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Abstract

Can cash infrastructure mitigate the adverse effects of a card payment system outage?
As cashless payment systems become increasingly prevalent, societies are becoming more
vulnerable to technical disruptions such as card payment system outages. This paper in-
vestigates a one-day nationwide card payment system outage at a major retailer in Switzer-
land. To quantify the loss in card sales at the retailer’s stores and the increase in cash
withdrawals at ATMs, we generate granular counterfactuals by forecasting card payments
and cash withdrawals at the store and ATM level. We then use residual-on-residual re-
gressions to control for high-dimensional confounders and estimate the causal effect of
outage-induced card payment losses on ATM withdrawals in an event-study framework.
Our district-level results suggest that for every 100 lost card payments, there were 11 ad-
ditional ATM withdrawals. In value terms, for every CHF 100 loss in card payments, ATM
withdrawals increased by approximately CHF 68. We also find only limited evidence of in-
creased card payments at competing stores during the outage or at outage-affected stores
on the day after the outage. Our findings suggest that cash infrastructure can serve as a
resilience buffer during card payment system outages and that consumers rely on cash as

their primary fallback payment instrument.
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1 Introduction

Reliable cashless payment systems are essential to the functioning of modern economies. With
the rapid adoption of debit cards, credit cards, and mobile payments, technical disruptions at
the point of sale have become increasingly costly. In Switzerland alone, the cashless share of
point-of-sale transactions rose from 28% in 2017 to 70% in 2024 (Swiss National Bank [SNB],
2018, 2025b), yet more than half of survey respondents reported having experienced a payment
disruption in the past 12 months (SNB, 2025b). Anecdotal evidence underscores the potential
scale of technical disruptions. A 2018 Visa outage across Europe led to 5 million failed trans-
actions (Hogg, 2018), while the 15-hour Rogers telecommunications outage in Canada—which
also affected card payments—inflicted an estimated $142 million in economic losses (Gannon,
2023).

Public institutions recognize the risks posed by technical disruptions and invest in the design
of resilient payment systems (Aboulaiz et al., 2024; Khiaonarong et al., 2021). In Switzerland,
banks, payment service providers, and retail merchants — coordinated by federal agencies —
recently agreed to introduce offline payment capabilities for credit and debit cards (Federal
Office for National Economic Supply, 2026). In other countries, central banks are developing
retail central bank digital currencies with offline capabilities (Minwalla et al., 2023). Cash, how-
ever, remains a highly resilient payment system and is particularly sought after during crises
(Rosl & Seitz, 2022). Despite having one of the lowest cash usage rates in Europe, Sweden ac-
tively maintains its cash infrastructure to preserve resilience in times of crisis or war (Sveriges
Riksbank, 2025). More broadly, governments and regulators across Europe are taking steps to
safeguard cash access: the European Commission (European Commission, 2023) has proposed
measures to ensure that citizens and businesses retain access to cash, the Netherlands’ pro-
posed Cash Payments Act aims to guarantee a minimum level of cash services (Ministerie van
Financién, 2023), and the United Kingdom’s Financial Services and Markets Act 2023 grants reg-
ulators new powers to safeguard cash access (House of Commons Treasury Committee, 2025).
Finland, Hungary, Ireland, and Spain have similar legislative and regulatory initiatives in place
or under development (OECD, 2025). However, despite growing attention to resilient payment
system design, little is known about the costs of card payment system outages and how con-
sumers respond to them, including the extent to which cash serves as a fallback during such

events.

In this paper, we investigate the costs of and consumer reactions to a nationwide card payment
system outage at a large Swiss retailer in 2022. For almost an entire business day, the retailer’s
card payment system failed across all approximately 2,400 of its stores, preventing almost all
card payments. Faced with this outage, consumers could react in several ways: paying with
cash on hand, withdrawing cash from a nearby ATM or bank branch and returning to the af-
fected store, switching to a competing retailer with a functioning payment system, delaying
their purchase, or forgoing the purchase altogether. Evidence from the 2022 payment method
survey suggests that cash is an important fallback in such situations—55% of respondents re-



ported having used cash when encountering a technical disruption (SNB, 2023).

To causally identify and quantify the relative importance of these consumer reaction channels,
we rely on granular card payment and ATM withdrawal forecasts. We first construct forecasts
of card payments for all Swiss retail stores and cash withdrawals for all ATMs in Switzerland,
based on anonymized single-transaction data. Comparing these forecasts to observed card
payments allows us to identify which stores experienced an outage and to quantify their loss
in card payments. Positive residuals in ATM withdrawals indicate whether consumers reacted
by withdrawing excess cash. Furthermore, we test whether outage-affected stores experienced
more card payments than expected on the day following the outage. We use propensity score
matching to identify stores in the same postal code district with similar transaction patterns
and assess whether competing retailers with functioning payment systems experienced in-
creased card sales on the outage day. Following the double-debiased machine learning litera-
ture (Chernozhukov et al., 2018), we use a residual-on-residual regression at the district level to
control for high-dimensional confounders. Treating the outage as a random shock in an event-
study framework, we estimate the causal effect of outage intensity—measured by the loss in
card payments—on the proposed consumer reaction channels. In further specifications, we
add controls that capture district characteristics such as ATM density per capita and the base-

line cash usage share.

Our results suggest that consumers primarily reacted to the card payment system outage by
withdrawing cash, and we find no strong evidence of increased card payments at compet-
ing stores or the day after the outage. Using a two-step forecasting pipeline with pretraining
and fine-tuning via light gradient boosting machines, we achieve R? values above 0.8 for the
daily card payment value and volume at the store level and R? values above 0.6 for the daily
withdrawal value and volume at the ATM level. Based on the resulting residuals, we classify
stores with a decrease of more than 1.5 standard deviations in both the card payment value
and volume as affected by the outage. We identify approximately 2,250 such stores, which ex-
perienced a combined loss of roughly 700,000 card payments totaling CHF 22 million. On the
same day, there was an excess of approximately 85,000 ATM withdrawals worth CHF 20 million.
Our residual-on-residual regression suggests that 100 lost card payments led to 11 additional
ATM withdrawals, equivalent to CHF 68 in additional cash withdrawals per CHF 100 lost in
card payments. In specifications with district controls, we find that districts with a higher ATM
density—number of ATMs per 1,000 inhabitants—have a higher baseline level of ATM with-
drawals on the outage day. For the other consumer reaction channels, we find no strong effects
of the outage on card payments at competing stores or at outage-affected stores the day after.

This paper shows that cash infrastructure can enhance resilience in the event of a card pay-
ment system outage and that consumers rely on cash as their fallback payment instrument.
In the case of a one-day card payment system outage at a large Swiss retailer, we identify a
strong causal link between outage intensity—measured by card payment losses—and excess
ATM withdrawals. However, we do not find a significant increase in card payments at com-
peting retailers with working card payment systems or the day after the outage. This finding



suggests that consumers primarily responded to the outage by switching to cash rather than
to other functioning cashless alternatives. These results underscore the importance of main-
taining accessible cash infrastructure as a safeguard against the operational risks of cashless
payment systems, allowing it to serve as a resilience buffer during outages. In other outage sce-
narios, cash infrastructure itself might also be affected; nevertheless, our findings highlight that

consumers rely on cash as their primary resilience mechanism over other cashless alternatives.

2 Related literature

There is prior literature on outage detection in interbank payment systems, fraud and secu-
rity protocols of retail payment systems, and systemic risks of retail payment systems. Sev-
eral studies have examined methods for detecting outages and evaluating participant behavior
in interbank payment systems. For instance, Klee (2010) identifies prolonged periods of un-
usually low activity in the Fedwire system as indicators of operational outages, estimating how
such outages cause deviations from the Federal Reserve’s target interest rate and modeling how
participants adjust their behavior in response. Similarly, Glowka et al. (2018) develop an algo-
rithmic method to detect outages in the European TARGET2 system. Arjania and Heijmans
(2020) extend this approach and validate it using a documented list of operational incidents
in Canada’s interbank payment system. Desai et al. (2025) propose a framework for detecting
anomalous payments on a single-transaction basis. However, these studies focus exclusively

on interbank payment systems and do not address outages in retail or card payment systems.

A substantial body of literature addresses fraud and security protocols in retail payment sys-
tems. Much of this work focuses on credit card fraud detection using modern machine learn-
ing techniques, particularly under extreme class imbalances (Bin Sulaiman et al., 2022; Chan
et al., 1999; Dal Pozzolo et al., 2017). System engineering research further addresses the design
of secure payment systems, including mobile (Ahmed et al., 2021; Bojjagani et al., 2023) and
contactless (Onumadu & Abroshan, 2024) payments. While this literature deals with prevent-
ing illicit payments, it does not address the systemic risks stemming from operational failures
in retail payment systems.

Only a few studies examine outages and systemic risks in retail payment systems. An IMF re-
port highlights how the digitization of payments has increased operational risks, discussing
scenarios of large-scale disruptions (Khiaonarong et al., 2022), while Allen (2021) argues that
society’s growing dependence on electronic payments requires new regulatory frameworks to
mitigate cascading operational failures. The Reserve Bank of Australia has surveyed the fre-
quency of retail payment system outages and has reported that large outages are rare (Griffiths
& Joyce, 2024). More recently, the ECB has examined the role of cash during crises, highlight-
ing its critical importance during the April 2025 Iberian blackout, when digital infrastructures
failed (Faella & Zamora-Pérez, 2025). Most related to our study is Alvarez et al. (2026), who also
use highly granular data from the US to show that natural disasters cause card payment out-

ages, while consumers increase their precautionary cash holdings to counteract the expected



disruptions to card payment systems.

A study from Brazil, on the other hand, focuses on a cash system outage and investigates its ef-
fect on payment technology adoption. Mariani et al. (2023) show that customers increase their
usage of cashless payments when there is a cash service suspension due to hit-and-run raids
performed by criminal groups. Not only does the number of cashless payment transactions

increase during the suspension of cash services, but the effect also persists thereafter.

With this paper, we contribute to the growing literature on the effects of retail payment system
outages and, to the best of our knowledge, are the first to provide empirical evidence that con-
sumers reacted to an unexpected partial card payment system outage primarily by withdrawing
cash at ATMs.

3 Institutional setting

Payments at the point of sale (POS) depend on a chain of interlinked services. In simplified
form, this chain includes (1) the retailer’s own register and IT system, which scans products,
registers purchases, and initiates the payment at the POS terminal; (2) the POS terminal hard-
ware and software, which display the total purchase price and send the payment request to the
acquirer; (3) the acquirer or payment service provider, which sends an authorization request
over the card scheme to the card issuer and later settles funds with the retailer; (4) the card
scheme network, which defines the rules of a payment method and communicates between
the acquirer and the card issuer; and (5) the issuer of the payment card, often a bank, which

authorizes and books the payment on the customer’s credit or debit account.

A disruption to any one of these services can produce very different forms of outages. A prob-
lem with the retailer’s own register (service 1) typically affects only a specific retailer and its
stores. A disruption of the terminal or acquirer (services 2 and 3) affects the set of retailers us-
ing the affected software or hardware provider. However, a problem with the scheme or issuer
institution (services 4 and 5) affects a large set of payment cards issued or processed by those
institutions. Finally, payment disruptions can also be triggered by the failure of the underlying
infrastructure on which all payment processing services depend. For instance, an electricity or

internet outage renders all services impossible.

In this paper, we investigate a nationwide outage of the register and IT system of one retailer
(service 1), which rendered cashless payments at its stores impossible for one day. However,
the other services in the chain (services 2-5) remained operational, allowing card payments
at other retailers and cash withdrawals at ATMs to continue as normal. In this setting, there
are several distinct consumer reaction channels: paying with cash on hand, withdrawing cash
at an ATM, switching to a different retailer, delaying their purchase until the following day or
forgoing the purchase altogether. Our data allow us to identify withdrawing cash, switching
retailers, and delaying the purchase but not the extent to which consumers relied on cash on
hand or forwent their purchase. The 2022 payment methods survey shows that more than 90%



Table 1: Summary statistics of daily card payments at stores and ATM withdrawals; Observation period:

2020-2022.
Volume per day Value per day in CHF
No. of Share of
stores non-zero median mean median mean
or ATMs days
Cards 26,956 84.8% 29 97 1,366 4,490
payments
ATM
. 5,628 96.2% 51 61 17,750 24,235
withdrawals

of the population carried cash in their wallets, with a median value of CHF 86 (SNB, 2023).

4 Data

In this paper, we use single-transaction data on card payments and ATM withdrawals to esti-
mate the costs of a card payment system outage and to quantify the proposed consumer reac-
tion channels. The data are provided by Swiss payment service providers, namely, Worldline
Switzerland Ltd., PostFinance Ltd., and SIX Ltd. During the analysis period, PostFinance and
Worldline processed approximately four-fifths of all card payments, whereas PostFinance and
SIX together handled almost all ATM transactions in Switzerland.

The datasets include variables such as transaction value, anonymous store and ATM identi-
fiers, the transaction date, and location information—postal codes for stores and districts for
ATMs, with postal codes being more geographically granular. We restrict the card payment
data to retail trade (NOGA 47 as defined by the Federal Statistical Office, 2022), which includes
stores such as supermarkets, clothing stores, and electronics retailers. Table 1 presents sum-
mary statistics for daily card payments at retail stores and daily cash withdrawals at ATMs.
The data range from 2020 to the end of 2022. The median retail store processed 29 card pay-
ments per day totaling CHF 1,366, while the median ATM processed 51 withdrawals worth CHF
17,750. The large difference between the median ATM withdrawal value and the median card
payment value reflects the fact that consumers typically withdraw cash to fund multiple pur-
chases across multiple stores. Furthermore, 14% of daily store-level observations record no
card payments, primarily because of holidays or store closures, as many Swiss retail stores are

closed on Sundays. In contrast, only 3.8% of ATM-day observations record zero withdrawals.

As shown in Figure 8 in the Appendix, card payments are most common at approximately CHF
3, whereas ATM withdrawals are most common at approximately CHF 100. The figure further
reveals that ATM withdrawals are bunched at round values such as CHF 50, 100, and 200—
a consequence of fixed banknote denominations—while card payment values follow a distri-

bution with a heavy right tail more closely resembling a log-normal. Furthermore, the figure



shows that on the outage day, low-value withdrawals of CHF 50 and 100 were more common
than on normal days, which is consistent with consumers withdrawing smaller amounts to

complete immediate purchases.
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weekday in Switzerland, 2022. stores by weekday in Switzerland, 2022.

Figure 1: Distribution of ATM withdrawals and card payments at retail stores by weekday.

Using the single-transaction card payment and ATM withdrawal data, we construct daily time
series of transaction values and volumes for each store and ATM, yielding 32,584 time series
spanning three years of daily observations. These store- and ATM-level time series form the
basis of our forecasting pipeline, which generates counterfactual predictions of card payments
and ATM withdrawals. Figure 1 presents boxplots of the distribution of ATM withdrawal and
card payment values by weekday across Swiss ATMs and retail stores. The figures reveal strong
day-of-week patterns in both ATM withdrawals and card payments.

5 Methods

To quantify the loss in card payments and the consumer reaction channels, we rely on residuals
between granular forecasts and the observed payment volumes and values. In the following
sections, we first detail our forecasting pipeline, then specify how we identify the affected stores

and define the consumer reaction channels, and finally describe our identification strategy.

5.1 Forecasting pipeline

To generate reliable forecasts of expected card payments and ATM withdrawals, we develop a
prediction framework with pretraining and fine-tuning based on seasonal, geographical, and
lagged features. The seasonality features include the year, the quarter, the month, the week-
day, the day, holidays, and a linear trend. Geographical features capture canton and district
information, while lag features incorporate values and volumes from the previous day and the



previous week. Our pipeline produces daily forecasts of both the volume and value of card pay-
ments and ATM withdrawals for each individual retail store and ATM in Switzerland, yielding
32,584 models. We employ light gradient boosting machines (LGBMs) as our machine learn-
ing method of choice, as this method is computationally efficient while still delivering accurate
forecasts. The models are pretrained on a two-year base period (2020-2021) and then used for
quarterly rolling predictions for 2022, yielding 365 out-of-sample predictions, with prediction
intervals constructed at the 5%-95% level by bootstrapping. The models are first pretrained on
the full base-period dataset and then fine-tuned on data specific to each store or ATM for the
quarterly rolling forecasts. For card payments, we additionally apply a hurdle approach (Cragg,
1971) to address the frequent occurrence of days with zero transactions (see Table 1): a classifi-
cation model first predicts whether any card payments occur on a given day, and—conditional
on occurrence—a regression model estimates their volume and value. This step is omitted for
ATM withdrawals, as zero-withdrawal days are rare (3.8% of ATM-day observations). The full

prediction pipeline is illustrated in Figure 2.

Data Features Pretraining Finetuning Forecast
P(y =0) P;(y=0)
=LGBM(®x) "l =LGBMpre®

_—

y = card/ATM X = season, N 0, ifP;<05

- 1 Yi=y. :

values/volumes geo, lags Ji, otherwise

T
7=LGBM®x) |—»|J;i= LGBMpe (X)T

Figure 2: Flow diagram of the forecasting model pipeline.

5.2 Quantification of card sale loss and consumer reaction channels

To quantify the loss in card payments and the corresponding consumer reaction channels,
we analyze the residuals between forecast and observed card payments and ATM withdrawals
across different store groups. First, to identify outage-affected stores, we classify a store as
outage-affected if both its card payment volume and value residuals fall more than 1.5 stan-
dard deviations below their expected values on the outage day (see Formula 1). Using this
1.5-standard-deviation threshold as a conservative empirical classification rule, we obtain a
set of approximately 2,250 outage-affected stores. The threshold choice is somewhat arbitrary.
Our aim is to filter out stores with surprisingly few payments on the outage day while excluding
stores exhibiting only ordinary day-to-day fluctuations. To assess whether our results are sensi-
tive to the threshold choice, we conduct a sensitivity analysis in which we vary the classification
threshold.

res—u(res
Sout = {s | z(res value;, ) <—1.5 A z(res volume; ;) < —1.5} where z(res) = ¢ )
’ ’ o(res)

Variables: S = set of stores, s = single store, res = residual / Subscripts: out = with outage, ¢y, = day of outage



We then construct a set of competing stores whose card payment systems were operational on
the outage day. For each outage-affected store, we select one store located in the same postal
code district with a similar daily card payment volume and value. Similarity is determined us-
ing propensity score matching based on seasonality features (see Formula 2). This procedure
yields a comparison set that is geographically close and that exhibits similar card payment pat-
terns under normal conditions. The mathematical definition of the set of matched competitor
stores is shown below:

Smatch = U Ssl)mch where Sgamh = {s’ € Spostal—code(s) | s € Sout, s'= arg min |Propensityy. — Propensitysl} 2)
S€Sou ESpostal-code(s)

Variables: S = set of stores, s = single store, Propensity = propensity score / Subscripts: match = matched to outage

stores (competitors), s’ = most similar store without outage

Finally, to assess whether outage-affected stores experienced a rebound in card payments the
following day, we compare their observed payments on the day after the outage with the cor-
responding forecasts. To quantify excess ATM transactions, we similarly compare forecast and
observed ATM withdrawals. The mathematical expressions for the aggregate loss in card pay-

ments and the three consumer reaction channels are presented below:

Loss card payments, ¢ = > (Forecast cardy,, our — Observed cardtom,om) 3)
OULESyyt
ATM residuals,,, = ). (Observed ATMy,, « — Forecast ATM tom,a) 4)
aeATM
Card residuals competition, ¢ = > (Observed card,, sm — Forecast card,, Sm) (5)
SMESmatch
Card residuals day aftelrtout +1,800 = Z (Observed cardy +1,0ur — Forecast cardtomﬂ,om) (6)
OULESyut

Subscripts: to,¢ = day of outage, Soyr = set of stores with outage, S,,4¢c;, = set of matched stores (competition),
tour + 1 = day after outage, out = single stores with outage, a = single ATM, sm = single matched store

5.3 Identification of the causal effect of card losses on consumer reaction
channels

Following a forecast-based event-study framework and the double-debiased machine learning
literature, we estimate the causal effect of the loss in card payments on the consumer reac-
tion channels. Similarly to Cerqua et al. (2023), we use machine learning forecasts to construct
counterfactuals of card payments and ATM withdrawals absent the outage, allowing us to esti-
mate treatment effects without a proper control group. We extend this approach by estimating
the continuous effect size of outage intensity—as proxied by card loss—on the consumer reac-
tion channels. Specifically, we use the forecasting pipeline outlined in Section 5.1 to generate

counterfactual predictions for card payments and ATM withdrawals based on the same set of



seasonal, geographical, and lagged features. Applying the Frisch-Waugh-Lovell theorem, we
obtain residuals—the difference between observed and counterfactual volumes and values—
that are net of high-dimensional confounders, as described in Chernozhukov et al. (2018). This
allows us to partial out the effect of card payment losses on the proposed consumer reaction
channels. We aggregate these residuals to the district level—our most granular common ge-
ographical unit across card payment and ATM withdrawal data—and normalize them by the
district population to account for varying district sizes. Intuitively, our identification strategy
exploits the variation in outage intensity. Districts experiencing a more severe card payment
loss per capita should exhibit more pronounced consumer reactions, such as excess ATM with-

drawals. We estimate these effects via the following residual-on-residual regressions:

pc

ATM residuals”® = a+ ‘L r +yq+e€q,
esiduals foud = @ Barm - Loss card o Soud TYd T Ed (7)
. <s __PpC _ . pc
Card residuals competition ot Smaemd = & T Bcompetition - Loss card fouSoud TYd TED 8)
. pc _ . pc
Card residuals day after fout LSoud = & F Bday after - LOss card fousSoud T Yd TEQD 9)

Superscript: pc = per capita
Subscripts: toy¢ = day of outage, d = district, Soyr = set of stores with outage, S, 4:cn = set of matched stores
(competition), foy¢ + 1 = day after outage

We extend the baseline specification by adding district-level controls. The magnitude of con-
sumer reactions to the outage likely varies across districts because of differences in payment
infrastructure and cash usage behavior. To account for this heterogeneity, we incorporate a
set of district-level controls denoted by y, derived from our own data. First, to capture pay-
ment infrastructure characteristics, we include ATM density—the number of ATMs per 1,000
inhabitants—and merchant density—the number of merchants per 1,000 inhabitants. Second,
to capture baseline cash usage, we include the cash share—defined as the volume or value of
ATM withdrawals divided by the sum of all ATM and card transactions in the district in 2022.
Finally, to control for broader district characteristics, we include the settlement area share and
the share of the population aged 65 and above, as provided by the Federal Statistical Office
(FSO, 2023).

As a further robustness check, we perform placebo regressions to validate the significance of
both our main effect and the potential moderating effects of cash infrastructure—proxied by
ATM density—and cash usage—proxied by the cash share—on excess ATM withdrawals during
the outage. In our placebo specification, we apply the regression specification with controls
to each of the 364 out-of-sample predicted days on which no large outage occurred (Cher-
nozhukov et al., 2024). If the outage day is indeed special, we would expect the coefficient on
the outage day to be more statistically significant, larger in magnitude, or of a different sign
than the coefficients obtained on normal days.
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6 Results

We find that consumers primarily reacted to the card payment system outage by withdrawing
excess cash at ATMs. In the following sections, we first show that our forecasting models pro-
duce reliable forecasts for card payments and ATM withdrawals with high out-of-sample R?
values and we show the effect of the outage in the aggregated card payment and ATM with-
drawal time series. Second, we identify a set of outage-affected stores and calculate the ag-
gregated residuals for card payment losses and the consumer reaction channels. Third, we
causally identify the effect of outage intensity—measured by card payment losses—on con-
sumer reaction channels, with a focus on excess ATM withdrawals.

6.1 Forecasting card payments and ATM withdrawals

Table 2 presents the out-of-sample performance metrics for the card payment and ATM with-
drawal forecasting models. The card payment models achieve strong explanatory power, with
R? values above 80% for both value and volume, while the ATM forecasting models achieve R?
values above 60% for both value and volume. To benchmark our models, we use the mean ab-
solute scaled error (MASE) (Hyndman & Koehler, 2006), which evaluates forecast performance
relative to a naive baseline that uses the previous day’s volume or value as its predictor. A MASE
below 1 indicates that the model outperforms the naive baseline, while a MASE of 0 represents
a perfect forecast. Our forecasting pipeline outperforms this baseline by approximately 65%

for card payment values and volumes and by 45% for ATM withdrawal values and volumes.

To evaluate the ability of the card payment models to predict whether any transactions occur
on a given day, we use classification metrics, including accuracy, the F1 score, and the AUC.
The models perform strongly, correctly predicting days without card payments, with AUC and
accuracy values above 98%. This binary classification step is omitted for ATM forecasts, as only
3.8% of days record no ATM withdrawals.

Figures 3a and 3b show the forecast and observed volumes and values of card payments at all
Swiss retail stores during the weeks surrounding the outage. All plots include bootstrapped
90% prediction intervals. On the outage day, retail stores in Switzerland were forecast to record
approximately 2.48 million card payments totaling CHF 100 million. Notably, the effect of the

outage—marked by a red box—is visible even in this aggregated macro-level time series, with

Table 2: Performance metrics of volume and value forecasts of card payments and ATM withdrawals.

Card ATM

Volume Value Volume Value

R? 83.1% 80.1% 60.9% 64.5%
MASEj;¢  31.7% 35.1% 525% 55.2%
Accuracy 98.1% 98.1% - -
F1 92.6% 92.6% - -
AUC 98.8% 98.7% - -
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observed card payments falling below the lower bound of the prediction interval in both value
and volume. The opposite pattern emerges in the ATM withdrawal data. Figures 3c and 3d
show the forecast and observed ATM withdrawal volumes and values in the weeks surrounding

the outage, and on the outage day—again marked by a red box—withdrawals spike sharply,

falling well outside the prediction intervals for both volume and value.
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Figure 3: Time series of values and volumes of forecast and observed card payments and ATM with-
drawals in the weeks around the card payment system outage (outage marked with a red box).

6.2 Card sale loss and consumer reaction channels

To identify the retail stores affected by the outage, we compute z-score normalized residuals
between the forecast and observed card payments for each store on the outage day and ap-
ply a classification threshold. Figure 4 shows the z-score normalized residuals for both the
outage day and normal days in 2022, as well as the outage threshold. While the residual z-
scores for normal days follow a near-normal distribution centered on zero, the outage day has

a long left tail, indicating that some stores processed significantly fewer card payments than
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expected. Stores falling below a threshold of 1.5 standard deviations (as defined in Equation
1) are classified as outage-affected, yielding approximately 2,250 such stores—a conservative
approximation of the 2,400 stores of the affected retailer.

With the set of outage-affected stores defined, we quantify the loss in card payments. Figure
5 shows the daily forecast and observed card payment values and volumes for these stores.
Outage-affected stores experienced a loss of approximately 700,000 card payments totaling
CHF 22 million. This amount corresponds to roughly 28% of the volume and 22% of the value of
forecast card payments across the Swiss retail trade sector on the outage day. The observed card
payments at outage-affected stores amounted to approximately 10% of the forecast amount.
The fact that the observed card payments at outage-affected stores were not zero can be ex-
plained by two factors. First, anecdotal evidence suggests that some stores were still able to
process a small number of payments, particularly in the morning. Second, our classification
likely includes a small number of stores that were not actually affected by the outage but that
nonetheless recorded payment values and volumes more than 1.5 standard deviations below

the forecast.

In addition to the loss in card payments, we quantify the excess in ATM withdrawals and other
potential consumer reaction channels, namely, whether consumers paid with cards at com-
peting stores with functioning payment systems or returned to outage-affected stores the day
after. Figure 6 shows the estimated CHF 22 million loss in card payments alongside the three
identified consumer reaction channels. First, compared with forecast ATM withdrawals, there
was an excess of approximately CHF 20 million in cash withdrawals, clearly falling outside the
prediction intervals. Second, we measure excess card payments at competing stores by match-

ing outage-affected stores with unaffected stores in the same postal code district with similar
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Figure 4: Value and volume z-scores of card payments on the outage day and on normal days.
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Figure 5: Time series of values and volumes of forecast and observed card payments at outage-affected
stores in the weeks around the card payment system outage (outage marked with a red box).
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Figure 6: Absolute card loss and consumer reaction channels on the card payment system outage day.

payment patterns via propensity score matching (see Equation 2), but we observe only a small
increase in card payments at these stores. Finally, we consider an excess in card payments
at outage-affected stores the day after the outage but find only minimal—and even slightly
negative—residuals, suggesting that card payments remained below expectations. The small
excess at competing stores and the near-zero residuals the day after are consistent with con-

sumers relying on ATM withdrawals or pre-existing cash holdings, reducing the need to visit
competing stores or to delay purchases.
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6.3 Effect of card losses on consumer reaction channels

We find that the outage, as measured by card payment losses, had a strong positive effect on
ATM withdrawals, while the effects on the other consumer reaction channels were small and
mostly insignificant.

Using a residual-on-residual regression, we estimate the effect of outage intensity—proxied by
card payment losses—on ATM withdrawal residuals and the other consumer reaction channels
across districts in a base specification and with controls. Visually, there is already a strong cor-
relation between the loss in card payments per capita and excess ATM withdrawals per capita—
R=0.65 for volume and R=0.47 for value—as shown in Figure 9 in the Appendix. Table 3 shows
that across all specifications, the volume and value coefficients for card losses on ATM with-
drawals are positive, large, and highly statistically significant, indicating that districts experi-
encing larger card payment losses also exhibit stronger increases in ATM withdrawals. Table 4
in the Appendix shows the regression results with the full set of controls. In terms of volume, the
estimated per capita coefficients are 0.11 in the base specification and 0.10 in the specification
with controls, indicating that for every 100 lost card payments, there were approximately 11
additional ATM withdrawals. Card payment losses explain approximately 42% of the variance
in ATM withdrawal residuals in the baseline specification, increasing to 56% in the specifica-
tion with additional controls. In terms of value, the estimated per capita coefficients are 0.68 in
the base specification and 0.54 in the specification with additional controls, indicating that for
every CHF 100 in lost card payments, ATM withdrawals increased by approximately CHF 68 in
the base specification. In these specifications, the adjusted R? lies between 0.22 and 0.33.

Table 3: Impact of card payment losses on ATM withdrawal residuals: baseline and control specifica-
tions.

Volume ATM Value ATM

Base Controls Base Controls

Cardloss  0.105"** 0.097*** 0.682*** 0.535"**
(0.010) (0.013) (0.107) (0.134)

Controls No Yes No Yes
Intercept Yes Yes Yes Yes
R? 0.428 0.580 0.224 0.356
Adj. R2 0.424 0.561 0.219 0.328
Num. obs. 143 143 143 143

***p<0.01; **p<0.05 *p<0.1

Our results suggest that consumers in districts that were more strongly affected by the outage
responded by increasing cash withdrawals at nearby ATMs, which may reflect several mecha-
nisms. First, some consumers may have withdrawn cash and returned to outage-affected stores
to complete transactions originally intended to be paid by card. Second, others may have ini-
tially relied on cash on hand and subsequently replenished their holdings at ATMs. Third, some
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Figure 7: Beta coefficients of card payment losses on consumer reaction channel regressions.

individuals may have increased their precautionary cash holdings in anticipation of future out-
ages. However, the data do not allow us to disentangle these mechanisms.

The differences between the volume and value regressions provide further insights into con-
sumer reactions during the outage. The value coefficient is larger in magnitude than the vol-
ume coefficient, reflecting the fact that consumers typically withdraw more cash than needed
for a single purchase, which is consistent with a precautionary cash holdings motive. Despite
their smaller magnitude, the volume coefficients explain a larger share of the variance in ATM
withdrawal residuals, as measured by the adjusted R?. This finding points to a clearer response
along the extensive margin—that is, an increase in the number of people withdrawing cash dur-
ing the outage. The effect on the intensive margin, namely, the amount withdrawn per capita,
is noisier across districts, as is also visible in the correlation plots in Figure 9 in the Appendix.

Using the same residual-on-residual regression setup, we estimate the effect of card payment
losses per capita on card payments per capita at outage-affected stores the day after the outage
and at competing stores on the outage day. Figure 7 compares these effects across consumer
reaction channels based on the baseline regression specification. From a volume perspective,
the outage had no significant effect on card payment residuals either at competing stores on
the outage day or at affected stores the day after. From a value perspective, card payment resid-
uals at competing stores were similarly insignificant, although we observe a statistically signifi-
cant decrease of approximately CHF 0.06 in card payments per capita at outage-affected stores
the following day. The decrease in card payments the day after the outage is consistent with
consumers using up their cash stocks, which they withdrew during the outage. Overall, how-
ever, the effects of the outage on the other consumer reaction channels are small and mostly

insignificant.
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6.4 Heterogeneity and robustness checks of the outage effect on ATM with-

drawals

The excess in ATM withdrawals during the outage was more pronounced in districts with denser
ATM infrastructure and higher baseline cash usage. We augment the baseline specification
with district-level controls to examine whether the outage effect on excess ATM withdrawals
was moderated by cash infrastructure—proxied by ATM density—or baseline cash usage—
proxied by the cash share. The full results are reported in Table 4 in the Appendix. We find that
ATM density has a positive and significant effect on the volume of excess ATM withdrawals,
while the cash share has a positive and significant effect on their value. These findings sug-
gest that districts with denser ATM infrastructure experienced a stronger response along the
extensive margin—that is, more people withdrew cash during the outage—while baseline cash
usage is associated with higher withdrawal amounts. Cash use is higher in rural areas than in
cities, whereas ATM density is higher in cities, where the population uses less cash (SNB, 2021,
2025a). This may explain why districts with higher ATM density show a positive effect, as more
people were affected by the outage and needed cash.

Our effect—that a loss in card payments leads to excess ATM withdrawals—is robust and sta-
ble across different thresholds for the definition of outage-affected stores. To verify this, we
re-estimate the baseline regression of card losses on excess ATM withdrawals across a range
of alternative classification thresholds (see Appendix Figures 10 and 11). Both the estimated
coefficients and the adjusted R? values of the model remain stable for thresholds between 0
and -3.5 standard deviations. Interestingly, the effect also persists at a threshold of 0 since all
outage-affected stores are contained within this set and the additional stores with residuals
close to zero add only little noise. Beyond a threshold of -3.5, the coefficients and R? decline
sharply, likely reflecting the shrinking sample size—particularly after aggregation to the district

level—and the exclusion of some large outage-affected stores.

The positive relationship between card payment losses and excess ATM withdrawals is specific
to the outage day. To verify this, we perform placebo regressions on the 364 out-of-sample days
on which no major card payment system outage occurred, the results of which are reported
in Table 5 in the Appendix. The placebo regressions confirm that the positive relationship
between card payment losses and excess ATM withdrawals is specific to the outage day. On
normal days, negative card payment residuals are associated with negative ATM withdrawal
residuals, suggesting that both variables are driven by common demand factors rather than a
substitution effect. For instance, on rainy days, we would expect both fewer card payments
and fewer ATM withdrawals. In contrast, the outage-day correlation coefficient and t-statistic
are unique in terms of their sign and magnitude, ranking as the largest positive values across
all tested days. With respect to the controls, the placebo results indicate that the positive ef-
fect of ATM density on the withdrawal volume is also specific to the outage day, with both its
correlation coefficient and t-statistic falling in the upper 95th percentile of the placebo distri-
bution. The effect of the cash share on the withdrawal value is less clearly outage-specific, with

the outage-day correlation coefficient ranking at only the 60th percentile of placebo days.
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7 Discussion

Building on our empirical findings, we discuss their implications for payment system resilience
and identify directions for future research.

7.1 Policy implications

This paper shows that cash infrastructure can serve as a resilience buffer during a card pay-
ment system outage and that consumers rely on cash as their fallback payment instrument. We
demonstrate that a nationwide outage of the card payment system at a large Swiss retail chain
resulted in a substantial loss of card payments. However, the presence of accessible cash infras-
tructure appears to have mitigated some of the negative effects: we estimate that 100 lost card
payments led to 11 additional ATM withdrawals and that a loss of CHF 100 in card payments
led to CHF 68 in additional ATM withdrawals. This resilience function, however, presumes that
cash infrastructure itself is not affected by the outage. Our findings also highlight that con-
sumers rely on cash as their resilience mechanism over other cashless alternatives: we do not
find a significant increase in card payments at competing retailers with working card payment
systems or at outage-affected stores the day after. While we cannot quantify how much of the
lost card payment revenue was recovered in cash at outage-affected stores, our results strongly
suggest a collective consumer reaction to obtain cash—whether to complete purchases, re-
plenish cash on hand, or prepare for future outages. However, in 2022, cash still accounted for
36% of all point-of-sale transactions, and the ATM density in Switzerland remained high (SNB,
2023). This raises the question of whether the resilience function of cash infrastructure and
consumers’ reliance on cash as a fallback payment instrument will persist as cash usage and
ATM density continue to decline.

7.2 Future work

Future research should further investigate the extent to which lost card payments can be recov-
ered at outage-affected stores and whether the resilience function of cash infrastructure per-
sists as cash usage and acceptance declines or ATMs become less accessible. First, our study
could not measure how much of the loss in card payments was offset by cash payments, as we
lack data on cash sales at outage-affected stores. Such data would be valuable for quantifying
the actual revenue loss and for determining whether consumers withdrew additional cash in
preparation for potential future outages or in anticipation of continued disruption. Therefore,
future work should focus on better understanding how consumers use cash and ATM infras-
tructure during card payment system outages. Second, our study examines only a single out-
age event. Analyzing multiple outages over time would strengthen external validity and allow
researchers to explore whether the resilience function of cash infrastructure persists under de-
clining cash usage and acceptance rates or reduced ATM density. Therefore, future research
should prioritize identifying additional outage events and tracking how the resilience function

of cash evolves over time.
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8 Conclusion

In this paper, we quantify the effects of a nationwide card payment system outage at a large
Swiss retailer and show that accessible cash infrastructure can mitigate the negative conse-
quences of such an event. We develop a forecasting pipeline that accurately predicts both card
payments and ATM withdrawals, and we use it to identify the stores affected by the outage. We
then quantify the loss in card payments and estimate its effect on excess ATM withdrawals and
other consumer reaction channels at the district level. Our results show that a one-day outage
resulted in a loss of approximately 700,000 card payments worth CHF 22 million, while on the
same day, there was an excess of approximately 85,000 ATM withdrawals worth CHF 20 mil-
lion. Our residual-on-residual regressions suggest that 100 lost card payments were associated
with 11 additional ATM withdrawals and that a loss of CHF 100 in card payments was associ-
ated with CHF 68 in additional ATM withdrawals. We find only limited evidence of increased
card payments at competing stores or on the day after the outage. Our findings suggest that
accessible cash infrastructure can serve as a resilience buffer in increasingly cashless societies
when card payment systems fail. Furthermore, consumers rely on cash as their primary fall-
back payment instrument. However, the extent to which this function persists as cash use and

infrastructure decline remains an open question.
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9 Appendix

Table 4: Impact of loss in card payments on ATM withdrawal residuals regression with controls.

Volume Value

Card loss 0.097*** 0.535***
(0.013) (0.134)
ATM density 0.008*** 0.288
(0.002) (0.794)
Cash share —0.000 0.055***
(0.000) (0.020)
Merchant density -0.000  0.478**
(0.001) (0.198)
Settlement area share —0.005 -0.141

(0.003) (1.107)
Population share 65+ 0.021 3.617
(0.014) (5.567)

Controls Yes Yes
Intercept Yes Yes
R? 0.580 0.356
Adj. R? 0.561 0.328
Num. obs. 143 143

Notes: All variables are normalized by district population or are ex-
pressed in percentage terms. Card loss denotes the per capita loss
in the card payment volume and value at outage-affected stores on
the outage day. ATM density is the number of ATMs per 1,000 in-
habitants. Merchant density is the number of merchants per 1,000
inhabitants. Cash share is the volume or value of ATM withdrawals
divided by the sum of all ATM and card transactions per district. Set-
tlement area share is the share of the district area classified as a set-
tlement area. Population share 65+ is the share of the district popu-
lation aged 65 and above. Standard errors are in parentheses.
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Figure 8: Kernel density estimates (Gaussian kernel, bandwidth = 10)
of the distribution of ATM withdrawal and card payment values in Switzerland, 2022.
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Figure 9: Correlation between volume and value of card payment losses per capita and ATM withdrawal
residuals per capita across districts.
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Figure 10: Sensitivity analysis of card loss coefficients on ATM withdrawal residuals to the outage store
classification threshold (base specification), with store counts and 95% confidence intervals.
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Table 5: Placebo regression analysis comparing coefficient significance and magnitude on outage and
normal days.

Card loss ATM density Cash share
Volume Value Volume Value Volume Value

Outage estimate

Correlation 0.654 0.474 0.574 0.469 —-0.089 0.021

(Percentile) (100.0%) (100.0%) (99.7%) (97.8%) (20.7%) (60.1%)

t-statistic 7.69 3.99 3.70 0.36 -0.14 2.69

(Percentile) (100.0%) (100.0%) (96.7%) (60.3%) (43.0%) (92.8%)
Placebo distribution

Mean correlation -0.181 —-0.118 —-0.064 -0.058 0.011 -0.017

Mean t-statistic -1.93 -1.22 -0.12 -0.13 0.10 -0.23

Share positive significant 0.028 0.041 0.152 0.129 0.132 0.135

Share negative significant ~ 0.449 0.264 0.154 0.152 0.110 0.201

Notes: The placebo regression analysis allows us to assess whether the significant relationship between card pay-
ment losses and excess ATM withdrawals is specific to the outage day or reflects a persistent underlying relation-
ship between the two variables. We further use the placebo distribution to evaluate whether the significant control
variables—ATM density and cash share—are similarly specific to the outage day.
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