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Abstract

We show how instant payment systems may constrain liquidity transformation and exacerbate

risk-taking by banks. Using payment data from Brazil’s Pix and a novel instrument, we find

that instant payments increased banks’ liquid asset holdings and the share of subprime lending.

These effects arise because instant payments eliminate banks’ ability to delay and net payment

flows, which incentivizes them to set aside more liquid assets to meet payment shocks. Greater

liquid holdings, in turn, lead to more risk-taking in loan provisions. Our findings have important

implications for instant payment adoption and CBDC design.
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1 Introduction

In recent years, the global banking and payment landscape has undergone significant changes. Among

these, instant payment systems have attracted considerable attention from academics and policymak-

ers, owing to their integration with the banking system and their shared functionalities with CBDCs.

While both arrangements enable the instantaneous transfer of deposited funds, instant payment sys-

tems differ in that the backing assets remain on commercial bank balance sheets rather than being

shifted to central bank balance sheets. As a result, instant payment systems are often regarded as a

favourable option: they improve payment convenience while avoiding the risk of crowding out bank

funding.

While instant payments allow assets to remain on banks’ balance sheets, they affect banks’ lia-

bility side by altering the functionality of bank deposits. Without instant payments, banks can defer

settlement of transfer requests until the end of the day or even several days later. 1 With instant pay-

ments, however, customers gain the ability to transfer deposits across banks instantaneously. Instant

payments therefore do not merely accelerate transactions; rather, they eliminate banks’ discretion

over the timing of outflows. This raises the question of how the banking system, which relies on

deposits as a key source of stable funding, can adapt to this change. Can banks still perform liquidity

transformation and extend credit to the real economy in the same way as before?

In this paper, we find that instant payments may have the unintended consequence of constraining

liquidity transformation and amplifying risk taking by banks. Using administrative data on Brazil’s

Pix, one of the most widely and successfully adopted instant payment systems, we document that the

use of instant payments positively correlates with banks’ disproportionate allocation towards liquid

assets and an increased share of riskier loans. We confirm that the observed relationship is causal by

constructing a novel instrument based on passive payment timeouts.

Economically, our findings arise because the immediacy of payments implies a loss in banks’

ability to decide on the timing of their payment flows. In particular, banks can no longer delay

outgoing payments to net them with incoming ones within the same day, which translates into more

volatile payment shocks. In response, banks hold a larger proportion of liquid asset buffers and a

smaller fraction of illiquid assets, effectively becoming “narrower”. Larger liquid asset holdings also

1In the U.S., for example, Fedwire transfers must be made before the end of the day, while ACH can be delayed for
several business days without an expedited processing fee. In Brazil, before the implementation of the instant payment
system Pix, transfers can be delayed until the end of the day under TED and the next day under DOC.
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induce bank equity holders to take on more credit risk when investing in illiquid assets like loans.

Thus, instant payments may lead to narrower banks with riskier loan books.

Our analysis highlights the importance of considering the effect of instant payments on the bank-

ing sector. While instant payment systems undoubtedly bear many benefits for consumers, the instant

means of payments–deposits–are ultimately provided by banks, and banks rely on the same deposits

for stable funding. Therefore, amidst the surge in adopting instant payments around the world, e.g.,

FedNow in the U.S., Pix in Brazil, and UPI in India, it is crucial to monitor and ensure that banks’

new role in facilitating payment convenience does not impede their capacity to engage in liquidity

and credit transformation for the economy.

Our empirical analysis leverages two administrative datasets from the Central Bank of Brazil

(BCB). First, we use transaction-level Pix data to measure the extent of Pix usage for each bank.

This data also record transactions that are unsuccessful and whether these transaction failures were

due to the sending or receiving bank. We use this information on failed transactions to construct an

instrument for Pix usage in our empirical analysis. Second, we use monthly bank balance sheet and

income statement data from the BCB (COSIF).

We first measure the extent of Pix usage by calculating the overlap between a bank’s daily gross

Pix sent and received, summed over each month, and divided by the bank’s total assets for that month.

This measure captures Pix payment turnover relative to bank size, reflecting how actively bank cus-

tomers use Pix. While the vast majority of banks adopted Pix right away following its November

2020 implementation, the extent to which Pix was used at different banks varied widely. The average

Pix usage for banks in the first and fourth quartile of Pix usage was 0.07% and 42.66%, respectively,

during our sample period. We will use this cross-sectional variation in banks’ exposure to Pix to

estimate the effect on various outcome variables.

We show that, the overlap between daily gross Pix sent and received that determines Pix usage also

represents payment flows that would have been nettable with end-of-day rather than instant settlement.

Thus, Pix usage also reflects the potential loss of nettable payments per unit bank size due to instant

payments. The volume of nettable payments is economically significant. For the median bank in

the average month, 71.26% of total payment flows would have been nettable absent instant instant

payments. These nettable payments are also sizable relative to banks’ liquid asset holdings, which

suggests that the loss of payment netting is economically relevant and may impact banks’ demand for

liquid assets and other balance sheet decisions.

We then uncover three novel stylized facts about the response of the Brazilian banking system to
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the introduction of instant payments. On the asset side, we find that banks with more Pix usage also

increased their ratio of liquid assets by more, especially in the form of government bonds. One likely

interpretation is that banks set aside these government bonds as precautionary liquidity buffers to be

pledged as collateral in repo transactions or to sell in secondary markets in the case of unanticipated

payment shocks.

On the liability side, we find that banks with higher Pix usage experienced a rise in the ratio of

demandable deposits. This finding is consistent with Pix making demandable deposits more attractive

because they can be used in instant payments without the liquidity restrictions that time deposits

impose.

Zooming in on banks’ loan portfolios, we find that banks with more Pix usage take on more credit

risk. Banks with higher Pix usage had a disproportionate increase in the ratio of subprime loans,

default loans, and loan loss provisions. In contrast, their ratio of prime loans decreased.

To rationalize our stylized facts, we present a simple banking model that relates the role of deposits

as a means of payment to bank lending. In the model, a representative bank finances its assets with

demandable deposits, time deposits, and equity. We assume the bank’s equity ratio is exogenous,

consistent with the substantial costs associated with adjusting bank equity. On the asset side, the bank

chooses between a portfolio of risk-free liquid assets, which return a standardized rate of one, and

riskier, but more productive, illiquid loans. Critically, the bank decides the extent of credit risk in

its lending, with riskier loans being more likely to default but earning higher realized returns absent

default, representing a risk premium.

Depositors with unpredictable payment needs allocate their funds between demandable deposits,

which can be used to make payments, and time deposits, which provide higher returns but cannot be

directly used for payments. Absent instant payments, banks can delay depositors’ payment requests

for a given amount of time and thereby net outgoing payments with incoming ones. With instant

payments, banks are required to settle payment requests without delay and can no longer net pay-

ment flows over time. Therefore, instant payments render demandable deposits more attractive for

depositors but at the expense of banks’ ability to delay and net payment flows.

Our model sheds new light on the effect of instant payment systems on banks. First, as instant

payments remove banks’ ability to delay payments, they also expose banks to greater uncertainty in

deposit flows. Banks, in turn, choose to set aside more liquid assets to reduce the potential sell-off of

illiquid loans when hit with payment shocks. In other words, the instant nature of payments increases

banks’ own demand for liquidity, which constrains their capacity for liquidity transformation and
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ultimately results in a “narrower” bank. A related prediction is that the proportion of demandable

deposits relative to time deposits increases because instant payments render demandable deposits

more attractive for depositors.2

As banks hold larger liquid buffers, equity holders are incentivized to take greater risks in their

loan portfolios. We show that increased liquid asset holdings provide the bank with more protection

against default, reducing the sensitivity of equity holders’ payoffs to downside risks. Consequently,

banks choose loans with higher default risk to gamble for higher returns under the instant payment

system. This risk-taking effect is more pronounced when capital ratios are lower, which exacerbates

agency conflicts. One concern may be that increased payment processing under instant payments

improves loan outcomes through better monitoring and screening, thereby reducing risk-taking. To

address this, we allow loan returns to vary with payment volume and show that risk-taking still in-

creases with instant payments as long as the sensitivity of loan returns to payment processing is not

too high.

Increased liquid asset holdings and risk-taking from instant payments jointly influence loan out-

comes. Interestingly, we find that loan income per unit asset unambiguously decreases, even though

loans make up a smaller share of bank assets as liquid asset holdings increase. This result arises be-

cause equity holders do not fully internalize the impact of risk-taking in adverse states of the world.

Nevertheless, total income per unit asset, which includes both loan and liquid asset income, may still

increase if the marginal returns from taking on riskier loans are sufficiently high to compensate for

the greater share of lower-yielding liquid assets.

To verify the model predictions in the data, we need to overcome the identification challenge that

Pix usage may be correlated with observable and unobservable bank characteristics, which also affect

the composition of their balance sheets. To this end, we construct a novel instrument for Pix usage

based on payment timeouts, which we uniquely construct from the administrative data. The basic

idea is that the availability of Pix is only relevant if Pix payments are successfully sent by the sending

bank and then successfully received by the receiving bank. If either the sending bank or the receiving

bank fail to process the payment within 40 seconds, the payment attempt is unsuccessful and deemed

as “timeout” by the Pix system. The convenience of Pix payments is lost in the event of a timeout

so that frequent timeouts reduce the perceived attractiveness of Pix for customers and decreases their

Pix usage.

2Nevertheless, note that banks’ increased liquid assets are not simply because demandable deposits become more
convenient and increase in volume. Rather, banks increase their liquid asset holdings under instant payments even for a
given ratio of demandable versus time deposits, due to their lost ability to delay and net payments.
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Although timeouts are mostly driven by unexpected technical issues, one may worry that banks

still have some control over the speed or ability to resolve timeouts at their own institution. To address

this concern, we construct our timeout instrument for a given bank i in month t as the probability of

timeouts induced by other banks. This includes timeouts due to receiving banks when bank i is

the sender, as well as timeouts due to sending banks when bank i is the receiver. In both cases, the

attractiveness of bank i’s Pix service is reduced, but bank i cannot actively resolve the timeouts caused

by other banks. The identifying assumption is that timeouts induced by other banks affect bank i only

through their impact on its customers’ Pix usage, and not through any direct influence on bank i’s

balance sheet composition.

After confirming that our timeout instrument reduces Pix usage in the first stage, we instrument for

Pix usage and estimate the causal effect of Pix usage on banks’ liability structure, asset composition,

and risk-taking. Our sample period is from November 2020 to March 2023. We control for bank

characteristics like asset size, capital, and the number of branches. We also include bank and time

fixed effects.

Our estimates confirm the model’s predictions. First, we find that Pix usage increases the propor-

tion of liquid asset buffers. Echoing our earlier results, this increase in liquid assets primarily comes

from government bond holdings. At the same time, Pix usage causes a drop in the ratio of loans

on bank balance sheets, confirming that instant payments constrain bank liquidity transformation.

We also find that Pix usage increases the ratio of demandable deposits, consistent with our model

prediction that demandable deposits become more attractive with instant payments.

Further, we show that higher Pix usage exacerbates risk-taking in lending, as our model predicts.

We find that a one-standard-deviation increase in Pix usage causes the ratio of prime loans to decrease

by 21.8 ppts and the ratio of sub-prime loans to increase by 18.6 ppts. In line with the disproportionate

lending to riskier borrowers, banks with more Pix usage also set aside more loan loss reserves and

eventually experience a higher ratio of defaulting loans. These results are amplified by lower capital

ratios, consistent with agency conflicts exacerbating risk-taking incentives in our model.

Finally, we show that Pix usage decreases loan income per unit asset, corroborating the liquidity

asset channel of risk-taking in our model. In contrast, total income per unit asset increases with Pix

usage in our sample period, which is consistent with the higher returns from riskier loans compen-

sating for the smaller fraction of loans on bank balance sheets. In the data, Pix usage also increases

service fee income generated by customers setting up bank accounts, which contributes to the increase

in total income per unit assets.

6



Related Literature. Our paper contributes to the understanding of instant payment systems,

which, together with stablecoins and CBDCs, are among the most promising advances in payment

technologies (Brunnermeier, James and Landau, 2019, Duffie, 2019). Most papers in the literature

on modern payment technologies have focused on how they affect consumption, investment, credit

access, and consumer default (e.g., Jack and Suri, 2014, Muralidharan, Niehaus, and Sukhtankar,

2016, Higgins, 2020, Ghosh, Vallee, and Zeng, 2022, Berg, Fuster, and Puri, 2022, Dubey and Pur-

nanandam, 2023, Alok, Ghosh, Kulkarni, and Puri, 2024). A few papers have examined how instant

payments affect the banking system: Sarkisyan (2023) analyzes the effects on deposit competition,

while Liang, Sampaio and Sarkisyan (2024) show that increased deposit competition improves mon-

etary policy transmission. Most closely related to usis Parlour, Rajan and Walden (2022), who also

focus on the unintended consequences of payment convenience on bank lending. They demonstrate

that the settlement of interbank payments using liquid assets gives rise to a liquidity externality that

limits banks’ lending capacity, and that this liquidity externality is exacerbated when payment fric-

tions are reduced. Focusing on the loss of payment delays, our paper is the first to examine how

instant payment systems affect banks’ demand for liquid assets and risk-taking activities. We high-

light that instant payment systems are not merely providing more convenient and faster payments, but

they fundamentally remove banks’ ability to delay and net outgoing payments with incoming ones,

which ultimately constrains liquidity transformation and amplifies risk-taking by banks.

More generally, our findings shed light on the interaction between banks’ liabilities and assets.

A large literature has shown how the risk of runs on demandable deposits limits banks’ illiquid asset

holdings (e.g. Diamond and Dybvig, 1983, Calomiris and Kahn, 1991, Goldstein and Pauzner, 2005).

Volatility in bank funding constrains lending even in the absence of runs. Bolton, Li, Wang, and Yang

(2020) and Jermann and Xiang (2023) model deposits as obligations with random maturity and non-

maturing debt, respectively, analyzing their impact on bank investment and default risks. Empirically,

Supera (2021) shows that the rise of demandable deposits constrain banks’ ability to extend loans.

Using Fedwire data, Li and Li (2021, 2023) find that banks with more volatile flows experience

reduced loan growth. Another set of papers highlight the complementarity between liquid deposits

and lending. Kashyap et al. (2002) argue that complementarity results when deposit withdrawals

and commitment takedowns are not correlated. Donaldson, Piacentino and Thakor (2018) show that

the circulation of deposits as a means of payment facilitates loan repayments, while Parlour, Rajan

and Zhu (2022) analyze how information gathered from payments influence bank lending decisions.

Our work complements these studies. We focus on the effect of instant payment systems and show
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that they increase banks’ liquid assets holdings over illiquid loans by reducing banks’ capacity for

payment netting.

We further find that banks’ increased liquid asset holdings induce riskier lending. This result is

closely related to Acharya and Naqvi (2012), who show that higher liquid asset holdings reduces

monitoring incentives and results in excessive and risky lending. Relatedly, Diamond, Hu, and Rajan

(2020) show that expectations of more liquid markets in the future discourages investment in pledge-

able assets, which increases risk ex ante.

Finally, our results relate to the literature on the demand and supply of liquid assets by the banking

sector. Following studies on disruptions and liquidity shortages in interbank payments (e.g., McAn-

drews and Potter, 2002, Bech and Garratt, 2003, Afonso, Kovner and Schoar, 2011, Afonso and Shin,

2011, Iyer, Peydro, da-Rocha-Lopes and Schoar, 2014), a recent set of papers explores how reserve

scarcity contributed to delays in interbank payments and disruptions in repo funding in September

2019 (Copeland, Duffie and Yang, 2020, Correa, Du and Liao, 2020, d’Avernas and Vandeweyer,

2020, Afonso, Duffie, Rigon and Shin, 2022). More generally, Acharya and Rajan (2023) and Lopez-

Salido and Vissing-Jorgensen (2023) show the effects of quantitative easing (QE) and quantitative

tighting (QT) on the banking sector’s demand for liquidity, and Afonso, Gianonne, La Spada and

Williams (2020) show that the liquidity needs of the banking sector are state-contingent. Our findings

highlight the introduction of instant payment systems as a new contributing factor to the liquidity

demand of the banking sector.

2 Institutional Setting and Data

2.1 Instant Payment Systems and Pix

Instant payment systems represent a global evolution in financial transactions, functioning as broadly

accessible Real-Time Gross Settlement (RTGS) bank-railed systems that operate 24/7. This infras-

tructure enables instantaneous transactions between individuals across any day or time, provided their

banks grant interoperable access to these systems. Unlike traditional payment technologies, instant

payment systems facilitate instant transfers between parties at any time, provided their banks are inter-

connected through these platforms. They are pivotal in updating the mechanics of payments to align

with the immediate transaction needs demanded by the digital economy. Various central banks also

view instant payments as a building block for the modernization of the financial ecosystem. About

100 jurisdictions have introduced instant payments, and several others have announced plans to go
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live soon.3

The adoption and economic impact of these systems vary worldwide, with Pix standing out for its

notable success. Pix, the instant payment system introduced by the BCB in November 2020, enables

instant, around-the-clock payments between individuals, businesses, and government entities without

the fees commonly associated with traditional banking services. Pix’s success is largely attributed

to its real-time banking infrastructure and user-friendly design, which includes an innovative alias

resolution service. This feature allows users to make payments using simple identifiers, such as phone

numbers, significantly simplifying and enhancing the user experience for daily financial activities.

Moreover, the BCB mandated that all financial and payments institutions with more than 500,000

opened accounts offer access to Pix through applications that adhere to common standards, promoting

universal access and integration within the Brazilian financial ecosystem.4 Within just two years of

its launch, Pix saw an adoption rate unparalleled by any other payment system, with more than 150

million users in its first year alone. Currently, nine out of ten small businesses in Brazil utilize Pix,

and the volume of transactions is substantial. For example, on July 5th, 2024 alone, PIX transactions

amounted to BRL 119 billion, which is about 1% of annual GDP.5

2.1.1 Comparison to the US: Fedwire and FedNow

In the U.S., Fedwire has been the most commonly used RTGS for interbank payments before the

launch of FedNow in July 2023. Fedwire allows for bank discretion in payment timing, where a bank

may voluntarily delay submitting a payment order received from a customer. As a result, Fedwire can

be viewed as an analogy to the pre-Pix interbank payment system in Brazil.

The current landscape of instant payment systems features both RTP and FedNow. While RTP, a

private-sector service, has seen relative success in specific, mainly business-related services among

a subset of banks, FedNow, launched by the Federal Reserve, aims for broader accessibility to retail

bank customers. Comparatively, FedNow has yet to attain the extensive adoption observed in Brazil or

India. Despite FedNow becoming available to all banks in 2023 and enrolling 400 banks by January

2024, broad-based adoption, especially among the largest banks, remains limited. The decentralized

approach to adopting fast payment services in the U.S., without substantial regulatory directives,

contrasts with the strategies that fueled the rapid spread of Pix in Brazil. Nevertheless, the potential

3See here.
4The regulation refers to eligible accounts, i.e., savings, checking (demand deposits) and prepaid accounts, where pre-

paid accounts are only offered by payment institutions. PIX adoption by smaller participants is voluntary but widespread.
See more here.

5See here.
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for FedNow to reach wider adoption remains large, given the prevalent use of bank deposits as a

means of payment in the US.

2.2 Data

Our analysis draws on several regulatory datasets from the Brazilian Central Bank. First, we employ

transaction-level Pix data to quantify Pix usage at the bank level and to construct our timeout instru-

ment. For each transaction, we observe details such as timestamp, amount, and both the sending and

receiving banks. Importantly, failed transactions (timeouts) are also recorded, including indicators

identifying whether the timeout was due to the sending or receiving bank. We will use the data on

failed transactions to develop our instrument for Pix usage.

Second, we incorporate monthly bank balance sheet and income statement data from COSIF. We

use the conglomerate-level version to account for banks that manage loans and other assets through

specific subsidiaries within the conglomerate. Our sample comprises of commercial banks and credit

unions, as these institutions engage in both deposit-taking and lending.6

Together, these data provide a comprehensive view of the banking sector following Pix’s imple-

mentation. Our dataset spans January 2018 to March 2023, with the primary analysis focused on the

period from Pix’s implementation in November 2020 through March 2023. Table 1 presents summary

statistics of the main variables in our analysis.

Figure 1a plots the total assets and deposits of adopting banks during our sample period and

shows a steady growth trend both before and after the implementation of Pix in November 2020. This

pattern confirms that there were no significant discontinuities in overall bank size coinciding with

Pix adoption. The only noticeable jump in assets occurred in early 2020 due to stimulus measures

during the Covid-19 crisis, but levels stabilized by late 2020. Figure 1b further shows that the assets

of adopting banks accounted for 85% of total bank assets in the first month of adoption and remained

steadily between 85% and 88% throughout the sample period, confirming that Pix was widely adopted

right from the outset.

3 Stylized Facts

We first show several novel stylized facts about the variation in Pix usage and the banking sector’s

response.

6We do not include payment institutions because they have a different asset composition and are not engaged in
lending.
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We begin by documenting several novel facts on the adoption of Pix and the banking sector’s

response. Specifically, we show (i) how Pix usage varies substantially across banks and proxies for

the loss of their ability to net payment flows, (ii) how banks adjust their liability and asset structures

in response to Pix, and (iii) how banks’ lending portfolios and risk-taking evolve following Pix’s

implementation. These stylized facts illustrate the channels through which instant payments can af-

fect banks’ liquidity management and credit provision, and they provide motivating evidence for the

empirical analysis in Section 6.

3.1 Pix Usage and Payment Netting

Although the vast majority of banks in Brazil adopted Pix, their exposure to the adoption differed by

the extent to which their customers utilized Pix in making payments. We proxy for a bank’s exposure

to Pix using PixUsageit, which is the overlap between bank i’s daily gross Pix sent and received

summed over month t divided by its total assets in month t:

PixUsageit =

∑
d∈t min(Outflowsid, Inflowsid)

TotalAssetsit
. (3.1)

Pix usage thus represents a turnover ratio. Intuitively, the higher the Pix usage, the more actively a

bank’s customers send and receive instant payments and the more that bank could become exposed

to payment shocks from Pix. We do not consider the gap between Pix sent and received because that

may simply be part of general deposit growth at a bank, which is driven by many other factors not

directly related to the introduction of Pix.

Although the adoption of Pix was immediate and widespread, the extent to which adopting banks

utilized Pix payments displays significant cross-sectional variation. That is, banks differed in their

potential loss in nettable payments per unit asset size. To see this, we average Pix usage for each

bank over our sample period and plot the monthly average Pix usage for each quartile in Figure 2.

The figure reveals considerable heterogeneity in Pix usage levels across banks. By the end of the

sample period, the average Pix usage for banks in the highest quartile (Q4) exceeded 89.13%, while

the average Pix usage for banks in the lowest quartile (Q1) was only about 0.14%.

Economically, note that Pix usage also proxies for the loss in a bank’s capacity to net payment

flows. Prior to Pix, banks had the ability to delay incoming and outgoing payment requests until

the end of the business day under Pix’s predecessor, “Transferência Eletrônica Disponı́vel”. That is,

although the technology to transfer payments between banks itself was instant, banks could delay
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processing payment requests until the end of the day so that they can offset outgoing payments with

incoming payments within the same business day. This process is known as “netting,” where banks

could reduce their liquidity needs by only settling the net difference between gross inflows and out-

flows at the end of each day. On a given day, the overlap between a bank’s daily gross Pix sent and

received thus represents the payment flows that could have been netted out against each other with

end-of-day settlement under the previous payment system. With the introduction of Pix, banks ahve

to settle payments nstantaneously so they lose the ability to delay and net payments within the same

day. Pix usage thus reflects the maximum monthly loss of nettable payments per unit size. Higher Pix

usage then reflects higher vulnerability to payment shocks due to Pix. In Appendix A.1, we provide a

formal derivation showing that (3.1) precisely captures the amount of potential nettable payments per

unit of assets.

The ability to net payments is economically significant for banks. To see this, we first calculate

the ratio of nettable payments as a proportion of total payments for each bank i in month t:∑
d∈t min(Outflowsid, Inflowsid)

0.5
∑

d∈t(Outflowsid + Inflowsid)
. (3.2)

For example, if daily inflows are always equal to daily outflows in month t, then the ratio equals 1,

whereas if there are only daily inflows or only daily outflows in month t, the ratio equals 0. We then

plot the p25, p50, and p75 in Figure 3a and report the summary statistics in Table 2. We observe

that nettable payments vary across banks but are overall large. For the median bank in the median

month, up to 71.26% of Pix payments would have been nettable within a day in the absence of instant

payments. In other words, flow netting is lost for up to 71.26% of gross payment flows for the median

bank-month. For the p25 and p75 bank-month, the ratio of nettable payments is also significant at

27.01% and 85.49%, respectively.

We then calculate the ratio of nettable payments as a proportion of liquid assets for each bank i in

month t: ∑
d∈t min(Outflowsid, Inflowsid)

LiquidAssetsit
, (3.3)

where LiquidAssetsit include cash and government bonds. Then, we plot the p25, p50, and p75 in

Figure 3b and show the summary statistics in Table 2. From these results, we observe that nettable

payments are also economically significant relative to banks’ liquid asset buffers. For the median

bank in the median month, nettable payments make up 24.99% of its liquid assets. Taken together,

the relationship between nettable payments and banks’ liquid assets provides suggestive evidence that
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the loss of payment netting may use up a sizable portion of banks’ existing liquid assets. In other

words, outgoing payment shocks in the absence of payment netting may be large enough to influence

banks’ demand for liquid asset buffers.

In the remainder of this section, we show how banks’ liabilities, assets, and risk-taking in each

Pix usage quartile evolve following the introduction of Pix. We hypothesize that banks’ response to

the introduction of Pix should vary with Pix usage, i.e., the extent to which they are affected by the

loss of payment netting from instant payments. Of course, Pix usage is not randomly distributed and

banks with different Pix usage may have other observable and unobservable characteristics that affect

the outcome variables we examine. That is why the results in this section only serve as preliminary

evidence. In Section 6, we instrument for Pix usage and more formally estimate the causal effect of

instant payments on banks’ capacity for liquidity transformation and credit intermediation.

3.2 Deposit Structure

We begin by examining how the structure of deposit funding has evolved for banks in response to

Pix adoption. Only demandable deposits, including savings and checking deposits, can be directly

used for Pix payments without restrictions. In contrast, non-demandable deposits like time deposits

cannot be withdrawn before maturity without penalty. They must first be transferred to a checking

account before they can be used for Pix transactions. Consequently, we would expect that demandable

deposits become more appealing to customers with the availability of Pix.

Figure 4a shows the average ratio of demandable deposits for each Pix usage quartile. Banks

in the fourth quartile of Pix usage indeed experience a notably larger increase in their share of de-

mandable deposits compared to banks in lower quartiles. Figure 4b further confirms that the trend in

Figure 4a is mostly driven by checking deposits, especially for banks in the fourth quartile. Checking

deposits make up the majority of demandable deposits in Brazil. They allow for unrestricted, fre-

quent transactions, making them particularly attractive to Pix users who prioritize immediate access

to funds.

These results suggest that Pix usage is positively correlated with depositors’ shift toward more

liquid accounts. From the bank’s perspective, a rise in demandable deposits—particularly in check-

ing deposits—may introduce greater funding volatility. Since depositors can use these deposits to

make instant transfers, banks may face more frequent and unpredictable deposit outflows, potentially

impacting their liquidity management.
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3.3 Asset Composition

We proceed to examine how banks adjust their asset composition. In particular, we focus on banks’

liquid asset holdings, which includes cash, cash equivalents and government bonds. These assets can

be readily converted to cash to meet payment demands on short notice.

In Figure 5a, we observe that the ratio of liquid assets to total assets increases more significantly

for banks with higher Pix usage. Notably, this increase in liquid assets is primarily driven by a rise in

holdings of government bonds, as shown in Figure 5b. One likely interpretation is that government

bonds serve as liquid assets that banks can pledge in repo transactions, including with the BCB, or

sell on the secondary market when they face payment shocks. Banks with more Pix usage are more

exposed to payment shocks from the loss in payment netting. Their increased holding of government

bonds is thus consistent with a higher level of precautionary liquid buffers to manage payment shocks.

Banks’ holding of cash and cash equivalents shows no clear upward or downward trend after Pix’s

implementation, as seen in Figure 5c. Cash holdings represent a more dynamic component of liquidity

management. In the data, the level of cash depends not only on the ex-ante amount that is set aside

but also on how many outgoing and incoming payments have been made at any given time. In fact,

banks in the highest Pix usage quartile initially increase their cash holdings in anticipation of Pix’s

rollout and then experience significant volatility in their cash ratios post-implementation. This pattern

suggests that these banks initially set aside more cash in anticipation of Pix and subsequently draw on

their cash reserves to meet the more volatile payment demands after the introduction of Pix.

The rise in banks’ liquid asset holdings is indicative of their increased exposure to payment shocks

under Pix. At the same time, it also implies that Pix may be constraining the banking sector’s ability

to engage in liquidity transformation.

3.4 Bank Risk-Taking

While Pix usage is associated with a larger share of liquid assets on bank balance sheets, it may be

that the characteristics of banks’ illiquid assets are changing at the same time. We thus explore how

the riskiness of banks’ lending to the real economy has evolved with the implementation of Pix.

Figures 6a and 6b show the ratio of loans that are classified as prime and sub-prime over time,

respectively. We define prime loans as those classified by banks in the best scoring categories, AA

and A. We define subprime loans as the ones assigned categories B and C. All other, lower ranked

categories are considered in default.7

7These definitions follow local regulation ”Resolucao’ CMN 2,682/1999.
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Banks in the fourth quartile of Pix usage exhibit a notable decline in their prime loan ratio follow-

ing the implementation of Pix. In place of prime loans, these banks are taking on riskier sub-prime. In

contrast, banks in the first two quartiles of Pix usage increase their ratio of prime loans and decrease

their ratio of subprime loans over the same period. Banks in the third quartile maintained a relatively

stable prime loan ratio after the introduction of Pix. These results suggest that banks more exposed to

Pix usage extended riskier loans than banks less exposed to Pix usage.

The shift towards riskier lending practices by high Pix usage banks coincided with a rise in their

ratio of loan defaults. Figure 6c displays the average default loan ratio by Pix usage quartile. We

observe that defaulting loans at banks in the first two quartiles of Pix usage held steady or declined,

while defaulting loans at banks in the third quartile of Pix usage experienced a significant jump around

the end of 2021. The timing of the rise in loan defaults is consistent with defaults lagging behind the

initial extension of loans. While banks in the highest quartile do show an increase in default ratios, it

is more moderate.8

The economic connection between Pix usage and bank risk-taking may appear less direct. In

the model, we will show that the increase in risk-taking materializes exactly because of the afore-

mentioned increase in banks’ liquid asset holdings. While banks increase their liquid asset holdings

primarily to prepare for more volatile payment shocks, the liquid asset buffer they set aside also raises

their distance to default and thereby incentivizes risk-taking in the illiquid asset.

4 Model

In this section, we present a model to shed light on the effects of instant payments on bank liquidity

transformation and risk-taking. The goal of the model is to provide a framework that connects the

stylized facts presented in Section 3, and to guide the subsequent empirical analysis by illustrating the

economic mechanisms through which instant payments influence bank business models. For detailed

proofs, please refer to Appendix A.2.

4.1 Setup

Time is discrete, t = 0, 1, 2, ..., T − 1, T , with T ≥ 3. There are two banks, denoted as j ∈ 1, 2,

each operating in its own distinct market j. Each market hosts a continuum of risk-averse households,

details of which are elaborated below. There are two market-specific consumption goods, which are

8This trend is driven in part by several credit unions in Q4 which may not only prioritize profit maximization but also
have other mandates like member services and community support that influence their lending decisions.
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also indexed by j.

Each bank j is risk-neutral and funded through three types of liabilities: equity, demandable

deposits, and time deposits. To focus on the composition of deposits, we consider the equity ratio, η,

of the two banks as exogenous. Demandable deposits are available for use in payments at any date

1 ≤ t ≤ T − 1 and yield a normalized interest rate of 0 at T .9 Time deposits, on the other hand,

accrue a positive interest rate r > 0 which is realized at date T but cannot be used for payments

before maturity at T . We also assume that both demandable and time deposits are insured.10

At t = 0, the representative household is endowed with an initial wealth of $1 and makes invest-

ment decisions between demandable and time deposits. The household is assumed to be risk-averse

and has an intertemporal elasticity of substitution greater than one (i.e., IES > 1) as commonly seen

in the asset pricing literature (e.g., Nakamura and Steinsson, 2023).11 Specifically, her per-period

utility function satisfies u′(c) > 0, u′′(c) < 0, and u′(c) + cu′′(c) > 0. We assume that once in-

vested, time deposits cannot be converted into demandable deposits before the maturity date T , and

vice versa. She allocates α of her endowment to demandable deposits, which will be determined in

equilibrium.

From 1 ≤ t ≤ T − 1, households in each market j face idiosyncratic consumption shocks:

with probability πj,t, household i in market j has to consume at time t. For each market j, these

probabilities πj,t are i.i.d., and sum over time to
∑T−1

t=1 πj,t = 1. To focus on the implications of cross-

bank payments, we assume that under a consumption shock, households in market j must purchase the

consumption good −j produced in the other market, following Freixas, Parigi and Rochet (2000) and

Parlour, Rajan and Walden (2022). This transaction requires the withdrawal of demandable deposits

from bank j to buy good−j, resulting in a net payment request from bank j to bank−j at date t. This

setting captures the economic specialization and the resulting lack of a double coincidence of wants

across the two markets, which justifies the use of demandable deposits across banks as a means of

payment. Note that we abstract away from households in market j purchasing the consumption good

j within their own market because this transaction has no impact on cross-bank payments, and thus

9In Brazil, checking deposits do not accrue any interest, whereas the interest rates for savings accounts are regulated
by the Brazilian government and tied to the Selic rate, which is the overnight interest rate of the BCB.

10Savings, checking and time deposits in Brazil are insured by the Fundo Garantidor de Creditos (FGC). The coverage
by the FGC ensures that depositors are protected up to a certain amount, typically 250,000 Brazilian reals per depositor
per institution.

11Empirical estimates of the intertemporal elasticity of substitution (IES) range from 0 to 2. It is common in the asset
pricing literature to assume an IES greater than 1, as discussed by Nakamura and Steinsson (2023), because otherwise,
bad news about future growth would increase stock prices due to a strong income effect and an excessively strong desire
to save. We adopt this assumption for the same reason: to avoid a counterintuitive mechanism where faster payments
would increase household demand for savings deposits due to a similarly strong desire to save.
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modeling it would not change the insights of the model.

Also at t = 0, the equity holders of each bank j make investment decisions aimed at maximizing

the expected value of bank equity at t = T . The bank chooses its allocation to liquid assets, such as

cash or government bonds, x, allocation to illiquid, risky loans, y, and the riskiness of the loans, 1−p,

which we elaborate right below. The liquid asset yields a normalized gross return of 1 at any t, while

the loan offers a risky gross return of R̃ at T . Following Carletti, Leonello, and Marquez (2024), we

let

R̃ =

R(p)θ with probability p ,

0 with probability 1− p ,
(4.1)

where R(p) is decreasing in p and θ captures aggregate uncertainty that follows a standard uniform

distribution betweem [0, 1].12 Intuitively, when a bank takes more risk by choosing a lower p, the

loan is more likely to default, i.e., 1 − p increases, but yields higher realized returns in the absence

of default, i.e., R(p) increases. The baseline assumption that R(p) decreases in p is natural, since

otherwise taking more risk would unambiguously lower expected returns by lowering realized returns.

For simplicity, we assume that the credit risk associated with bank lending is not correlated with

payment shocks in the baseline model. As we will show, our results remain qualitatively robust when

this assumption is relaxed. The loan is also characterized by its illiquidity; only a fraction 1 − φ can

be recovered if it is liquidated before maturity, i.e., at any t ≤ T , where 0 < φ < 1. Although the

liquid asset can be easily carried over from one date to the next, the loan investment can only be made

at t = 0.

This assumption aligns with the classic notion of bank maturity transformation, which implies

that bank assets and liabilities typically have different durations. Similar assumptions have been

widely adopted in the literature. For example, Kashyap, Rajan and Stein (2002) assume that the risks

associated with deposit withdrawals and credit line drawdowns are not perfectly correlated.

We analyze symmetric equilibria and explore the equilibrium outcomes of banks’ demand for liq-

uid assets and risk-taking incentives under two types of payment systems, an instant payment system

and a traditional payment system. Under the instant payment system, banks are required to use the

liquid asset to settle any payment balance at any date t without delay. In contrast, under the tradi-

tional payment system, banks can delay settling the payment balance from date t by κ periods to date

τ = min{t + κ, T}, where 1 ≤ κ < T . To reflect the cost of delays to households, we assume that

12We assume a uniform distribution for simplicity but our qualitative results hold under more general distributions of
aggregate uncertainty.
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households derive a discounted consumption value of δκ per dollar processed with a delay of κ dates

at date t, where 0 < δ < 1.

4.2 Equilibrium Analysis: Instant vs. Traditional Payments

We first consider the equilibrium under the instant payment system. Specifically, bank j’s problem is

given by:

max
{xj,0;p}

E [Πj,T ] , (4.2)

where the date-T profit accrued to bank equity is given by

Πj,T = max{xj,T + pyj,TR︸ ︷︷ ︸
gross revenue

− (1− η)(1 + (1− α)r)︸ ︷︷ ︸
debt expenses

, 0} , (4.3)

subject to the law of motion for the liquid asset

xj,t+1 =

xj,t − α(1− η)(πj,t − π−j,t) if xj,t ≥ α(1− η)(πj,t − π−j,t) ,

0 if xj,t < α(1− η)(πj,t − π−j,t) ,
(4.4)

as well as that for the illiquid loan

yj,t+1 =

yj,t if xj,t ≥ α(1− η)(πj,t − π−j,t) ,

max{yj,t − α(1−η)(πj,t−π−j,t)−xj,t
1−φ , 0} if xj,t < α(1− η)(πj,t − π−j,t) .

(4.5)

(4.3) indicates that the bank remains solvent only if the gross revenue is sufficient to cover the expected

debt expenses; otherwise, the bank defaults at t = T and bank equity receives nothing. The law of

motion for the liquid asset (4.4) suggests that, without the ability to delay payment requests, the bank

must deploy its liquid assets to satisfy any net outgoing payment requests at t until the liquid assets

are depleted. Additionally, the law of motion for the illiquid asset (4.5) implies that the bank may

need to liquidate its illiquid assets prematurely at t to meet payment requests if it runs out of liquid

assets in that period.

At the same time, the problem for the representative household in market j is given by

max
{αj}

E

[∑
t

πj,tct

]
, (4.6)
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where

cj,t =

α if 1 ≤ t ≤ T − 1 ,

(1− α)(1 + r) if t = T .

(4.7)

(4.7) indicates that under a consumption shock, the instant payment system processes the household’s

payment from bank j to −j instantaneously. This allows the household to access the consumption

value of their demandable deposits immediately without delay. At the end, when t = T , households

also enjoy the principal and interest paid on their time deposits. Note that deposit insurance guarantees

the preservation of deposit values including both demandable and time deposits, regardless of whether

the bank defaults or not at any date t.

Under the traditional payment system, the problem faced by bank j is as follows:

max
{xj,0;p}

E [Πj,T ] , (4.8)

where the date-T bank profit accrued to bank equity is the same as that in (4.3) while subject to a

different law of motion for the liquid asset

xj,t+1 =


xj,t if t ≤ κ ,

xj,t − α(1− η)(πj,t−κ − π−j,t−κ) if t ≥ κ+ 1 and xj,t ≥ α(1− η)(πj,t − π−j,t) ,

0 if t ≥ κ+ 1 and xj,t < α(1− η)(πj,t − π−j,t) ,
(4.9)

and that for the illiquid loan

yj,t+1 =


yj,t if t ≤ κ ,

yj,t if t ≥ κ+ 1 and xj,t ≥ α(1− η)(πj,t − π−j,t) ,

max{yj,t − α(1−η)(πj,t−κ−π−j,t−κ)−xj,t
1−φ , 0} if t ≥ κ+ 1 and xj,t < α(1− η)(πj,t − π−j,t) .

(4.10)

Compared to the bank’s problem (4.2) under the instant payment system, the laws of motion (4.9) and

(4.10) indicate that the ability to delay payments under the traditional payment system allows the bank

to defer fulfilling households’ payment requests. This capability enables banks to net incoming and

outgoing payment flows over a period of κ periods as shown in (4.9). Additionally, the time buffer

created by the delay helps the bank to partially mitigate the illiquidity associated with the underly-

ing loans, as shown in (4.10). Moving forward, we demonstrate that these two effects significantly
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influence the bank’s portfolio choices, and subsequently, its profitability and risk-taking incentives.

The problem for the representative household in market j is now given by

max
{αj}

E

[∑
t

πj,tu(ct)

]
, (4.11)

where

cj,t =


δκα if 1 ≤ t ≤ T − κ ,

δT−tα if T − κ+ 1 ≤ t ≤ T − 1 ,

(1− α)(1 + r) if t = T .

(4.12)

Thus, (4.12) indicates that under a consumption shock, the traditional payment system may subject

the household’s payment from bank j to bank −j to potential delays, effectively discounting the

consumption value.

4.2.1 The Effect of Instant Payments on Bank Liquidity Transformation

We begin by examining how instant payments affect banks’ liquidity transformation. Specifically, we

consider both sides of the bank’s balance sheet: on the asset side, how much liquidity banks choose to

hold to support their liabilities, and on the liability side, how households allocate between demandable

and savings deposits.

Proposition 1 (Bank Liquidity Demand Effect). Suppose φ is sufficiently large and η is sufficiently

small. Then banks hold larger liquidity buffers under the instant payment system than under the

traditional payment system, i.e., x∗ins > x∗tra given any α > 0.

Proposition 1 implies that the instant payment system prompts banks to increase their liquid asset

holdings relative to the traditional payment system. This result is intuitive. Comparing the laws of

motion (4.4) and (4.9), we see that the requirement to process payments instantaneously eliminates

banks’ ability to net incoming and outgoing payments. Without the ability to net payment flows,

banks become more exposed to payment shocks. Further, comparing (4.5) and (4.10), we find that

instant payments raise banks’ exposure to liquidity risk, as they are more likely to be forced to liqui-

date illiquid assets prematurely. In response, banks optimally choose to hold larger liquidity buffers,

increasing the demand for liquid assets by banks. In other words, instant payment systems may render

the banking system narrower and less engaged in liquidity transformation than under the traditional

payment system.
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Proposition 2 (Deposit Payment Convenience Effect). Households demand more demandable de-

posits under the instant payment system than under the traditional payment system, i.e., α∗ins > α∗tra

given any x > 0 and p > 0.

Proposition 2 highlights that households increase their demand for demandable deposits under

the instant payment system, taking banks’ assets as given. Intuitively, instant payments enhance the

relative payment convenience of demandable deposits by increasing the marginal consumption value

per unit deposit. When the intertemporal elasticity of substitution is sufficiently large as specified in

the model, this substitution effect dominates the income effect, leading households to allocate more

toward demandable deposits to better facilitate consumption.

It is important to note that banks’ increased demand for liquid assets in Proposition 1 is not caused

directly by the increase in demandable deposits in Proposition 2. Rather, in Proposition 1, banks are

incentivized to set aside more liquid assets under instant payments in order to prepare for liquidity

shocks that arise once they can no longer delay outgoing payments to net them against incoming

ones. While the improvement in payment convenience and households’ increased use of demandable

deposits may further raise banks’ liquid asset holdings, the direct first-order effect of instant payments

on banks’ liquidity demand comes from the loss of netting ability.

4.2.2 The Effect of Instant Payments on Bank Risk-Taking

Next, we examine how instant payments affect banks’ risk-taking behavior.

Proposition 3 (Bank Risk-Taking Effect: Liquidity Channel). The banks choose riskier loans under

the instant payment system compared to the traditional payment system, i.e., p∗ins < p∗tra. Particularly,

the difference p∗tra − p∗ins increases as bank equity ratio η decreases.

Proposition 3 implies that banks originate riskier loans that are more likely to default under the

instant payment system compared to the traditional payment system. We refer to this result as the

risk-taking effect, which stems from Proposition 1 and the underlying liquidity demand mechanism.

To better understand the drivers of the risk-taking effect, we first express the bank’s problem of

optimal risk-taking under a terminal portfolio of (x, 1− x):

max
p
E [x+ (1− x)pR(p)θ − (1− η)(1 + (1 + α)r)|x+ (1− x)R(p)θ − (1 + (1 + α)r) > 0] ,

(4.13)
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where the expectation is taken over θ. We then solve for the bank’s optimal risk-taking decision

p∗ = R−1

(
D − x
1− x

)
, (4.14)

where debt obligations D are

D = (1− η)(1 + (1 + α)r).

Intuitively, bank equity retains residual claims of the bank subject to a limited liability constraint.

Bank equity is only penalized in the event of a loan default if the bank faces a significant liquidity

shortfall. As Proposition 1 implies, the increased liquid asset holdings under instant payments provide

a larger buffer against default. When payment shocks are not correlated with credit risks, larger liquid

asset holdings increase the bank’s distance to default and reduces the sensitivity of bankers’ payoffs

to downside risks. Consequently, bank equity optimally takes more risk under the instant payment

system, as shown in (4.14) which is decreasing in x.

Further, note that the extent of the risk-taking effect depends on the severity of agency frictions.

Specifically, risk taking is amplified when banks’ equity ratio is lower and they face stronger conflicts

between debt and equity holders. This is also evident from (4.14) , where p∗ is increasing in bank

equity η.

It is worth noting how the liquidity channel of risk-taking relates to the assumption that payment

shocks are not correlated with credit risks. This assumption effectively allows the bank to consider its

liquidity holdings and risk-taking choices sequentially, where endogenously higher liquidity buffers

lead to endogenously greater risk-taking. Mathematically, Proposition 3 follows by linking the bank’s

problem in (4.13) to its initial portfolio decisions and observing that the bank effectively chooses x∗

and p∗ in sequence. In Appendix A.3, we show that our results remain qualitatively robust when the

assumption is relaxed to allow for some, but not perfect, correlation between credit risk and liquidity

shocks. In practice, perfect correlation is unlikely because the factors that drive depositors’ short-term

payment needs differ from those that determine borrowers’ long-term investment outcomes. More-

over, payment shocks realize at much higher frequencies compared to lending decisions, particularly

in the context of instant payments.

4.2.3 The Effect of Instant Payments on Bank Income

So far, we have established that instant payments encourage banks to hold more liquid assets, lend

less, yet simultaneously take more risk in lending. In this section, we further examine how these
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changes in bank balance sheets affect bank income. Understanding how various measures of bank

income are affected, and the conditions under which they rise or fall, offers important insights into

how instant payments shape bank business models. Our predictions on how income measures should

change with instant payments also help guide our later empirical analysis in confirming the liquidity

channel of bank risk-taking.

We first define several bank income measures:

Definition 1 (Bank Income Measures). We define the following measures of bank income:

(i). Loan income per lunit oan: Γl = (1−x)pR(p)
1−x = pR(p) ;

(ii). Liquid asset income per unit asset: Γx = x
x+(1−x)

= x ;

(iii). Loan income per unit asset: Γo = (1−x)pR(p)
x+(1−x)

= (1− x)pR(p) ;

(iv). Asset income per unit asset: Γa = x+(1−x)pR(p)
x+(1−x)

= x+ (1− x)pR(p) .

The first measure, loan income per unit loan, Γl, captures the expected return per dollar initially

lent in risky loans, reflecting the risk premium from risky lending. The second measure, liquid asset

income per unit of bank assets, Γx, is simply equal to x in our framework. The third measure, loan

income per unit asset, Γo, captures the expected loan return per unit of bank assets and reflects the

contribution of risky lending to the bank’s overall portfolio return. Finally, total income per unit asset,

Γa, captures the total expected return per unit of bank assets, incorporating returns from both liquid

assets and loans.

Before proceeding, we highlight an important distinction between the first two and the last two

measures. The first two measures, Γl and Γx, pertain to either risk-taking p or liquidity holdings x,

but not both. In contrast, the last two measures, Γo and Γa, depend on both p and x, and are therefore

shaped by the equilibrium relationship between risk-taking and liquidity holdings that is central to

the liquidity-driven risk-taking mechanism described in Proposition 3. Hence, the effect of instant

payments depend on how the various economic forces play out in equilibrium and may differ across

income measures.

We now formally characterize the effect of instant payments on each bank income measure:

Proposition 4 (Bank Income). Under Definition 1, the following results hold:

(i). Loan income per unit loan is higher under the instant payment system, i.e., Γ∗l,ins ≥ Γ∗l,tra, if

pR(p) is decreasing in p, and, equivalently,

−R′(p) ≥ R(p)

p
. (4.15)
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(ii). Liquid asset income per unit asset is higher under the instant payment system, i.e., Γ∗x,ins >

Γ∗x,tra.

(iii). Loan income per unit asset is lower under the instant payment system, i.e., Γ∗o,ins < Γ∗o,tra.

(iv). Asset income per unit asset is higher under the instant payment system, i.e., Γ∗a,ins ≥ Γ∗a,tra, if

R(p) satisfies

−R′(p) ≥ R(p) (R(p)− 1)

1− p
. (4.16)

Proposition 4 offers new insights into how instant payments affect bank income measures. First,

part (i) shows that loan income per unit loan, Γl, improves with instant payments if riskier loans yield

higher expected lending returns. Recall that riskier loans have a higher default probability but generate

higher realized returns when they do not default. For riskier loans to also have higher expected returns,

the condition in part (i) requires the marginal lending return from risk-taking to be sufficiently high

to exceed the average return per unit of risk-taking.

Second, part (ii) shows that liquid asset income per unit asset, Γx, is unambiguously higher under

the instant payment system. This result follows directly from Proposition 1, which states that banks

increase their liquid asset holdings under instant payments to compensate for the lost ability to delay

and net payment flows.

Importantly, part (iii) shows that loan income per unit asset, Γo, is unambiguously lower under the

instant payment system. To understand this subtle result, note that the effect of instant payements on

Γo = (1− x)Γl hinges on two counteracting forces—changes in the liquid asset share x and the loan

income per unit loan Γl. On the one hand, a higher liquid asset share, x, unambiguously decreases Γo.

On the other hand, loan income per unit loan increases if condition (4.15) holds, which increases Γo.

One might therefore expect the effect on Γo to depend on which of the two forces dominates.

However, the liquidity channel of risk-taking underlying Proposition 3, which pins down the

equilibrium relationship between liquidity holdings x and risk-taking p, offers a sharper prediction.

Specifically, (4.14) implies that

Γo = (1− x)pR(p) = (D − x)p , (4.17)

in which both (D − x) and p decrease under instant payments, as shown in Propositions 1 and 3,

respectively. As a result, Γo is unambigeously lower with instant payments.

To better understand this result, note that the agency problem between debt and equity implies

that bank equity chooses an equilibrium level of risk such that, when the risky project succeeds in the
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best aggregate state of the world, the realized bank cash flow just meets its debt obligations:

x+ (1− x)R(p) = D . (4.18)

In any state worse than the best, bank equity does not internalize the externality of its risk-taking on

debt holders. This leads to condition (4.17). In other words, bank equity takes risk precisely to the

point where the expected loan income covers the expected repayment shortfall (D − x)p in the best

aggregate state of the world. Because the expected repayment shortfall declines as x increases and p

decreases with instant payments, the expected loan income per unit asset, Γo, must also decrease with

instant payments.

Finally, part (iv) suggests that instant payments can improve overall bank performance as mea-

sured by asset income per unit asset, Γa, if the marginal realized return from risk-taking is sufficiently

high. Intuitively, the larger share of liquid assets and the smaller share of loans under instant payments

exert a negative effect on Γa. At the same time, increased risk-taking may raise expected loan returns,

which has a positive effect on Γa. If the increase in expected returns from riskier loans is large enough

to offset the higher share of liquid assets with lower returns, then instant payments will also improve

total asset income per unit asset.

4.2.4 Lending Technology Improvement, Risk Taking, and Lending Outcomes

So far, we have established that instant payments encourage bank risk-taking through the liquidity

channel. However, instant payments also bring about increased payment activity that may enhance

banks’ capacity for loan screening and monitoring (e.g., Berlin and Mester, 1999, Norden and Weber,

2010, Puri, Rocholl, and Steffen, 2017). In this section, we account for the possibility that payment

processing may enhance banks’ lending outcome to shed light on the net effect of instant payments

on bank risk taking.

We augment our baseline model by letting the lending return function R(p) depend on the total

payments processed by bank j between 1 ≤ t ≤ T , Zj , which is determined in equilibrium. Specifi-

cally, we assume that R(p, λZ) is decreasing in p as in the baseline model and increasing in λZ. The

parameter λ ≥ 0 governs the extent to which payment processing improves lending outcomes, with

loan returns benefiting more from payment-enhanced screening and monitoring when λ is higher.

We also assume that R(p, λZ) satisfies the single-crossing property in (p, λZ). This assump-

tion imposes minimal structure for tractability while leaving the flexibility to capture various ways in

which payment processing enhances lending outcomes. In particular, it allows for complementarity
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between the informational benefits from payment processing and risk-taking, where payment process-

ing can increase the marginal benefit of risk-taking in boosting realized lending returns. For example,

R(p, λZ) = R2(λZ)/p accomodates the possibility that the complementarity is particularly large for

the risky segments of lending, that is, when p is small.13 Alternatively, informational benefits can also

increase realized lending returns independently of risk-taking as in R(p, λZ) = R1(p) +R2(λZ).

Under this extended model, we have the following result:

Proposition 5 (Bank Risk-Taking Effect Revisited: Liquidity versus Technology Channels). There

exists λ∗ ∈ (0,+∞] such that banks choose riskier loans under the instant payment system compared

to the traditional payment system, i.e., p∗ins < p∗tra if and only if λ < λ∗. Moreover, if λ∗ < +∞, then

λ∗ increases as bank equity η decreases.

In words, Proposition 5 states that instant payments increase the riskiness of bank loans, as high-

lighted in Proposition 3, as long as the technology benefits from payment processing are not too

strong. To see the intuition, note that the equilibrium condition for bank risk-taking in Proposition 3

naturally extends to

p∗ = R−1

(
D − x
1− x

, λZ

)
, (4.19)

where p∗ still decreases in x, reflecting the liquidity channel described earlier, but now also increases

in λZ, capturing the technology channel. When banks process more payments under the instant pay-

ment system than in the traditional system, the resulting enhancement in lending technology enables

them to earn a higher realized loan return for any given level of risk-taking. This improvement in

expected loan returns reduces banks’ incentive to gamble for higher realized returns by choosing

riskier loans, all else equal, because greater risk-taking increases the probability of loan default that

could wipe out bank equity. In equilibrium, the reduced incentive for risk-taking from the technology

channel counteracts the increased incentive to take risk due to the liquidity channel, and the net effect

depends on the relative strength of these two forces.

Proposition 5 highlights that the liquidity channel dominates unless the technology channel is

sufficiently strong, as captured by a large enough value of λ. Proposition 5 also reveals that the cutoff

value for λ, if it exists, decreases in bank equity η. Intuitively, with more pronounced agency conflicts

under a smaller η, the liquidity channel is amplified and requires a stronger technology channel to

offset it. It is also worth noting that the cutoff λ∗ may not exist at all, in which case the liquidity

channel always dominates the technology channel of risk-taking. Taken together, the effect of instant
13More generally, complementarity can be captured by a simple multiplicative form R(p, λZ) = R1(p)R2(λZ), where

R1(p) > 0, R2(λZ) > 0, R′
1(p) < 0, and R′

2(λZ) > 0, which satisfies the single-crossing property.
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payments on risk-taking is context-dependent, with risk-taking more likely to increase when banks

are poorly capitalized and the benefits from payment processing for loan returns are more limited.

5 Estimation Strategy

In this section, we explain our empirical approach in estimating the impact of Pix adoption on banks’

deposit funding structure, asset composition, and risk-taking behavior.

To estimate the effects of Pix usage on various outcomes, we consider the following baseline

specification:

OutcomeV arit = βPixUsageit + Controlsit + ηi + ωt + εit, (5.1)

where PixUsageit captures banks’ loss of payment netting due to Pix, as defined in Equation (3.1).

We control for banks’ time-varying asset size, capital, and number of branches. We further include

time fixed effects (ωt) to control for aggregate shocks and bank fixed effects (ηi) to account for un-

observed bank-specific characteristics. All right-hand-side variables are standardized to have a unit

standard deviation. The sample period ranges from November 2020 to March 2023. Robust standard

errors clustered by bank are used throughout.

Although (5.1) controls for bank characteristics and fixed effects, readers may still worry that there

are other unobserved bank characteristics that simultaneously affect banks’ Pix usage and the compo-

sition of their balance sheets over time. Thus, we further adopt an instrumental variable approach to

isolate plausibly exogenous variation in Pix usage.

Our instrument leverages the insight that Pix’s attractiveness relies on Pix payments being success-

fully sent by the sending bank and then successfully received by the receiving bank without delay. If

either bank fails to process the payment within a specified timeframe, the payment attempt is unsuc-

cessful and marked as a “timeout” by the Pix system. In the event of a timeout, the sender is notified

and prompted to retry the payment later. Even if successful on a later attempt, the instantaneous and

convenient feature of Pix payments is lost to both the sender and receiver. Therefore, banks with

more timeouts should have lower Pix usage not only because failed transactions directly reduce Pix

usage, but also because, more importantly, frequent timeouts make Pix less attractive to customers

and thereby reduce their adoption of the system.

We use variation in timeouts to construct our instrument. What drives the variation in timeouts?

Our conversations with the Pix operations team at the BCB reveal that timeouts are, for the most part,

driven by technical and communication errors in banks’ payment interface, including proprietary apps
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used to initiate the Pix, unrelated to customer or bank strategies. Nevertheless, the speed at which

banks can resolve these errors varies. For example, banks with larger and more skilled IT teams may

more promptly address instabilities.

One may still worry that the exlcusion restriction is violated because a bank’s own timeouts are

correlated with bank characteristics that affect both its Pix usage and balance sheet characteristics

over time. To address this concern, we construct our timeout instrument for a given bank i in month t,

Timeoutit, only using variation in timeouts induced by other banks j 6= i. This includes timeouts by

receiving banks if bank i is the sending bank and timeouts by sending banks if bank i is the receiving

bank in the transaction. In both cases, the attractiveness of bank i’s Pix service is lowered so that bank

i’s customers are less inclined to use Pix relative to other forms of payments, which reduces bank i’s

equilibrium level of Pix usage. However, because these timeouts arise from counterparty banks rather

than from bank i’s own operations, bank i cannot directly control or mitigate them. Also, note that

these counterparty banks are not actively chosen by bank i to transact with itself. Rather, banks i’s

exposure to timeouts at different counterparty banks depends on the time-varying payment flows that

bank i’s customers receive from and send to customers at counterparty banks at each point in time.

This design helps to ensure that our instrument is exogenous to bank i’s unobservable characteristics

that may also influence its balance sheet decisions.

Formally, the timeout instrument for bank i in month t, Timeoutit, is constructed as the weighted

sum of passively induced timeout probabilities arising from the banks that send payments to i and the

banks that receive payments from i:

Timeoutit =
∑

j∈J,j 6=i

PixReceivedijt
PixReceivedit

SenderT imeoutij +
∑

j∈J,j 6=i

PixSentijt
PixSentit

ReceiverT imeoutij,

(5.2)

where PixReceivedijt is the amount of Pix payments received by bank i from bank j in month t,

PixReceivedit is the total amount of Pix payments received by bank i from all other bank js in

month t, and SenderT imeoutij is the proportion of payments received by bank i from bank j that

timed out due to the sending bank j. Similarly, PixSentijt is the amount of Pix payments sent by

bank i to bank j in month t, PixSentit is the total amount of Pix payments sent by bank i to all other

bank js in month t, and ReceiverT imeoutij is the proportion of payments sent by bank i to bank j

that timed out due to the receiver, bank j.

For our timeout instrument to be relevant, it must have a negative and statistically significant effect
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on Pix usage. We evaluate instrument relevance by estimating the following first-stage regression:

PixUsageit = γT imeoutit + Controlsit + ηi + ωt + εit, (5.3)

where we include the same set of controls and fixed effects as in our baseline specification before.

The first stage results are shown in Table 3. We see that higher probabilities of passive timeouts, i.e.,

a larger timeout instrument, indeed correspond to lower Pix usage. The coefficients are economically

significant and their statistical significance is generally above the 1% level. The specification is also

overall significant with F statistics ranging between 59.9 and 70.0.

Figure 7 further illustrates this relationship by plotting the timeout instrument against Pix usage,

residualized by the same bank fixed effects, time fixed effects and controls as in equation (5.3). The

histogram shows the distribution of the residualized timeout instrument . The solid line represents a

local linear regression with a bandwidth of 0.005 and the shaded region denotes the 95% confidence

interval. The figure demonstrates a clear negative association between the timeout instrument and Pix

usage, reinforcing the instrument’s relevance. Specifically, cases with higher values of the timeout

instrument are linked to lower predicted Pix usage, consistent with the underlying mechanism that

Pix payment disruptions due to other banks reduce a given bank’s Pix usage.

From the first stage results, we obtain the predicted value of ̂PixUsageit. In the second stage, we

use these predicted values to instrument for PixUsageit in equation (5.1). That is, we estimate

OutcomeV arit = β ̂PixUsageit + Controlsit + ηi + ωt + εit. (5.4)

For the estimated coefficients from this second stage to provide plausibly causal estimates of the

effect of Pix usage on bank balance sheets, the instrument needs to satisfy the exclusion restriction.

The exlusion restriction requires that the timeout instrument impacts bank i’s balance sheet decisions

solely through its effect on Pix usage, with no direct influence through alternative channels. The main

rationale is that because we only use timeouts that arise from counterparty banks rather than from

bank i’s own operations, bank i cannot directly control or mitigate them. Further, the the payment

volumes with counterparty banks are not actively chosen by bank i but depend on the time-varying

payment flows that bank i’s customers receive from and send to customers at counterparty banks at

each point in time.

Although there is no direct test for the exclusion restriction, we provide supporting evidence by

showing how our timeout instrument varies with key observable covariates. If our timeout instrument
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captures quasi-exogenous variation, it should not systematically correlate with observable character-

istics of bank i. Specifically, for each characteristic of bank i, we estimate

Characteristicit = γT imeoutit + ηi + ωt + εit. (5.5)

Observable characteristics includes bank i’s own timeouts, total assets, core capital, number of

branches, number of service stations, and intangible assets. Bank i’s own timeouts is the propor-

tion of Pix payments initiated or received by bank i that fail due to bank i itself.

Figure 8 presents the coefficient estimates of γ along with their corresponding 95% and 99%

confidence intervals. The coefficients are small in magnitude, and their confidence intervals generally

overlap with zero, indicating that there is no statistically significant correlation between the instrument

and these observable covariates. Notably, our timeout instrument that captures bank i’s timeouts due

to its counterparty banks does not correlate with timeouts caused by bank i itself, which suggests that

our instrument is unlikely driven by technological similarities between bank counterparties.

6 Estimation Results

In this section, we present our empirical results testing the propositions and implications of the model

in Section 4. We focus on the IV estimates and show the corresponding OLS results in Appendix B.

Overall, our findings in this section are consistent with and corroborate our preliminary evidence in

Section 3 and our model predictions in Section 4.

6.1 Effect of Pix on Bank Liquidity Transformation

We first examine the effect of Pix on banks’ liquidity transformation. On the asset side, the results in

Table 4 validate our model’s predictions that instant payments increase banks’ liquid asset holdings

(Proposition 1). In the first two columns, the coefficients for Pix usage are positive and significant at

the 1% level, where a one-standard-deviation increase in Pix usage results in a 15.4 ppt increase in the

ratio of liquid assets. This increase is mainly driven by higher government bond holdings, as shown in

columns (5) and (6). The coefficient for cash holdings, while positive, is much smaller in magnitude.

These findings align with our earlier observations that banks with more Pix usage mainly set aside

government bonds as a buffer for potential future liquidity needs while actively using cash to meet the

more volatile payment shocks from Pix usage. These findings also confirm our model prediction that

banks choose to hold a larger ratio of liquid assets when instant payments remove their ability to net
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payments and expose them to more volatile funding shocks. Similarly, our model also predicts that

the ratio of illiquid assets falls. Indeed, columns (7) and (8) show that Pix usage leads to a lower ratio

of loans to bank assets in an economically and statistically significant way, which highlights the side

effect of instant payments in constraining banks’ capacity for liquidity transformation.

On the liability side, Table 5 presents our estimation results for the effect of Pix on bank deposit

ratios. The results in the first two columns show that Pix usage increases the proportion of demandable

deposits. The coefficients are statistically significant at 1%. This finding aligns with our model’s

prediction that the convenience of using demandable deposits for instant payments enhances their

attractiveness to depositors (Proposition 2). Most of the effect on demandable deposits comes from

checking deposits, as evident from the relative size and statistical significance of the coefficients for

checking deposits and savings deposits. This is in part because all banks have checking deposits in

Brazil, but only a fraction of banks have savings deposits, which reduces the available variation in the

ratio of savings deposits.

6.2 Effect of Pix on Bank Risk Taking

We then shed light on the effect of Pix usage on bank risk-taking. Consistent with Proposition 3 that

predicts more risk-taking with instant payment systems, we observe that Pix usage decreases the ratio

of prime loans and increases the ratio of sub-prime and default loans in Table 6. From the last two

columns, we also see that Pix usage increases the ratio of loan loss provisions, which is an ex-ante

measure of anticipated credit risk. This result indicates that banks anticipate higher credit risk and

set aside reserves for their riskier loan portfolios.The economic impact is significant: a one-standard-

deviation increase in Pix usage results in a 21.8 ppts decrease in the ratio of prime loans, which is

mostly accounted for by a 18.6 ppts increase in the ratio of sub-prime loans. A one-standard-deviation

increase in Pix usage also increases the ratio of default loans by 2.7 ppts.

Proposition 3 further predicts that banks’ risk-taking due to increased liquid asset holdings is

exacerbated when agency conflicts are more severe. To test this prediction, we use banks’ ex ante

capital ratios to proxy for the extent of agency conflict and assess how it influences the impact of Pix

on bank risk-taking. Specifically, we estimate

OutcomeV arit = β1
̂PixUsageit + β2

¤�PixUsageit ×HighCapRatioi +Controlsit + ηi + ωt + εit,

(6.1)

where HighCapRatioi is an indicator variable equal to 1 if a bank’s core capital-to-risk-weighted
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assets ratio before Pix adoption in October 2020 is above the median in our sample. Pix usage and the

interaction term PixUsageit × HighCapRatioi are instrumented using the timeout instrument and

its interaction with HighCapRatioi.

We present the second-stage (2SLS) results in Table 7, with the first-stage results with the new

interaction term being reported in Table 13 in the Appendix. From Table 7, we observe that the

coefficients on the interaction term PixUsageit ×HighCapRatioi are of the opposite sign as those

for PixUsageit for prime loan and sub-prime loan ratios. In other words, the impact of Pix on risk-

taking is amplified at less capitalized banks, which is consistent with the liquidity channel of bank

risk-taking being amplified by agency issues between bank equity and debt holders.

So far, our findings are consistent with the presence of the liquidity channel of risk-taking, which

implies that banks’ risk-taking incentives increase with instant payments. In addition to the liquidity

channel, our model also considers the possibility that instant payments may improve banks’ lending

outcomes through enhanced payment processing, which may be especially relevant for riskier loan

segments. This technology channel counteracts the liquidity channel and reduces the riskiness of

bank lending. Overall, our results in Table 6, which show that Pix usage increases the riskiness of

bank loans, coupled with the predictions in Proposition 5, imply that in the empirical context we

consider, the liquidity channel dominates the technology channel in terms of bank risk-taking.

Nevertheless, we acknowledge that the relative strength of the liquidity versus technology chan-

nels may vary across different contexts. As Proposition 5 shows, the technology channel is strength-

ened when lending outcomes benefit more from payment processing, while the liquidity channel is

weakened when agency conflicts are less severe. For example, in the context of India’s UPI, Alok,

Ghosh, Kulkarni, and Puri (2024) find that increased credit to underserved yet creditworthy borrowers

does not translate into higher default rates. Our model predictions help to rationalize these results,

suggesting that they may arise from two counteracting forces, the liquidity channel and the technol-

ogy channel, whose relative strength depends on the extent of agency issues and the sensitivity of

lending technology to payment processing. The agency friction between bank debt and equity is a

unique feature of our framework and has not been considered in prior theoretical studies examining

the synergy between payment processing and lending (e.g., Berlin and Mester, 1999, Ghosh, Vallee,

and Zeng, 2022).

The interplay between the liquidity and technology channels may also vary in the long run. If

banks become better at utilizing payment information in making loan decisions over time, lending

outcomes may be further improved as time goes on. At the same time, the strength of the liquidity
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channel is influenced by the extent of agency conflicts. Banks’ risk taking incentives may thus fluc-

tuate over the business cycle as bank equity buffers vary. The influence of instant payments on bank

lending outcomes should thus be continuously monitored and analyzed going forward.

6.3 Effect of Pix on Bank Income

We finally examine the effect of Pix on bank income. We start with banks’ loan outcomes in Table

8. Recall from Proposition 4 that the effect of risk-taking on loan outcomes depends on the efficiency

with which banks can generate returns from riskier loans. From columns (1) and (2) of Table 8,

we observe that Pix usage significantly increases loan income per unit loan, suggesting that banks’

lending technology is sufficiently strong to generate higher expected returns per unit loan following

the introduction of instant payments. This implies that condition (i) of Proposition 4 is satisfied. In

terms of magnitude, a one-standard-deviation increase in Pix usage leads to an increase of about 2.75

ppts in loan income per unit loan.

While the increase in loan income per unit loan from Pix has a positive effect on loan income

per unit asset, Pix also exerts a negative effect on loan income per unit asset, as shown in columns

(3) and (4) of Table 8. Recall that Pix raises the portfolio share of lower-yielding liquid assets, as

documented in Table 4. On net, our model unambiguously predicts that this portfolio share effect

dominates the increase in loan income per unit loan, leading to lower loan income per unit asset, as

established in part (iii) of Proposition 4. Empirically, we find that Pix usage indeed reduces loan

income per unit asset, lowering it by about 0.17 ppts for a one-standard-deviation increase in Pix

usage. This finding supports our proposed mechanism in Proposition 3 that instant payments amplify

bank risk-taking through increased liquid asset holdings and agency issues. It also underscores that

the improved return on riskier lending does not compensate for the smaller share of loans on bank

balance sheets following the introduction of Pix.

We then ask how Pix affects banks’ total income. Overall, total income per unit asset increases, as

evident from columns (1) and (2) of Table 9. Through the lens of our model, this result arises because

the increase in expected returns from riskier loans more than offsets the higher share of liquid assets

with relatively lower returns, so that condition (iv) in Proposition 4 is satisfied. Note that the higher

share of liquid assets with Pix is consistent with Pix usage increasing income from government bonds

per unit asset, as shown in columns (3) and (4) of Table 9 and as predicted in part (ii) of Proposition 4.

In practice, total income also includes service fee income and wholesale lending income in addition

to loan and liquid asset income. Columns (5) through (8) show that service fee income per unit asset
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increases, while wholesale lending income per unit asset slightly decreases with Pix usage. Intuitively,

Pix may increase service fee income by attracting a larger number of investors to open bank accounts

that generate account fees.14 Therefore, banks’ total income-to-asset ratio improves with Pix usage

because higher expected loan returns and service fee income dominate the smaller share of loans and

the decreased income from wholesale lending.

Taken together, our findings in this section show that risk-taking induced by Pix effectively en-

hances banks’ loan income per unit loan. However, this increase is not sufficient to raise loan income

per unit asset but does suffice to increase total income per unit asset, which lends further support to

our proposed mechanism that risk taking is partly driven by banks increased holdings of liquid assets

and the underlying agency issues.

7 Conclusion

Using novel data from Brazil’s Pix, we show that the introduction of instant payments has important

implications for the banking system. While instant payments allow depositors to transfer funds with-

out delay, it is precisely the inability to delay payments that subjects banks to unexpected payment

shocks and a more volatile deposit funding base. In response, banks increase their holdings of liquid

asset buffers, while becoming more reluctant to lend to the real economy. Higher levels of liquid asset

buffers, however, also trigger banks to take on more risk in their lending decisions.

Taken together, our findings highlight that in addition to the many benefits of instant payments

to consumers, another consequence may be a riskier banking sector that is less engaged in liquidity

transformation. Regulators should pay close attention to these potential side effects when introducing

instant payment systems going forward.

14Using Pix is free for households and of minimal cost for businesses. However, using Pix requires opening a bank
account and paying the corresponding account fees, which are called “package fees” in the Brazilian context. These
account fees contribute to the increase in service fee income.
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DANG, TRI VI, GARY GORTON, BENGT HOLMSTRÖM and GUILLERMO ORDOÑEZ (2017). “Banks as Secret

Keepers.” American Economic Review, 107: 1005-1029.

DIAMOND, DOUGLAS and PHILIP DYBVIG (1983). “Bank Runs, Deposit Insurance, and Liquidity.” Journal

of Political Economy, 91: 401-419.

DIAMOND, DOUGLAS and RAGHURAM RAJAN (2006). “Money in a Theory of Banking.” American Economic

Review, 96: 30-53.

DIAMOND, DOUGLAS W., YUNZHI HU, and RAGHURAM G. RAJAN (2020). “Pledgeability, Industry Liquid-

ity, and Financing Cycles.” The Journal of Finance, 75(1): 419-461.

DONALDSON, JASON, GIORGIA PIACENTINO, and ANJAN THAKOR (2018). “Warehouse Banking.” Journal

of Financial Economics, 129: 250-267.

DRECHSLER, ITAMAR, ALEXI SAVOV and PHILIPP SCHNABL (2017). “The Deposits Channel of Monetary

Policy.” Quarterly Journal of Economics, 132: 1819-1876.

DUBEY, TAMANNA and AMIYATOSH PURNANANDAM (2023). “Can Cashless Payments Spur Economic

Growth?” Working Paper.

37



DUFFIE, DARRELL (2019). “Digital Currencies and Fast Payment Systems: Disruption is Coming.” Asian

Monetary Policy Forum.

EGAN, MARK, STEFAN LEWELLEN, and ADI SUNDERAM (2022). “The cross-section of bank value.” The

Review of Financial Studies, 35(5): 2101–2143.

EGAN, MARK, ALI HORTACSU and GREGOR MATVOS (2017). “Deposit competition and financial fragility:

Evidence from the US banking sector.” American Economic Review, 107: 169-216.

EREL, ISIL, JACK LIEBERSOHN, CONSTANTINE YANNELIS, and SAMUEL EARNEST (2023). “Monetary

Policy Transmission Through Online Banks.” Working Paper.

FREIXAS, XAVIER, BRUNO PARIGI, and JEAN-CHARLES ROCHET (2000). “Systemic Risk, Interbank Rela-

tions, and Liquidity Provision by the Central Bank.” Journal of Money, Credit and Banking, 32: 611-638.

Information.”

GALE, DOUGLAS and TANJU YORULMAZER (2013). “Liquidity Hoarding.” Theoretical Economics, 8: 291-

324.

GHOSH, PULAK, BORIS VALLEE, and YAO ZENG (2022). “FinTech Lending and Cashless Payment.” Journal

of Finance, forthcoming.

GOLDSTEIN, ITAY and ADY PAUZNER (2005). “Demand Deposit Contracts and the Probability of Bank Runs.”

Journal of Finance, 60: 1293-1328.

HANSON, SAMUEL, ANDREI SHLEIFER, JEREMY C. STEIN, and ROBERT W. VISHNY (2015). “Banks as

patient fixed-income investors.” Journal of Financial Economics, 117(3).

HEIDER, FLORIAN, MARIE HOEROVA, and CORNELIA HOLTHAUSEN (2015). “Liquidity Hoarding and In-

terbank Market Rates: The Role of Counterparty Risk.” Journal of Financial Economics, 118: 336-354.

HIGGINS, SEAN (2020). “Financial Technology Adoption.” American Economic Review, forthcoming.

IYER, RAJKAMAL, JOSE-LUIS PEYDRO, SAMUEL DA-ROCHA-LOPES, and ANTOINETTE SCHOAR (2014).

“Interbank liquidity crunch and the firm credit crunch: Evidence from the 2007–2009 crisis.” Review of

Financial Studies, 27: 347-372.

JACK, WILLIAM and TAVNEET SURI (2014). “Risk Sharing and Transactions Costs: Evidence from Kenya’s

Mobile Money Revolution.” American Economic Review, 104: 183-223.

JERMANN, URBAN and HAOTIAN XIANG (2023). “Dynamic banking with non-maturing deposits.” Journal

of Economic Theory, 209: 1056-1044.

38



JIANG, ERICA XUEWEI, GLORIA YU, and JINYUAN ZHANG (2023). “Bank Competition Amid Digital Dis-

ruption: Implications for Financial Inclusion.” Working Paper.

KAHN, CHARLES and WILLIAM ROBERDS (2009). “Why Pay? An Introduction to Payments Economics.”

Journal of Financial Intermediation, 18: 1-23.

KASHYAP, ANIL, RAGHURAM RAJAN and JEREMY STEIN (2002). “An Explanation for the Coexistence of

Lending and Deposit Taking.” Journal of Finance, 57: 33-73.

KOONT, NAZ (2023). “The Digital Banking Revolution: Effects on Competition and Stability.” Working Paper.

KOONT, NAZ, TANO SANTOS, and LUIGI ZINGALES (2023). “Destabilizing Digital ’Bank Walks.’” Working

Paper.

LIANG, PAULINE , MATHEUS SAMPAIO, and SERGEY SARKISYAN (2024). “Digital Payments and Monetary

Policy Transmission.” Working Paper.

LI, YE and YI LI (2021). “Payment Risk and Bank Lending.” Working Paper.

LI, YE, YI LI (2023), and HUIJIN SUN. “The Network Structure of Money Multiplier.” Working Paper.

LOPEZ-SALIDO, DAVID and ANNETTE VISSING-JORGENSEN (2023). “Reserve Demand, Interest Rate Con-

trol, and Quantitative Tightening.” Working Paper.

MCANDREWS, JAMES and SIMON POTTER (2002). “Liquidity Effects of the Events of September 11, 2001.”

Federal Reserve Bank of New York Economic Policy Review, 8: 59-79.

MURALIDHARAN, KARTHIK, PAUL NIEHAUS, and SANDIP SUKHTANKAR (2016). “Building State Capacity:

Evidence from Biometric Smartcards in India.” American Economic Review 106: 2895-2929.

NAKAMURA, EMI and JON STEINSSON (2023). “Estimation of the Intertemporal Elasticity of Substitution.”

Unpublished Teaching Materials.

NORDEN, LARS and MARTIN WEBER (2010). Credit Line Usage, Checking Account Activity, and Default

Risk of Bank Borrowers. Review of Financial Studies 23: 3665-3699.

PARLOUR, CHRISTINE, UDAY RAJAN, and JOHAN WALDEN (2022). “Payment System Externalities.” Journal

of Finance 77: 1019-1053.

PARLOUR, CHRISTINE, UDAY RAJAN, and HAOXIANG ZHU (2022). “When Fintech Competes for Payment

Flows.” Review of Financial Studies, 5(11): 4985-5024.

39



PIAZZESI, MONIKA, CIARAN ROGERS and MARTIN SCHNEIDER (2021). “Money and Banking in a New

Keynesian Model.” Working Paper.

PIAZZESI, MONIKA and MARTIN SCHNEIDER (2021). “Payments, Credit and Asset Prices.” Working Paper.

PURI, MANJU, JORG ROCHOLL and SASCHA STEFFEN (2017). What Do A Million Observations Have to Say

About Loan Defaults? Opening the Black Box of Relationships. Journal of Financial Intermediation 31:

1-15.

SARKISYAN, SERGEY (2023). “Instant Payment Systems and Competition for Deposits.” Working Paper.

STEINSSON, JÓN (2023a). “Money, Inflation, and Output: A Quantity-Theoretic Introduction.” Chapter 13,

Lectures in Macroeconomics.
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A Figures and Tables

Figure 1: Assets and Deposits of Pix-Adopting Banks

Panel (a) plots the total assets and deposits (in billions of BRL) of Pix-adopting banks from 2018 to
2023. The green dashed line marks the introduction of Pix in November 2020. Panel (b) shows the
share of assets at Pix-adopting banks relative to all banks from November 2020 to March 2023.
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Figure 2: Pix Usage by Quantile

This figure shows the average Pix usage for each Pix usage quartile over time. Pix usage is defined in
Equation (3.1). Pix usage quartiles are defined by the mean Pix usage of each bank over the sample
period.
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Figure 3: Nettable Payments Ratios

This figure shows the p25, p50, and p75 of monthly average of nettable payment ratios from Novem-
ber 2020 to March 2023. Panel (a) shows the ratio of nettable payments over all payments as defined
in Equation (??). Panel (b) shows the ratio of nettable payments over liquid assets as defined in
Equation (3.3).
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Figure 4: Deposits Ratios by Pix Usage

Panel (a) shows the average ratio of demandable deposits to total bank assets for each Pix usage
quartile over time. Demandable deposits are comprised of savings and checking deposits. Panel (b)
shows the average ratio of checkings deposits to total bank assets for each Pix usage quartile over
time. Pix usage quartiles are defined by the mean Pix usage of each bank over the sample period.
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Figure 5: Liquid Assets Ratios by Pix Usage

Panel (a) shows the average ratio of liquid assets to total bank assets for each Pix usage quartile over
time. Liquid assets are comprised of cash and government bonds. Panel (b) shows the average ratio
of government bonds to total bank assets for each Pix usage quartile over time. Panel (c) shows the
average ratio of cash to total bank assets for each Pix usage quartile over time. Pix usage quartiles are
defined by the mean Pix usage of each bank over the sample period.
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Figure 6: Prime, Subprime, and Default Loan Ratios by Pix Usage

Panel (a) shows the average ratio of prime loans to total loans for each Pix usage quartile over time.
Panel (b) shows the average ratio of sub-prime loans to total loans for each Pix usage quartile over
time. Panel (c) shows the average ratio of default loans to bank total loans for each Pix usage quartile
over time. Pix usage quartiles are defined by the mean Pix usage of each bank over the sample period.
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Figure 7: Variation in the Timeout Instrument and Pix Usage

This figure shows the distribution of the timeout instrument against Pix usage. Both the instrument
and Pix usaged are residualized by bank fixed effects, time fixed effects and controls. The histogram
represents the fraction of the sample across different values of the instrument from -0.01 to 0.01. The
solid line indicates a local linear regression of Pix usage on the timeout instrument and the dashed
lines represent the 95% confidence intervals.
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Figure 8: Relationship between the Timeout Instrument and Bank Covariates

This figure presents the estimated coefficients from regressions of the timeout instrument on various
bank characteristics, including banks’ own timeout, total assets, core capital, number of branches,
number of service stations, and intangible assets. All variables are standardized. The plotted coeffi-
cients represent βb from equation (5.3), which includes bank and time fixed effects. Horizontal bars
represent 95% and 99% confidence intervals. Standard errors are clustered at the bank level.
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Table 1: Summary Statistics

This table shows summary statistics of our main variables and control variables. Deposit ratios, asset
ratios, and loan income ratio are expressed as a fraction of bank assets. Demandable deposits comprise
checking and savings deposits. The prime loan ratio, subprime loan ratio, default loan ratio, loan loss
provision ratio, and loan income rate are expressed as a fraction of total loans. All main variables are
expressed in percent. For control variables, bank assets represent the value of bank assets in billions,
bank capital is the value of bank core capital in billions, and No. of branches indicates the number of
bank branches.

Mean SD P25 P50 P75 N

Panel A: Pix Usage, Timeouts and Bank Characteristics

Pix Usage (%) 9.20 19.96 0.22 1.96 6.30 1511
Timeout IV (%) 0.60 2.57 0.35 0.47 0.54 1481
Bank Assets (Billion) 183.48 481.34 1.24 7.04 48.84 1511
Bank Capital (Billion) 13.81 35.90 0.14 0.77 4.59 1511
No. of Branches 303.47 925.18 2.00 6.00 21.00 1499

Panel B: Assets Ratios

Liquid Assets Ratio (%) 10.77 8.21 5.03 9.12 13.85 1511
Cash Ratio (%) 1.79 3.13 0.14 0.74 1.70 1511
Government Bond Ratio (%) 8.98 8.33 3.04 7.02 12.27 1511
Loan Ratio (%) 33.80 23.43 11.32 34.10 50.94 1511
Prime Loan Ratio (%) 69.70 23.44 56.37 74.54 88.55 1407
Sub-Prime Loan Ratio (%) 23.05 20.44 6.14 18.08 34.04 1407
Default Loan Ratio (%) 5.03 6.35 1.20 3.09 5.98 1407
Loan Loss Ratio (%) 5.95 7.19 1.71 4.32 6.78 1247

Panel C: Liabilities Ratios

Demandable Deposits Ratio (%) 7.27 9.03 0.64 3.38 10.79 1511
Checking Deposits Ratio (%) 5.12 7.64 0.48 2.42 6.90 1511
Savings Deposits Ratio (%) 2.15 5.48 0.00 0.00 0.00 1511

Panel D: Income Ratios

Loan Income / Loans (%) 2.53 16.02 1.03 1.48 2.19 1407
Loan Income / Assets (%) 0.65 0.62 0.10 0.50 0.94 1511
Total Income Ratio (%) 3.06 3.23 1.32 2.04 3.27 1511
Government Bond Income Ratio (%) 1.44 2.86 0.11 0.38 1.19 1511
Service Fee Income Ratio (%) 0.14 0.21 0.02 0.06 0.14 1511
Wholesale Fund Income Ratio (%) 0.01 0.03 0.00 0.00 0.01 1511
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Table 2: Nettable Payments Ratios

This table shows summary statistics of nettable payment ratios from November 2020 to March 2023.
In Panel (a) shows monthly averages for the ratio of nettable payments over all payments as defined
in Equation (??), the ratio of daily nettable payments over total assets as defined in Equation (??), and
the ratio of daily nettable payments over liquid assets as defined in Equation (3.3). Panel (b) shows
the same ratios without averaging monthly.

Mean SD P25 P50 P75 N
Nettable Payments / Gross Payments (%) 58.63 33.04 27.01 71.26 85.49 1511
Nettable Payments / Liquid Assets (Monthly) (%) 323.37 3532.52 2.77 24.99 106.62 1511
Nettable Payments / Liquid Assets (Daily) (%) 12.85 203.65 0.06 0.72 3.33 46697
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Table 3: The Effect of Timeouts on Pix Usage

This table shows the effect of the timeout instrument on Pix usage. Pix usage is defined in Equation
(3.1). Timeout IV is the timeout instrument that captures the proportion of failed Pix transactions due
to other banks. The sample period is from November, 2020 to March, 2023. Time fixed effects and
bank fixed effects are included in both specifications. Robust standard errors clustered by bank are
reported in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Pix Usage

(1) (2)
Timeout IV -0.013∗∗∗ -0.013∗∗∗

(0.002) (0.002)
Bank Assets -0.338

(0.205)
Bank Capital -0.092

(0.170)
No. of Branches 0.167

(0.237)
Bank FE Yes Yes
Time FE Yes Yes
Observations 1481 1469
Adjusted R2 0.9 0.9
Kleibergen-Paap F 68.9 59.5
Montiel-Pflueger F 70.0 60.4
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Table 4: The Effect of Pix Usage on Asset Ratios

This table shows the effect of instrumented Pix usage on the ratio of liquid assets, cash, government
bonds, and loans based on the IV specification in (5.4). Liquid assets are comprised of cash and
government bonds. Pix usage is defined in Equation (3.1). We instrument for Pix usage with the time-
out instrument, which captures the proportion of failed Pix transactions due to other banks. Control
variables include bank assets, core capital, and the number of bank branches. Time fixed effects and
bank fixed effects are included in all specifications. The sample period is from November, 2020 to
March, 2023. Robust standard errors clustered by bank are reported in parentheses. *** p < 0.01, **
p < 0.05, * p < 0.1.

Liquid Assets Ratio Cash Ratio Gov Bond Ratio Loan Ratio

(1) (2) (3) (4) (5) (6) (7) (8)
Pix Usage 0.151∗∗∗ 0.153∗∗∗ 0.029∗∗∗ 0.030∗∗∗ 0.122∗∗∗ 0.124∗∗∗ -0.279∗∗∗ -0.283∗∗∗

(0.021) (0.022) (0.011) (0.011) (0.016) (0.017) (0.029) (0.032)
Bank Assets 0.035 0.007 0.028 -0.143∗∗

(0.035) (0.014) (0.028) (0.063)
Bank Capital 0.020 0.004 0.016 0.004

(0.033) (0.008) (0.029) (0.037)
No. of Branches -0.012 -0.004 -0.008 0.031

(0.042) (0.011) (0.034) (0.052)
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1481 1469 1481 1469 1481 1469 1481 1469
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Table 5: The Effect of Pix Usage on Deposits Ratios

This table shows the effect of instrumented Pix usage on the ratio of demandable deposits, savings
deposits, and checking deposits based on the IV specification in (5.4). Demandable deposits are
comprised of savings and checking deposits. Pix usage is defined in Equation (3.1). We instrument
for Pix usage with the timeout instrument, which captures the proportion of failed Pix transactions due
to other banks. Control variables include bank assets, core capital, and the number of bank branches.
Time fixed effects and bank fixed effects are included in all specifications. The sample period is
from November, 2020 to March, 2023. Robust standard errors clustered by bank are reported in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Demandable Deposits Ratio Checking Deposits Ratio Savings Deposits Ratio

(1) (2) (3) (4) (5) (6)
Pix Usage 0.127∗∗∗ 0.127∗∗∗ 0.123∗∗∗ 0.124∗∗∗ 0.004∗∗ 0.003∗

(0.016) (0.017) (0.015) (0.016) (0.002) (0.001)
Bank Assets -0.042 0.024 -0.066∗

(0.048) (0.031) (0.037)
Bank Capital 0.020 -0.001 0.021

(0.042) (0.033) (0.022)
No. of Branches -0.047 -0.023 -0.024

(0.048) (0.036) (0.022)
Bank FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
Observations 1481 1469 1481 1469 1481 1469
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Table 6: The Effect of Pix Usage on Bank Risk-Taking

This table shows the effect of instrumented Pix usage on the ratio of prime, subprime, and default
loans based on the IV specification in (5.4). It also shows the effect of instrumented Pix usage on
the ratio of banks’ loan loss reserves. All ratios are denoted relative to total loans. Pix usage is
defined in Equation (3.1). We instrument for Pix usage with the timeout instrument, which captures
the proportion of failed Pix transactions due to other banks. Control variables include bank assets,
core capital, and the number of bank branches. Time fixed effects and bank fixed effects are included
in all specifications. The sample period is from November, 2020 to March, 2023. Robust standard
errors clustered by bank are reported in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Prime Loan Ratio Sub-Prime Loan Ratio Default Loan Ratio Loan Loss Ratio

(1) (2) (3) (4) (5) (6) (7) (8)
Pix Usage -0.216∗∗∗ -0.218∗∗∗ 0.186∗∗∗ 0.186∗∗∗ 0.025∗∗∗ 0.027∗∗∗ 0.120∗∗ 0.123∗∗

(0.035) (0.037) (0.030) (0.032) (0.007) (0.008) (0.061) (0.059)
Bank Assets -0.017 0.011 0.004 0.052

(0.051) (0.043) (0.016) (0.045)
Bank Capital 0.003 -0.031 0.030∗ 0.030

(0.038) (0.028) (0.016) (0.027)
No. of Branches 0.064∗ -0.054 0.001 -0.007

(0.039) (0.036) (0.022) (0.037)
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1381 1369 1381 1369 1381 1369 1226 1214
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Table 7: The Effect of Pix Usage on Bank Risk-Taking: Agency Issues

This table shows how bank capital ratios influence the effect of instrumented Pix usage on the ratio
of prime, subprime, and default loans based on the IV specification in (6.1). It also shows the effect
on the ratio of banks’ loan loss reserves. All risk-taking ratios are denoted relative to total loans. The
“High Cap Ratio” dummy is an indicator variable equal to 1 if a bank’s core capital-to-risk-weighted
assets ratio before Pix adoption in October 2020 is above the median in our sample. Pix usage is
defined in Equation (3.1). We instrument for Pix usage and the interaction term with the timeout
instrument and the interaction of the timeout instrument with the “High Cap Ratio” dummy. Control
variables include bank assets, core capital, and the number of bank branches. Time fixed effects and
bank fixed effects are included in all specifications. The sample period is from November, 2020 to
March, 2023. Robust standard errors clustered by bank are reported in parentheses. *** p < 0.01, **
p < 0.05, * p < 0.1.

Prime Loan Ratio Sub-Prime Loan Ratio Default Loan Ratio Loan Loss Ratio

(1) (2) (3) (4) (5) (6) (7) (8)
Pix Usage -0.211∗∗∗ -0.210∗∗∗ 0.180∗∗∗ 0.178∗∗∗ 0.026∗∗∗ 0.027∗∗∗ 0.122 0.124

(0.029) (0.031) (0.023) (0.024) (0.008) (0.009) (0.084) (0.085)
Pix × High Cap Ratio 0.250∗∗∗ 0.258∗∗∗ -0.253∗∗∗ -0.255∗∗∗ 0.034 0.028 -0.143 -0.153

(0.094) (0.098) (0.092) (0.093) (0.082) (0.077) (0.112) (0.117)
Bank Assets 0.049 -0.054 0.011 0.001

(0.048) (0.047) (0.025) (0.030)
Bank Capital -0.011 -0.018 0.028 0.049

(0.045) (0.039) (0.018) (0.035)
No. of Branches -0.005 0.015 -0.007 0.034

(0.053) (0.061) (0.033) (0.031)
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1374 1364 1374 1364 1374 1364 1219 1209
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Table 8: The Effect of Pix Usage on Loan Outcomes

This table shows the effect of instrumented Pix usage on loan income per unit loan and per unit asset
based on the IV specification in (5.4). Pix usage is defined in Equation (3.1). We instrument for Pix
usage with the timeout instrument, which captures the proportion of failed Pix transactions due to
other banks. Control variables include bank assets, core capital, and the number of bank branches.
Time fixed effects and bank fixed effects are included in all specifications. The sample period is
from November, 2020 to March, 2023. Robust standard errors clustered by bank are reported in
parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Loan Income / Loans (%) Loan Income / Assets (%)

(1) (2) (3) (4)
Pix Usage 2.709∗∗∗ 2.747∗∗∗ -0.168∗∗∗ -0.170∗∗∗

(0.421) (0.448) (0.035) (0.037)
Bank Assets 0.632 -0.186∗∗

(0.796) (0.081)
Bank Capital 0.461 0.100

(0.653) (0.068)
No. of Branches -0.283 -0.047

(0.966) (0.088)
Bank FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 1380 1368 1481 1469
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Table 9: The Effect of Pix Usage on Bank Income

This table shows the effect of instrumented Pix usage on bank income ratios based on the IV specifi-
cation in (5.4). All ratios are denoted relative to total assets. Pix usage is defined in Equation (3.1).
We instrument for Pix usage with the timeout instrument, which captures the proportion of failed Pix
transactions due to other banks. Control variables include bank assets, core capital, and the number
of bank branches. Time fixed effects and bank fixed effects are included in all specifications. The
sample period is from November, 2020 to March, 2023. Robust standard errors clustered by bank are
reported in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Total Income (%) Gov bond Income (%) Service Fee Inc (%) Wholesale Fund Inc (%)

(1) (2) (3) (4) (5) (6) (7) (8)
Pix Usage 2.181∗∗ 2.200∗∗ 2.060∗∗ 2.103∗∗ 0.623∗∗∗ 0.630∗∗∗ -0.017∗∗∗ -0.019∗∗∗

(0.905) (0.939) (0.892) (0.921) (0.064) (0.070) (0.004) (0.005)
Bank Assets -2.446 -1.734 0.127 -0.013

(2.562) (2.116) (0.141) (0.018)
Bank Capital 1.383 1.872 0.057 -0.018∗∗

(1.166) (1.296) (0.108) (0.009)
No. of Branches -4.244 -2.638 -0.134 0.002

(2.862) (2.685) (0.143) (0.011)
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1481 1469 1481 1469 1481 1469 1481 1469
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Internet Appendix for

The Effect of Instant Payments on the Banking System

Ding Ding Rodrigo Gonzalez Yiming Ma Yao Zeng

A Theoretical Appendix

A.1 Pix Usage and Nettable Payments

In this appendix, we provide a detailed derivation to illustrate the precise relationship between Pix

usage defined in (3.1) and the notion of nettable payments within a day t. Before the implementation

of Pix, banks were able to perform end-of-day netting to reduce liquidity demands. To capture this

idea, we define a bank’s nettable payments during a given day d as the volume of inflows and outflows

that could have been internally offset under end-of-day settlement:

Nettableid =
∑
τ∈d

Inflowsiτ +
∑
τ∈d

Outflowsiτ︸ ︷︷ ︸
Payment flows that must be

settled under Pix (i.e. real-time)

−

∣∣∣∣∣∑
τ∈d

Inflowsiτ −
∑
τ∈d

Outflowsiτ

∣∣∣∣∣︸ ︷︷ ︸
Payment flows that would be settled

without Pix (i.e. under intraday netting)

. (A.1)

This expression captures the volume of payment flows that could have been internally netted.

Importantly, it also reflects the incremental amount of payments to be settled after Pix, as banks lose

the ability to net payments intraday.

Claim: The daily Pix Usage (in the numerator of Equation (1)) is exactly half of Nettableid:

Pix Usageid = min

{∑
τ∈d

Inflowsiτ ,
∑
τ∈d

Outflowsiτ

}
=

1

2
· Nettableid. (A.2)

Proof. Without loss of generality, suppose
∑

τ∈d Inflowsiτ ≥
∑

τ∈d Outflowsiτ . Then:

Nettableid =
∑
τ∈d

Inflowsiτ +
∑
τ∈d

Outflowsiτ −

(∑
τ∈d

Inflowsiτ −
∑
τ∈d

Outflowsiτ

)

= 2 ·
∑
τ∈d

Outflowsiτ = 2 ·min

{∑
τ∈d

Inflowsiτ ,
∑
τ∈d

Outflowsiτ

}
,

1



concluding the proof.

A.2 Omitted Proofs

Proof of Proposition 1: We prove the result for the special case where η = 0 and φ = 1; the general

result follows by continuity.

Case 1 (Instant Payment System): Consider bank j’s profit under the instant payment system.

Case 1.1 (Bank remains solvent): If bank j’s liquid asset holdings never reach zero during 1 ≤

t ≤ T − 1, then at t = T we have xj,T = x ,

yj,T = 1− x ,

and the expected profit is

Πj,T =


x+ (1− x)pR−

[
1 + (1 + α)r

]
, 0 ≤ x < 1− (1− α)r

pR− 1
,

0, 1− (1− α)r

pR− 1
≤ x < 1 .

Case 1.2 (Bank becomes insolvent): If, at some t with 1 ≤ t ≤ T − 1, bank j’s liquid assets reach

zero, then at t = T we have xj,T ≤ 1 ,

yj,T = 0 ,

and consequently, the expected profit is

Πj,T = max
{
xj,T + yj,T pR− [1 + (1 + α)r], 0

}
= 0 .

Define the survival probability function as

S(x, t) = Pr
(
x > ∆π1, x > ∆π1 + ∆π2, . . . , x >

t∑
τ=1

∆πτ

)
with ∆πτ = πj,τ − π−j,τ . Then, combining Cases 1.1 and 1.2, the bank’s expected profit at T under

2



the instant payment system can be written as

Πj,T,ins =


[x+ (1− x)pR− (1 + (1 + α)r)]S(x, T − 1) , 0 ≤ x < 1− (1− α)r

pR− 1
,

0 , 1− (1− α)r

pR− 1
≤ x < 1 .

Case 2 (Traditional Payment System): Next, consider bank j’s profit under the traditional payment

system.

Case 2.1 (Bank remains solvent): If bank j remains solvent throughout 1 ≤ t ≤ T − κ− 1, then

at t = T we have xj,T = x ,

yj,T = 1− x ,

and the expected profit is

Πj,T =


x+ (1− x)pR− [1 + (1 + α)r], 0 ≤ x < 1− (1− α)r

pR− 1
,

0 , 1− (1− α)r

pR− 1
≤ x < 1 .

Case 2.2 (Bank becomes insolvent): If bank j becomes insolvent during 1 ≤ t ≤ T − κ− 1, then

at t = T we have xj,T ≤ 1 ,

yj,T = 0 ,

so that

Πj,T = max
{
xj,T + yj,T pR− [1 + (1 + α)r], 0

}
= 0 .

Thus, the bank’s expected profit at T under the traditional payment system is

Πj,T,tra =


[x+ (1− x)pR− (1 + (1 + α)r)] S(x, T − κ− 1), 0 ≤ x < 1− (1− α)r

pR− 1
,

0, 1− (1− α)r

pR− 1
≤ x < 1.

Define a function F (x, t) such that

F (x, T − 1) = Πj,T,ins and F (x, T − κ− 1) = Πj,T,tra .

3



Let x∗ solve

x∗ = arg max
x

F (x, t) .

By the Implicit Function Theorem, we have

dx∗

dt
= − ∂F/∂t

∂F/∂x
= −

(1− pR)∂S(x,t)
∂t

+ [x+ (1− x)pR− (1 + (1 + α)r)] ∂
2S(x,t)
∂x∂t

2(1− pR)∂S(x,t)
∂x

+ [x+ (1− x)pR− (1 + (1 + α)r)]∂
2S(x,t)
∂x2

. (A.3)

By construction, we have

∂S(x, t)

∂x
> 0,

∂S(x, t)

∂t
< 0,

∂2S(x, t)

∂x2
< 0,

∂2S(x, t)

∂x∂t
> 0 .

Thus, equation (A.3) implies dx∗

dt
> 0, indicating the optimal liquid asset level x∗ increases with

t. Specifically, if we denote

x∗ins = arg max
x

F (x, T − 1) and x∗tra = arg max
x

F (x, T − κ− 1), κ ≥ 1,

then we obtain

x∗ins > x∗tra .

This establishes that banks under the instant payment system choose higher liquid asset buffers

compared to banks under the traditional payment system.

Proof of Proposition 2: We first consider the household’s portfolio choice under the instant payment

system. In this case, consumption is given by

u(cj,t) =


u(α), 1 ≤ t ≤ T − 1,

u((1− α)(1 + r)), t = T .

Thus, the household’s expected utility is

Uins =
T−1∑
t=1

πj,t u(α) + u((1− α)(1 + r)) = u(α) + u((1− α)(1 + r)) ,

and the first-order condition (FOC) with respect to α is

u′(α∗ins)− (1 + r)u′
(

(1− α∗ins)(1 + r)
)

= 0 . (A.4)
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Next, consider the household’s portfolio choice under the traditional payment system. Due to

payment delays, consumption is now

u(cj,t) =


u(δκα), 1 ≤ t ≤ T − κ,

u(δT−tα), T − κ+ 1 ≤ t ≤ T − 1 (κ ≥ 2),

u((1− α)(1 + r)), t = T .

Define the aggregate discounted utility from the delayed consumption as

A(α) =
(T − κ)u(δκα)

2(T − 2)
+ 1{κ≥3}

κ−1∑
τ=2

u(δτα)

2(T − 2)
+
u(δα)

2
.

Then, the household’s expected utility is

Utra = A(α) + u((1− α)(1 + r)) ,

and the corresponding FOC is

(T − κ)δκu′(δκα∗tra)

2(T − 2)
+1{κ≥3}

κ−1∑
τ=2

δτu′(δτα∗tra)

2(T − 2)
+
δ u′(δα∗tra)

2
−(1+r)u′

(
(1−α∗tra)(1+r)

)
= 0 . (A.5)

To compare (A.4) and (A.5), define

f(x) = xu(x) .

Since

f ′(x) = u(x) + xu′(x) > 0 ,

the function f is strictly increasing. In particular, because δτα∗tra < α∗tra for any τ ≥ 1 (with δ < 1),

we have

f(α∗tra) > f(δτα∗tra),

which implies that

u′(α∗tra) > δτ u′(δτα∗tra) for all τ.
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Thus, the left-hand side of (A.5) is larger than

(T − κ)u′(α∗tra)

2(T − 2)
+ 1{κ≥3}

κ−1∑
τ=2

u′(α∗tra)

2(T − 2)
+
u′(α∗tra)

2
− (1 + r)u′

(
(1− α∗tra)(1 + r)

)
,

so that we obtain

u′(α∗tra)− (1 + r)u′
(

(1− α∗tra)(1 + r)
)
> 0 . (A.6)

Comparing (A.6) with (A.4), we deduce

u′(α∗ins)− (1 + r)u′
(

(1− α∗ins)(1 + r)
)
< u′(α∗tra)− (1 + r)u′

(
(1− α∗tra)(1 + r)

)
.

Define

g(x) = u′(x)− (1 + r)u′
(

(1− x)(1 + r)
)
.

Since

g′(x) = u′′(x) + (1 + r)2u′′
(

(1− x)(1 + r)
)
< 0 ,

the function g is strictly decreasing, and the inequality above implies

α∗ins > α∗tra .

This completes the proof.

Proof of Proposition 3: We first derive the bank’s solvency threshold θ∗. This threshold is the lowest

realization of the uncertainty θ that allows the bank to break even (i.e. yield zero terminal profit).

Mathematically, θ∗ is defined by the equation

x+ (1− x) pR(p) θ∗ = (1− η)
[

1 + (1 + α)r
]
,

where x is the fraction of the bank’s portfolio held in liquid assets, p is the chosen risk level (the

success probability of the risky loan portfolio), and R(p) is the gross return on loans (which depends

on p). Solving the above equation for θ∗ yields an explicit expression for the solvency threshold:

θ∗(x, p) =
(1− η)

[
1 + (1 + α)r

]
− x

(1− x) pR(p)
. (A.7)

This θ∗ is the cutoff level of the shock θ below which the bank cannot meet its obligations. In other
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words, the bank remains solvent if and only if θ ≥ θ∗(x, p), and it defaults (yields zero payoff to

equity) if θ < θ∗(x, p).

Given a fixed portfolio composition x (chosen liquid asset ratio) at the terminal date T , the bank

selects the risk level p of its loans to maximize expected profit. Because the bank’s equity payoff is

truncated at zero in default states (θ < θ∗), the expected profit can be written as an integral over the

solvent region {θ ≥ θ∗}. Let f(θ) denote the probability density function of θ. The bank’s expected

profit is then

Π(x, p) =

∫ ∞
θ∗(x,p)

[
x+ (1− x) pR(p) θ − (1− η)

(
1 + (1 + α)r

) ]
f(θ) dθ ,

where the integrand x+ (1− x)pR(p)θ − (1− η)[1 + (1 + α)r] is the bank’s profit in state θ. Under

uniform distribution, the expected profit simplifies to

Π(x, p) =

∫ 1

θ∗

[
x− (1− η)

(
1 + (1 + α)r

)
+ (1− x)pR(p) θ

]
dθ . (A.8)

Evaluating the integral in (A.8) yields an explicit objective function in terms of p. Perform the

integration term by term:

Π(x, p) =
[
x− (1− η)(1 + (1 + α)r)

]
(1− θ∗) + (1− x) pR(p)

1− (θ∗)2

2
,

for θ∗ = θ∗(x, p) given by (A.7). This expression has a clear interpretation: the first term is the net

payoff shortfall (liquid assets x minus required payment) times the survival probability (1− θ∗), and

the second term is the expected payoff from loans (of scale 1− x and risk p) given survival, which is

proportional to the second moment of the tail of the θ distribution above θ∗.

To find the p that maximizes Π(x, p), the first-order condition is given by:

∂Π

∂p
=

∫ 1

θ∗
(1− x)

[
R(p) + pR′(p)

]
θ dθ = 0 .

Since θ ≥ 0 on the integration domain, this condition holds if and only if

R(p∗) + p∗R′(p∗) = 0 . (A.9)
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Substituting θ∗ from (A.7) into the optimality condition, one finds that p∗(x) is characterized by

(1− x) p∗R(p∗) = (1− η)
[

1 + (1 + α)r
]
− x . (A.10)

The left side is the expected payoff from risky loans at the margin of solvency, and the right side is

the liquidity shortfall the bank must cover. Equation (A.10) can be rearranged to express the optimal

risk in closed form. Dividing both sides by 1− x gives

p∗R(p∗) =
(1− η) [ 1 + (1 + α)r ]− x

1− x
.

Now, provided the function R(p) is strictly monotonic (which is true in our model, as a lower success

probability p is associated with a higher loan return R due to risk-return trade-off), we may solve

this equation by inverting R(·). In particular, define y := (1−η)[ 1+(1+α)r ]−x
1−x . Note that y is a positive

number representing the “required” loan return given x. The optimal p is the value that makesR(p) =

y. Therefore,

p∗(x) = R−1

(
(1− η) [ 1 + (1 + α)r ]− x

1− x

)
, (A.11)

which is the bank’s optimal risk-taking choice as a function of its liquid asset holding x.

From the solution (A.11), we can immediately deduce that p∗(x) is decreasing in x. Intuitively,

a bank with a larger liquid buffer x faces a smaller chance of insolvency, which means it can afford

to require a higher return on its loans (a larger y) to justify taking risk. Because R(p) is a strictly

decreasing function of p (riskier loans yield higher returns), it implies that p∗(x) must decline as x

increases.

Finally, recall that Proposition 1 established that under the instant payment system a bank will

optimally choose a higher liquidity ratio than under the traditional payment system (formally, x∗ins >

x∗tra). Applying the monotonic relation derived above, we conclude that the corresponding optimal

risk choices satisfy

p∗ins = p∗(x∗ins ) < p∗(x∗tra ) = p∗tra .

In words, when a bank holds a larger buffer of liquid assets (as it does under instant payments), it

finds it optimal to lend in riskier projects (lower p). This completes the proof that p∗ins < p∗tra.

We finally consider the comparative statics with respect to η. From the derivation in the proof of
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Proposition 3, the optimal level of risk taking p∗ is implicitly determined by

R(p∗) =
(1− η)[1 + (1 + α)r]− x

1− x
,

where R(·) is strictly decreasing in p. Consequently, p∗ is strictly decreasing in the liquid asset share

x. Proposition 1 shows that the instant payment system induces a higher optimal x (i.e. x∗ins > x∗tra);

hence,

p∗ins = p∗(x∗ins) < p∗(x∗tra) = p∗tra .

Moreover, differentiating the implicit relation with respect to the equity ratio η (noting that D =

(1− η)[1 + (1 + α)r]) shows that
∂p∗

∂η
> 0 ,

and that the cross-derivative
∂2p∗

∂x ∂η
> 0 .

This implies that the sensitivity of p∗ to changes in x is greater for banks with lower equity ratios.

In other words, the reduction in p∗ (and hence the increase in risk-taking) induced by a higher liquid

asset share is more pronounced when equity is lower.

Thus, not only do banks choose a lower p∗ under the instant payment system, but the risk-taking

effect is amplified for banks with a lower equity ratio.

Proof of Proposition 4: Fix an arbitrary α > 0. By Proposition 3, the bank’s optimal risk choice

under instant payments is strictly higher than under the traditional payment system: p∗ins < p∗tra. Under

the assumption that pR(p) is strictly decreasing in p, a lower success probability p implies a higher

value of pR(p). Therefore, substituting the optimal risk levels for each payment system, we obtain

Γ∗l,ins = p∗ins R(p∗ins) > p∗tra R(p∗tra) = Γ∗l,tra ,

proving part (i).

For part (iv), we need to compare Γ∗a,ins and Γ∗a,tra under the stated condition on R(p). By Propo-

sition 1, the bank holds a larger liquidity share under instant payments: x∗ins > x∗tra. Thus, under the

instant system the bank allocates a smaller fraction (1− x∗ins) of assets to loans (and conversely under

the traditional payment system). At the same time, by Proposition 3 we have p∗ins < p∗tra, meaning the

instant payment system induces the bank to choose riskier loans. To determine the net effect on Γa, we

9



utilize the bank’s break-even condition from the model. In particular, from the proof of Proposition 3

the optimal risk choice satisfies the implicit equation

(1− x∗)R(p∗) = (1− η)
[
1 + (1 + α)r

]
− x∗ , (A.12)

which equates the marginal loan return to the bank’s required repayment. Denoting the right-hand side

of (A.12) byD ≡ (1−η) [1+(1+α)r] for brevity, we can rewrite (A.12) as (1−x∗)R(p∗) = D−x∗.

Multiplying both sides by p∗ and adding x∗ yields an expression for the loan income per asset at the

optimum:

Γ∗a = x∗ + (1− x∗) p∗R(p∗) = x∗ + p∗
(
D − x∗

)
= p∗D + (1− p∗)x∗ .

This relation holds for both the instant and traditional payment systems. Now consider the difference

in loan income per asset between the two systems:

Γ∗a,ins − Γ∗a,tra =
(
p∗ins − p∗tra

)
D +

[
(1− p∗ins)x

∗
ins − (1− p∗tra)x∗tra

]
.

Substituting p∗ins < p∗tra and x∗ins > x∗tra, we see that the first term in this expression is negative (since

D > 0) while the second term is positive. Intuitively, relative to the traditional payment system,

the instant payment system decreases the term p∗D (because p∗ins is lower) but increases the term

(1 − p∗)x∗ (because x∗ins is higher). We must show that under the stated condition on R(p), the

positive risk-premium effect dominates the negative loan-share effect, making the overall difference

Γ∗a,ins − Γ∗a,tra positive.

Claim: The stated condition in part iv) implies that a marginal decrease in p (i.e. taking a slightly

riskier loan portfolio) causes Γa to increase, once the induced adjustment in x (via the bank’s opti-

mality condition) is accounted for.

To see this, we differentiate the expression Γa = pD + (1− p)x implicitly using the relationship

(A.12) between x and p. Totally differentiating (A.12) yields

dx

dp
= − (1− x)R′(p)

1−R(p)
,

which captures how the bank adjusts its liquidity ratio when the loan success probability changes at
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the optimum. Using this to compute the total derivative of Γa with respect to p, we obtain

dΓa
dp

= D + (1− p)dx
dp
− x = D − (1− p)(1− x)R′(p)

1−R(p)
− x .

Substituting D = (1− x)R(p) + x from (A.12) simplifies this expression to

dΓa
dp

=
d

dp
(pD + (1− p)x) =

1

1−R(p)

(
R(p)

(
1−R(p)

)
+
(
p− 1

)
R′(p)

)
.

Crucially, the term in braces is exactly the condition stated in part (iv). Condition (iv) states that

−R′(p)(1− p) > R(p)
(
R(p)− 1

)
for all relevant p, which rearranges to

R(p)
(
1−R(p)

)
+
(
p− 1

)
R′(p) > 0 .

Thus, under the stated condition we have dΓa
dp

> 0. In other words, Γa is strictly increasing as the

success probability p decreases (loans become riskier), at the margin. Since p∗ins < p∗tra, moving from

p∗tra down to p∗ins (i.e. making the loan portfolio riskier as under instant payments) will raise Γa given

the above derivative. Formally, integrating the above inequality for dΓa/dp over the interval [p∗ins, p
∗
tra]

gives

Γ∗a,tra − Γ∗a,ins =

∫ p∗tra

p∗ins

dΓa
dp

dp < 0 ,

which implies Γ∗a,ins > Γ∗a,tra. This proves part (iv).

A.3 Correlated Credit and Liquidity (Payment) Risks

In this appendix, we provide a stripped-down extension of the baseline model showing that our results

of risk-taking in Proposition 3 remain qualitatively robust when the assumption is relaxed to allow for

some, but not perfect, correlation between credit risk and liquidity shocks.

Let the state be s = (θ, {πj,t}) where θ ∈ [0, 1] is the aggregate credit shock in (4.1) and {πj,t}

capture liquidity shock. For k ∈ {ins, tra} let Fρ denote a family of distribution of (θ, {πj,t}) indexed

by a correlation parameter ρ ∈ (−1, 1), with F0 imposing independence as in the baseline model and

Fρ ⇒ F k
0 as ρ → 0. Denote by `k ∈ {0, 1} the probability event at which the bank defaults due to

liquidity shocks before T . Then, for a portfolio (x, 1− x) and risk choice p, the equity payoff in state

s is

Π(x, p; s) =
[
x+ (1− x) pR(p) θ (1− `(1− φ))−D

]
+
,
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and the bank’s objective under system k is

Vk(x, p; ρ) = EFρ
[
Π(x, p; s)

]
,

where x and p are all functions of k. For each k, note that Vk(·, ·; ρ) is continuous in (x, p, ρ)

and strictly concave in p. Also for each k and ρ, assume that the maximizers (x∗k(ρ), p∗k(ρ)) ∈

arg maxx,p Vk(x, p; ρ) are unique and interior. Therefore, Berge’s Maximum Theorem guarantees

continuity of the optimal policies in ρ:

x∗k(ρ)→ x∗k(0), p∗k(ρ)→ p∗k(0) as ρ→ 0, k ∈ {ins, tra}.

Define ∆p(ρ) := p∗ins(ρ) − p∗tra(ρ). Continuity implies ∆p(ρ) → ∆p(0) as ρ → 0. Since ∆p(0) =

p∗ins(0) − p∗tra(0) < 0 by Proposition 3 under independence, there exists ε > 0 for which ∆p(ρ) < 0

whenever ρ ∈ (−ε, ε). Hence, for all sufficiently small correlation,

p∗ins(ρ) < p∗tra(ρ),

implying that Proposition 3 continues to hold.
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B Empirical Appendix

B.1 Main OLS Regression Results

Table 10: The Effect of Pix Usage on Deposit Ratios (OLS)

This table shows the effect of Pix usage on the ratio of demandable deposits, savings deposits, and
checking deposits based on the baseline specification 5.1. Demandable deposit are comprised of
savings and checking deposit. Pix usage is defined in Equation (3.1). Control variables include bank
assets, core capital, and the number of bank branches. Time fixed effects and Bank fixed effects are
included in all specifications. The sample period is from November, 2020 to March, 2023. Robust
standard errors clustered by bank are reported in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Demandable Deposits Ratio Checking Deposits Ratio Savings Deposits Ratio

(1) (2) (3) (4) (5) (6)
Pix Usage 0.016∗∗ 0.015∗ 0.016∗∗ 0.016∗∗ 0.000 -0.001

(0.008) (0.008) (0.008) (0.008) (0.001) (0.001)
Bank Assets -0.080∗∗ -0.013 -0.067∗

(0.039) (0.015) (0.038)
Bank Capital 0.010 -0.011 0.021

(0.028) (0.020) (0.022)
No. of Branches -0.031 -0.008 -0.023

(0.031) (0.017) (0.022)
Bank FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
Observations 1511 1499 1511 1499 1511 1499
Adjusted R2 0.876 0.873 0.841 0.841 0.977 0.978
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Table 11: The Effect of Pix Usage on Asset Ratios (OLS)

This table shows the effect of Pix usage on the ratio of liquid assets, cash, government bonds, and loans
based on the baseline specification 5.1. Liquid assets are comprised of cash and government bonds.
Pix usage is defined in Equation (3.1). Control variables include bank assets, core capital, and the
number of bank branches. Time fixed effects and Bank fixed effects are included in all specifications.
The sample period is from November, 2020 to March, 2023. Robust standard errors clustered by bank
are reported in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Liquid Assets Ratio Cash Ratio Gov Bond Ratio Loan Ratio

(1) (2) (3) (4) (5) (6) (7) (8)
Pix Usage 0.022∗∗ 0.022∗∗ -0.003 -0.004 0.025∗∗∗ 0.025∗∗∗ -0.021∗∗ -0.022∗∗

(0.010) (0.010) (0.004) (0.004) (0.009) (0.009) (0.009) (0.010)
Bank Assets -0.001 -0.005 0.004 -0.054∗

(0.026) (0.008) (0.026) (0.029)
Bank Capital 0.010 0.001 0.010 0.028

(0.022) (0.005) (0.022) (0.027)
No. of Branches 0.015 0.003 0.012 -0.007

(0.026) (0.007) (0.024) (0.033)
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1511 1499 1511 1499 1511 1499 1511 1499
Adjusted R2 0.708 0.708 0.614 0.613 0.757 0.757 0.971 0.971
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Table 12: The Effect of Pix Usage on Bank Risk-Taking (OLS)

This table shows the effect of Pix usage on the ratio of prime, subprime, and default loans based on
the baseline specification 5.1. It also shows the effect of Pix usage on the ratio of banks’ loan loss
reserves. All ratios are denoted relative to total loans. Pix usage is defined in Equation (3.1). Control
variables include bank assets, core capital, and the number of bank branches. Time fixed effects and
Bank fixed effects are included in all specifications. The sample period is from November, 2020 to
March, 2023. Robust standard errors clustered by bank are reported in parentheses. *** p < 0.01, **
p < 0.05, * p < 0.1.

Prime Loan Ratio Sub-Prime Loan Ratio Default Loan Ratio Loan Loss Ratio

(1) (2) (3) (4) (5) (6) (7) (8)
Pix Usage -0.053∗∗ -0.052∗∗ 0.055∗∗∗ 0.054∗∗∗ -0.001 -0.000 0.007 0.007

(0.024) (0.024) (0.014) (0.014) (0.005) (0.005) (0.006) (0.007)
Bank Assets 0.035 -0.030 -0.004 -0.001

(0.026) (0.026) (0.013) (0.015)
Bank Capital 0.020 -0.045∗ 0.027∗ 0.025∗∗

(0.027) (0.025) (0.014) (0.013)
No. of Branches 0.037 -0.033 0.005 0.009

(0.037) (0.044) (0.019) (0.016)
Bank FE Yes Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1407 1395 1407 1395 1407 1395 1246 1234
Adjusted R2 0.926 0.927 0.926 0.928 0.916 0.917 0.889 0.887
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B.2 Binscatter Plots of the Main OLS Results

Figure 9: The Effect of Pix Usage on Deposit Ratios

This figure shows the binscatter plots illustrating the relationship between Pix usage (defined in Equa-
tion (3.1)) and the ratio of demandable deposits, savings deposits, and checking deposits, based on the
baseline OLS specification in Equation (5.1). Demandable deposits consist of savings and checking
deposits. All specifications include controls for bank assets, core capital, and the number of bank
branches, as well as bank and time fixed effects. The sample covers the period from November 2020
to March 2023. Consistent with the OLS results, there is a positive relationship between Pix usage
and the ratio of demandable deposits, primarily driven by checking deposits.
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Figure 10: The Effect of Pix Usage on Asset Ratios

This figure presents binscatter plots illustrating the relationship between Pix usage (as defined in
Equation (3.1)) and the ratios of liquid assets, cash, government bonds, and loans, based on the
baseline OLS specification in Equation (5.1). Liquid assets consist of cash and government bonds.
All specifications include controls for bank assets, core capital, and the number of bank branches,
along with bank and time fixed effects. The sample period spans from November 2020 to March
2023. Consistent with the OLS results, there is a positive relationship between Pix usage and the ratio
of liquid assets, primarily driven by government bonds. Also, there is a negative relationship between
Pix usage and the ratio of loans.
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Figure 11: The Effect of Pix Usage on Bank Risk-Taking

Panels (a), (b), (c) and (d) present binscatter plots showing the relationship between Pix usage (as
defined in Equation (3.1)) and the ratios of prime, subprime, default loans and loan loss reserves rela-
tive to total loans. Results are derived from the baseline OLS specification in Equation (5.1). Control
variables include bank assets, core capital, and the number of bank branches. All specifications in-
clude bank and time fixed effects. The sample covers the period from November 2020 to March 2023.
To mitigate the influence of outliers, panels (e) and (f) show the binscatter plots of default loan ratio
and loan loss ratio with the regression discontinuity cutoff being the 2.5th and 97.5th percentile of
the residualized pix usage. As shown in the plots, the risk-taking patterns become clearer within this
range, as removing outliers reduces noise and makes the breakpoint effect more apparent.
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B.3 First Stage Results with Interaction

Table 13: The Effect of Timeouts on Pix Usage and Interaction with High Cap Ratio

This table shows the effect of the timeout instrument (Timeout IV) and its interaction with “High
Cap Ratio” on Pix usage and the interaction term “Pix usage × High Cap Ratio”. The “High Cap
Ratio” dummy is an indicator variable equal to 1 if a bank’s core capital-to-risk-weighted assets ratio
before Pix adoption in October 2020 is above the median in our sample. Pix usage is defined as in
Equation (3.1). The timeout instrument represents the proportion of failed Pix transactions due to
issues originating at other banks. Pix usage and the interaction term is instrumented by Timeout IV
and the interaction of Timeout IV and “High Cap Ratio.” Controls include bank assets, core capital,
and the number of branches. The sample period is from November 2020 to March 2023. Robust
standard errors clustered by bank are reported in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Pix Usage Pix × High Cap Ratio

(1) (2) (3) (4)
Timeout IV -0.012∗∗∗ -0.012∗∗∗ 0.001∗ 0.001∗

(0.001) (0.001) (0.001) (0.001)
Timeout IV × High Cap Ratio -1.151 -1.151∗ -1.036 -1.029

(0.690) (0.684) (0.784) (0.772)
Bank Assets -0.333 -0.311∗∗

(0.204) (0.139)
Bank Capital -0.100 0.043

(0.172) (0.151)
No. of Branches 0.164 0.267

(0.238) (0.209)
Bank FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
Observations 1474 1464 1474 1464
Adjusted R2 0.899 0.900 0.933 0.934
Sanderson-Windmeijer F 233.573 201.106 228.111 198.308
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