to dominate the
combined return advantage and illiquidity cost associated with term deposits. As a result, the optimal
response to CBDC operates mainly through liquid savings deposits rather than through term deposits.

Date-0 portfolio choice. At date 0, the household anticipates the date-1 problem and chooses its
initial portfolio to maximize

𝑈0 = max
𝐷𝑆

0 ,𝐷
𝑇
0 ,𝐻0

{
𝑢0(𝑊0 − 𝐷𝑆

0 − 𝐷𝑇
0 − 𝐻0) + 𝛽 E

[
𝑉 (𝐷𝑆

0 , 𝐷
𝑇
0 , 𝐻0; 𝜃)

]}
,
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subject to

𝐷𝑆
0 + 𝐷𝑇

0 + 𝐻0 ≤ 𝑊0, 𝐷𝑆
0 , 𝐷

𝑇
0 , 𝐻0 ≥ 0.

Relative to liquid savings, term deposits provide a higher return but sacrifice flexibility. Liquid savings
provide lower returns but preserve the option value of future portfolio reallocation when new payment
technologies such as CBDC become available. The household therefore chooses 𝐷𝑇

0 by balancing a
standard yield-liquidity trade-off.

This formulation makes clear that the introduction of CBDC can, in principle, affect ex ante
demand for term deposits even if households do not unwind existing term deposits ex post. If
households anticipate that future CBDC access will raise the value of liquid balances, they may choose
lower 𝐷𝑇

0 and higher 𝐷𝑆
0 at date 0. Our empirical analysis, however, focuses on short- to medium-run

responses after the introduction of CBDC, a horizon over which the main observable adjustment
occurs in liquid savings rather than in term deposits.

Proposition E.2. Suppose CBDC is non-interest-bearing or offers a return strictly below the term-
deposit rate 𝑟𝑇 , and suppose the early-withdrawal penalty 𝜅 is sufficiently large. Then there exists
a region of the parameter space such that the optimal early liquidation choice satisfies 𝜔★ = 0. In
that region, the household does not unwind term deposits in response to CBDC, and all portfolio
adjustment occurs through liquid savings deposits, cash, and CBDC.

Proof sketch. Because CBDC provides payment convenience but no competitive yield in our empirical
setting, the gain from reallocating one unit of term deposits into CBDC is bounded by the marginal
value of extra liquidity in date-1 transactions. When the term-deposit return advantage 𝑟𝑇 and/or the
early-withdrawal penalty 𝜅 are sufficiently large, the value of preserving term deposits until maturity
strictly exceeds the benefit of converting them into liquid balances. The Kuhn–Tucker condition for
the liquidation choice then implies a corner solution at 𝜔★ = 0. Hence, CBDC affects the composition
of liquid assets without inducing substitution out of term deposits.

Implications. This extension delivers two implications. First, it rationalizes the baseline assumption
that term deposits are effectively fixed over the CBDC adoption horizon: when CBDC is low-yield
and term deposits are sufficiently illiquid, households do not find it optimal to unwind term deposits
to fund CBDC. Second, it clarifies how the model would change under alternative CBDC designs.
If CBDC were to offer an interest rate close to or above 𝑟𝑇 , or if term deposits could be liquidated
at negligible cost, then the no-liquidation condition would fail. In that case, CBDC would compete
not only with liquid savings deposits but also with illiquid term deposits, and the full intertemporal
portfolio problem would need to be solved with endogenous adjustment along both margins.
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Appendix F Imperfect Treatment, Partial CBDC Exposure, and
Bounds under Callaway and Sant’Anna ATT

Our district-level treatment indicator is the timing of lead-bank authorization to offer the retail CBDC.
This choice is attractive because it maps naturally into the lead bank system and provides plausibly
exogenous staggered variation in access to CBDC. However, control districts are not literally CBDC
free. Households in these districts may still access CBDC through non-lead banks that operate
locally or digitally. In other words, the binary treatment indicator in our difference-in-differences
specifications is an imperfect proxy for the underlying intensity of CBDC penetration. In this section
we show formally, within the Callaway and Sant’Anna (2021) framework, that our estimand is an
intention-to-treat (ITT) effect of lead-bank authorization under partial CBDC exposure. We then
derive simple bounds that describe how much this attenuates the estimated treatment effect relative to
the effect of moving from zero CBDC penetration to the observed treatment intensity.

Setup and Callaway and Sant’Anna ATT. Let 𝑑 index districts and let 𝑡 = 1, . . . , 𝑇 index time
periods. For each district 𝑑, let 𝐺𝑑 ∈ {1, . . . , 𝑇,∞} denote the period in which its lead bank first
becomes authorized to offer CBDC. We set 𝐺𝑑 = ∞ for never-treated districts. Treatment status is
given by the binary indicator

𝐷𝑑𝑡 = 1{𝑡 ≥ 𝐺𝑑, 𝐺𝑑 < ∞}.

The observed outcome is 𝑌𝑑𝑡 . In the analysis below, 𝑌𝑑𝑡 denotes either the log of total retail deposits
or the log of total credit extended by all scheduled commercial banks in district 𝑑 at time 𝑡. We denote
the potential outcomes without and with lead-bank authorization by 𝑌𝑑𝑡 (0) and 𝑌𝑑𝑡 (1).

For a group 𝑔 that first becomes treated at time 𝑔, the group and time specific average treatment
effect on the treated in Callaway and Sant’Anna (2021) is

𝐴𝑇𝑇 (𝑔, 𝑡) = E
[
𝑌𝑑𝑡 (1) − 𝑌𝑑𝑡 (0) | 𝐺𝑑 = 𝑔

]
, 𝑡 ≥ 𝑔.

The overall average treatment effect on the treated that the Callaway and Sant’Anna estimator reports
is a weighted average of these group and time specific effects, where the weights 𝜔𝑔,𝑡 are non negative
and sum to one.

𝐴𝑇𝑇𝐶𝑆 =
∑︁
𝑔,𝑡

𝜔𝑔,𝑡 𝐴𝑇𝑇 (𝑔, 𝑡),

In our setting, the treatment indicator 𝐷𝑑𝑡 , which records lead-bank authorization, is not the
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primitive measure of CBDC exposure. Instead, the outcome depends on an underlying continuous
measure of CBDC penetration that aggregates CBDC usage from both lead and non-lead banks.

CBDC penetration and a linear structural relationship. Let 𝐶𝑑𝑡 denote the true intensity of
CBDC penetration in district 𝑑 at time 𝑡. This variable aggregates CBDC activity from all scheduled
commercial banks in the district. We assume a linear structural relationship between the outcome and
CBDC penetration:

𝑌𝑑𝑡 (𝑐) = 𝛼𝑑 + 𝜆𝑡 + 𝛽𝑐 + 𝜀𝑑𝑡 , (F.1)

where 𝑌𝑑𝑡 (𝑐) is the potential outcome that would obtain if CBDC penetration were equal to 𝑐 in
district 𝑑 at time 𝑡. The terms 𝛼𝑑 and 𝜆𝑡 are district and time effects and 𝜀𝑑𝑡 is an error term. The
parameter 𝛽 is the causal effect of a one unit change in CBDC penetration. Under equation (F.1), a
change from CBDC penetration 𝑐0 to 𝑐1 changes the outcome by

𝑌𝑑𝑡 (𝑐1) − 𝑌𝑑𝑡 (𝑐0) = 𝛽(𝑐1 − 𝑐0). (F.2)

Lead-bank authorization changes 𝐶𝑑𝑡 , but control districts are not CBDC free. Even when
𝐷𝑑𝑡 = 0, CBDC may be available through non-lead banks. For a given group 𝑔 and a post treatment
period 𝑡 ≥ 𝑔, define

𝐶𝑇
𝑔,𝑡 = E[𝐶𝑑𝑡 | 𝐺𝑑 = 𝑔, 𝐷𝑑𝑡 = 1], 𝐶𝐶

𝑔,𝑡 = E[𝐶𝑑𝑡 | 𝑑 ∈ C(𝑔, 𝑡)], (F.3)

where C(𝑔, 𝑡) is the comparison group that the Callaway and Sant’Anna estimator uses for (𝑔, 𝑡), such
as never-treated or not-yet-treated districts. The quantity 𝐶𝑇

𝑔,𝑡 is the average CBDC penetration among
group 𝑔 districts after lead-bank authorization. The quantity 𝐶𝐶

𝑔,𝑡 is the average CBDC penetration in
the comparison group in the same period.

Under equations (F.1) and (F.2), we can express the group and time specific ATT in terms
of CBDC penetration. Let 𝐶 (1)

𝑑𝑡
and 𝐶 (0)

𝑑𝑡
denote the CBDC penetration levels under lead-bank

authorization and under the counterfactual without lead-bank authorization. Then

𝐴𝑇𝑇 (𝑔, 𝑡) = E
[
𝑌𝑑𝑡 (1) − 𝑌𝑑𝑡 (0) | 𝐺𝑑 = 𝑔

]
= E

[
𝑌𝑑𝑡 (𝐶 (1)

𝑑𝑡
) − 𝑌𝑑𝑡 (𝐶 (0)

𝑑𝑡
) | 𝐺𝑑 = 𝑔

]
= E

[
𝛽
(
𝐶

(1)
𝑑𝑡

− 𝐶 (0)
𝑑𝑡

)
| 𝐺𝑑 = 𝑔

]
= 𝛽 E

[
𝐶

(1)
𝑑𝑡

− 𝐶 (0)
𝑑𝑡

| 𝐺𝑑 = 𝑔
]
. (F.4)

The identifying assumptions imply that the comparison group at (𝑔, 𝑡) identifies the counterfactual
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evolution of 𝑌𝑑𝑡 (0) for group 𝑔 districts. In the linear structure in equation (F.1) this statement is
equivalent to using the comparison group to proxy for the counterfactual CBDC path 𝐶 (0)

𝑑𝑡
for group 𝑔

districts. If we aggregate over districts in group 𝑔 and over the comparison group, we obtain

E
[
𝐶

(1)
𝑑𝑡

| 𝐺𝑑 = 𝑔
]
= 𝐶𝑇

𝑔,𝑡 , E
[
𝐶

(0)
𝑑𝑡

| 𝐺𝑑 = 𝑔
]
= 𝐶𝐶

𝑔,𝑡 , (F.5)

which implies that equation (F.4) becomes

𝐴𝑇𝑇 (𝑔, 𝑡) = 𝛽
(
𝐶𝑇
𝑔,𝑡 − 𝐶𝐶

𝑔,𝑡

)
. (F.6)

Equation (F.6) shows that each group and time specific ATT is an intention-to-treat effect. It measures
the effect on the outcome of increasing CBDC penetration from the average level in the comparison
group, 𝐶𝐶

𝑔,𝑡 , to the average level in the treated group, 𝐶𝑇
𝑔,𝑡 , at time 𝑡.

From ATTs to a zero-to-treated effect and bounds. For any pair (𝑔, 𝑡), a useful benchmark is the
effect of moving from zero CBDC penetration to the treated level 𝐶𝑇

𝑔,𝑡 . We denote this by

Δ0→𝑇
𝑔,𝑡 = 𝛽𝐶𝑇

𝑔,𝑡 . (F.7)

We combine equations (F.6) and (F.7) by defining the relative CBDC penetration in the comparison
group as

𝜌𝑔,𝑡 =
𝐶𝐶
𝑔,𝑡

𝐶𝑇
𝑔,𝑡

. (F.8)

With this definition we have

𝐴𝑇𝑇 (𝑔, 𝑡) = 𝛽𝐶𝑇
𝑔,𝑡 (1 − 𝜌𝑔,𝑡 ) = Δ0→𝑇

𝑔,𝑡 (1 − 𝜌𝑔,𝑡 ), (F.9)

and the scaling factor that relates the zero-to-treated effect to the group and time specific ATT is

Δ0→𝑇
𝑔,𝑡

𝐴𝑇𝑇 (𝑔, 𝑡) =
1

1 − 𝜌𝑔,𝑡
. (F.10)

If 0 ≤ 𝜌𝑔,𝑡 < 1, then the comparison group has strictly lower CBDC penetration than the treated group
but is not CBDC free. In this case each group and time specific ATT is attenuated toward zero relative
to the corresponding zero-to-treated effect. The parameter 𝜌𝑔,𝑡 determines the size of this attenuation.
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The overall ATT is a weighted average of group and time specific ATTs,

𝐴𝑇𝑇𝐶𝑆 =
∑︁
𝑔,𝑡

𝜔𝑔,𝑡 𝐴𝑇𝑇 (𝑔, 𝑡),
∑︁
𝑔,𝑡

𝜔𝑔,𝑡 = 1, 𝜔𝑔,𝑡 ≥ 0. (F.11)

We define the corresponding weighted zero-to-treated effect by

Δ0→𝑇
𝐶𝑆 =

∑︁
𝑔,𝑡

𝜔𝑔,𝑡 Δ
0→𝑇
𝑔,𝑡 =

∑︁
𝑔,𝑡

𝜔𝑔,𝑡 𝛽𝐶
𝑇
𝑔,𝑡 . (F.12)

Using equation (F.9), we can write

Δ0→𝑇
𝐶𝑆 =

∑︁
𝑔,𝑡

𝜔𝑔,𝑡 𝐴𝑇𝑇 (𝑔, 𝑡) ·
1

1 − 𝜌𝑔,𝑡
. (F.13)

Suppose we can bound the relative CBDC penetration in the comparison group in all group and time
cells by a common upper bound

𝜌𝑔,𝑡 ≤ 𝜌̄ < 1 for all (𝑔, 𝑡). (F.14)

Then (1 − 𝜌𝑔,𝑡 )−1 ≤ (1 − 𝜌̄)−1 for all (𝑔, 𝑡), and equation (F.13) implies

Δ0→𝑇
𝐶𝑆 ≤ 1

1 − 𝜌̄
∑︁
𝑔,𝑡

𝜔𝑔,𝑡𝐴𝑇𝑇 (𝑔, 𝑡) =
1

1 − 𝜌̄ 𝐴𝑇𝑇
𝐶𝑆 . (F.15)

Under the linear structure in equation (F.1) and the uniform bound in equation (F.14), the average
effect of moving from zero CBDC penetration to the treated group level of CBDC penetration, Δ0→𝑇

𝐶𝑆
,

is at most a factor (1 − 𝜌̄)−1 larger in magnitude than the Callaway and Sant’Anna overall ATT,
𝐴𝑇𝑇𝐶𝑆. When control districts have partial CBDC exposure that reaches at most a fraction 𝜌̄ of
treated districts’ penetration in the relevant two by two comparisons, the estimator 𝐴𝑇𝑇𝐶𝑆 understates
the corresponding zero-to-treated effect by at most the factor (1 − 𝜌̄)−1.

Specialization to deposits and credit using bank footprints. In the empirical work we estimate
separate Callaway and Sant’Anna ATTs for log total retail deposits and for log total credit at the district
level. We denote these by 𝐴𝑇𝑇𝐶𝑆

Dep and 𝐴𝑇𝑇𝐶𝑆
Cred. To implement the bound in equation (F.15) for each

outcome, we construct district-level CBDC exposure indices that use bank geographic footprints and
bank-level CBDC authorization and usage.

For each district 𝑑 and bank 𝑏, we compute the pre-CBDC share of deposits or credit that bank
𝑏 intermediates in district 𝑑. We denote these shares by 𝑠Dep

𝑏𝑑
and 𝑠Cred

𝑏𝑑
. We then combine these

shares with bank-level CBDC authorization and usage to construct exposure indices 𝐶̃Dep
𝑑𝑡

and 𝐶̃Cred
𝑑𝑡

.
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By averaging these indices across treated and comparison districts in the relevant group and time
cells, we obtain empirical counterparts to 𝐶𝑇

𝑔,𝑡 and 𝐶𝐶
𝑔,𝑡 for deposits and credit. These empirical

counterparts give us outcome-specific upper bounds 𝜌̃Dep and 𝜌̃Cred on the relative CBDC penetration
in comparison versus treated districts.

We then apply equation (F.15) with 𝜌̄ = 𝜌̃Dep for deposits and with 𝜌̄ = 𝜌̃Cred for credit. This
step yields bounds of the form

Δ0→𝑇
𝐶𝑆,Dep ≤ 1

1 − 𝜌̃Dep 𝐴𝑇𝑇
𝐶𝑆
Dep, Δ0→𝑇

𝐶𝑆,Cred ≤ 1
1 − 𝜌̃Cred 𝐴𝑇𝑇

𝐶𝑆
Cred,

where Δ0→𝑇
𝐶𝑆,Dep and Δ0→𝑇

𝐶𝑆,Cred denote the average effects of moving from zero CBDC penetration to
the treated group level of CBDC penetration on deposits and credit, respectively. In the data, our
exposure indices imply strictly positive but much lower CBDC penetration in comparison districts
than in treated districts. As a result, 𝜌̃Dep and 𝜌̃Cred lie strictly between zero and one. We therefore
interpret the reported Callaway and Sant’Anna ATTs for lead-bank authorization as intention-to-treat
effects under partial CBDC exposure. The bounds above show that the corresponding zero-to-treated
effects on deposits and credit must be larger in magnitude, and that the maximum size of this gap is
given by the factors (1 − 𝜌̃Dep)−1 and (1 − 𝜌̃Cred)−1.
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