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“You can’t always get what you want.” The Rolling Stones, 1969

1. Introduction

Do consumers make choices based on their stated preferences? This paper analyzes this

question using survey data on consumer payment methods. The survey collects informa-

tion on consumers’ preference for a payment method (cash, credit card, debit card, and

others). The survey also records the payment methods that consumers actually used at

the point-of-sale (POS).

The first part of the paper constructs a simple confusion matrix and other statistics

straight from the raw data. This matrix (table) displays measurements of the degrees in

which consumers’ actual use of payment methods match their preferred payment method

for nonbill in-person payments. The restriction to in-person payments is needed because

cash can only be paid in person (not online).

The remaining parts of the paper make use of two prediction algorithms: classification

trees and random forest. In addition to consumers’ preferred payment method, the pre-

diction models incorporate other individual-specific and transaction-specific variables.

The results show that consumers’ preference remains the key predictor of actual pay-

ments made with credit and debit cards even after the additional individual-specific and

transaction-specific variables are added to the prediction model. In contrast, predictions

of cash payments are more influenced by whether cards are accepted than by the stated

preference for paying cash.1

The study of consumer payment choice at the point of sale involves classifications of

payment methods such as cash, credit cards, debit cards, prepaid cards, checks, direct

account-to-account, and the use of mobile apps. Because these studies focus on classifi-

cations of payment methods, researchers have traditionally relied on discrete-choice anal-

yses using binomial, multinomial, logit, and probit regression methods. These studies

1Note that preference for paying cash has been changing over time. Transition from cash to electronic
payments are analyzed in Bolt et al. (2008), Van der Cruijsen et al. (2017), Jonker et al. (2018), Ardizzi et al.
(2020), Kraenzlin et al. (2020), and Wisniewski et al. (2024).
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measure mainly the marginal effects of transaction-specific and demographic variables

on consumers’ choice of payment methods.

In contrast, this paper focuses on measuring prediction accuracy and the relative im-

portance of consumers’ preferred payment method as a predictor of the actual use of the

preferred method. For this reason, the predictions make use of classification trees and

random forest techniques. The seminal paper by Breiman (2001) describes and compares

the prediction performance of machine learning algorithms with that of discrete-choice

regressions. The use of these techniques in economics and marketing is reviewed in Var-

ian (2014), Kleinberg et al. (2015), Bajari et al. (2015), Mullainathan and Spiess (2017), and

Athey and Imbens (2019).

This paper complements a related literature on merchant steering of consumer pay-

ment choice, see Barron et al. (1992), Bolt et al. (2010), Hayashi (2012), Briglevics and Shy

(2014), Welte (2014), Stavins and Shy (2015), Welte (2016), Stavins (2018), and Greene et

al. (2026). This literature examines whether merchants attempt to steer consumers away

from paying with their preferred method towards payment methods that are less costly

to the merchants. Relatedly, there is literature that analyzes the effects of credit card

rewards (such as cashback and travel miles), see Ching and Hayashi (2010), Simon et al.

(2010), Carbó-Valverde and Liñares-Zegarra (2011), Berkovich (2012), Arango et al. (2015),

Agarwal et al. (2023), and Felt et al. (2023).

The above literature explains why steering is not observed very often and therefore

cannot provide the full explanation for why consumers may deviate from their preferred

payment method for some transactions. Therefore, unlike the above literature, the analy-

sis in this paper focuses on providing measurements of the degrees to which a preference

for a particular payment method can predict actual use of this method.

Relatedly, Wisniewski et al. (2024) analyze changes in consumer preferences to cash-

less payments following restrictions during the COVID-19 crisis period.

The paper is organized as follows: Section 2 describes the data. Section 3 analyzes

consumer preferences for paying with cash, credit cards, debit cards, and others. Sec-
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tion 4 compares straight from the raw data the actual choice of a payment method with

consumers’ preferred payment method for nonbill in-person payments. Section 5 con-

structs a decision tree that illustrates the importance of consumer preferences relative to

other individual-specific and transaction-specific variables in predicting actual choice of

a payment method. Section 6 analyzes payment choice predictions using random forests.

Section 7 concludes. The data and R-code used in this research can be downloaded from

https://github.com/ozshy/actual.

2. Data

The data used throughout this article are taken from the 2025 Survey and Diary of Con-

sumer Payment Choice (SDCPC). The SDCPC is a representative sample of United States

consumers age 18 and older taken from the University of Southern California’s Under-

standing America Study.

The SDCPC asks respondents to record all of their transactions during three consecu-

tive days in October. The transactions recorded in the SDCPC include purchases, bill pay-

ments, person-to-person payments, ATM withdrawals, deposits, and income receipts. On

each assigned diary day, respondents report how much they paid, the means of payment

that they used, and the type of merchant or person to whom the payment was made. Re-

spondents’ three-day periods were evenly distributed throughout each day in October.2

The October 2025 SDCPC sampled 6,079 respondents (individuals) who recorded 34,245

transactions. Some respondents or transactions were removed from the sample because

of missing information. Each chart and table in this paper indicates the number of respon-

dents and the number of payments. The data also provide information on to whom the

payments were made. Each payment in the data contains a merchant (spending) category

(out of 21 merchant categories) that indicates the type of spending.

The paper examines the relationship between respondents’ preferred payment method

2The yearly data and summary reports are available for downloading from: https://www.atlantafed.
org/research-and-data/surveys/survey-and-diary-of-consumer-payment-choice. The 2025 data and the
R-code used in this paper are available at http://github.com/ozshy/actual.
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and the payment methods that they actually used. Therefore, the full sample was reduced

to include only nonbill in-person payments. This restriction is needed because cash can

only be paid in person.3 More precisely, starting from section 4, the analysis is conducted

using a subsample containing 17,177 nonbill in-person payments made by 4,747 survey

respondents corresponding to 10 spending/merchant categories. Appendix A provides

descriptive statistics for each spending/merchant category and explains how the selec-

tion of the 10 spending/merchant categories was made.

3. Consumer preferences for payment methods

Survey respondents were asked to state their most preferred payment method (payment

instrument) for making nonbill in-person payments.

3.1 Preferences by demographics

Figure 1 displays the fraction of respondents who prefer paying with cash, credit card,

debit card, or other method according to 16 household income groups.

Figure 1 shows that consumer preference for paying cash declines with household in-

come. In contrast, the percentage of respondents who prefer paying with credit cards rises

with household income. The preference for paying with debit cards rises with household

income until about $25,000, which reflects an increasing utilization of bank accounts. It

maintains a plateau until $60,000 and then sharply declines with household income as

respondents increase their preference for credit cards.

Payment methods labeled as “other” include paper checks, mobile apps, and direct

bank transfers. They will not be analyzed in this paper because of their low use for nonbill

payments that are made in person. It should also be noted that most payments that are

made with mobile apps rely on debit and credit cards that are captured in this analysis.

Figure 2 displays preferences for payment methods by age group. Figure 2 shows

that the preference for cash payments remains almost steady with age (around 15%). The

3Bill payments are also excluded because most bill payments are made with direct withdrawals from a
bank account or online bill payments. These methods are not used for payments made in person.
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Figure 1: Preferred payment method for nonbill in-person payments by household income group.
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Source: Author’s calculation from the 2025 Survey and Diary of Consumer Payment Choice.
Notes: Household annual income groups: 1) Less than $5,000; 2) $5,000–$7,499; 3) $7,500–$9,999;
4) $10,000–$12,499; 5) $12,500–$14,999; 6) $15,000–$19,999; 7) $20,000–$24,999; 8) $25,000–$29,999;
9) $30,000–$34,999; 10) $35,000–$39,999; 11) $40,000–$49,999; 12) $50,000–$59,999; 13) $60,000–
$74,999; 14) $75,000–$99,999; 15) $100,000–$149,999; 16) $150,000 or higher. The figure displays
preferences of 5,889 survey respondents.
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Figure 2: Preferred payment method for nonbill in-person payments by age group
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Source: Author’s calculation from the 2025 Survey and Diary of Consumer Payment Choice.
Notes: The figure displays preferences of 5,879 survey respondents.

preferences for credit cards and debit cards seem to move in opposite directions which

reflect substitution between the two types of cards. Preference for credit cards slightly

rises whereas preference for debit card slightly falls between age 18 and 24. Beyond age

25, preference for credit cards slightly declines whereas preference for debit cards slightly

increases until age 64. The share of preferences for each card type are steady (around 40%)

until age 64. Beyond age 65, preference for credit card payments sharply rises whereas

preference for debit card payments sharply declines with age.

3.2 Preferences for card payments, card ownerships, and card rewards

Survey respondents report whether they own or do not own credit and debit cards. That

raises the question whether card ownership influences the preference for making card

payments, the other way around, or not at all. Table 1 displays the number of respon-

dents who own credit and debit cards and whether the cards are their preferred payment
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method for making nonbill in-person payments.

Table 1: Card preference versus card ownership and card rewards

Credit card Debit card
Card ownership Prefer Not prefer Prefer Not prefer
Total 2411 3574 2387 3598
Own card 2396 2473 2349 3038
Do not own card 15 1101 38 560
Own card with reward 2340 1964
Own card without reward 56 509

Source: Author’s calculation from the 2025 Survey and Diary of Consumer Payment Choice.
Notes: The table captures 5,985 survey respondents. Prefer and not prefer apply to whether the
card is the respondents’ preferred payment method for nonbill in-person payments.

The main findings from Table 1 are as follows:

Findings 1. (a) Card ownership does not imply that the card is the preferred payment method.

Out of 4,869 credit card owners, 2,396 (49%) prefer using credit cards for nonbill in-person

payments, while 2,473 (51%) prefer other methods.

(b) Similarly, out of 5,387 debit card owners, 2,349 (44%) prefer using debit cards for nonbill

in-person payments, while 3,038 (56%) prefer other methods.

(c) Preference for a card is correlated with higher card ownership. Out of 2,411 respondents who

prefer paying with credit cards, 2,396 (99%) own credit cards while only 15 (1%) do not own

credit cards.

(d) Similarly, out of 2,387 respondents who prefer paying with debit cards, 2,349 (98%) own debit

cards while only 38 (2%) do not own debit cards.

(e) Out of the 2,396 credit card owners who prefer credit cards, 2,340 (98%) have reward credit

cards. However, out of the 2,473 credit card owners who prefer to pay with other means, only

1,964 (79%) respondents receive credit card rewards.

The main implication of findings 1 is that there are no implied strong causalities between

card ownership and card preferences. That is, card ownership does not imply preference
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for card payments. The opposite statement is less clear because very few respondents

who prefer paying with a card do not own cards. With respect to credit card rewards

among credit card owners, respondents who prefer to pay with cards have relatively more

reward cards than respondents who do not prefer paying with credit cards.

In the absence of strong causalities, the prediction models to be analyzed in sections 5

and section 6 will make use of all the ownership and reward variables as predictors in

addition to preferences that serve as the main predictors. However, these predictors will

be found to be less important than the stated preferences for predicting card payments,

see figure 3 in section 5 and table 3 in section 6.

4. Can preference predict actual choice?

This section investigates the degree to which consumer preference for a payment method

can predict actual use of the payment method just by looking at the raw data. Sec-

tion 5 and section 6 then compare the results from this section to the predictions ob-

tained from two prediction algorithms that incorporate additional individual-specific and

transaction-specific predicting variables.

The four definitions in this section slightly modify the standard terminology that is

used for measuring prediction accuracy. This terminology reflects how the choice of a

payment method (actual) corresponds to individuals’ preferred payment method (predic-

tor). In table 2, columns correspond to actually used payment methods. Rows correspond

to respondents’ preferred payment method that serves as a predictor of an actual use.

DEFINITION 1. The True Positives (TP) associated with payment method X are the number of

payments made with X by respondents who prefer paying with X .

TP payments are displayed on the first main diagonal in table 2. For example, in the

sample 5,772 credit card payments were made by respondents who prefer paying with

credit cards. A more informative measure is the positive prediction value (PPV) which

is expressed in terms of percentages and is formally defined in (2). The PPV are shown
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Table 2: Confusion matrix: Actual versus predicted use of payment methods

Preferred payment Actually-used payment method
method (predictor) Cash Credit Debit Other Total Preferred

Cash 1081 291 465 141 1978
Credit 1168 5772 437 567 7944
Debit 1193 614 4304 447 6558
Other 173 186 219 119 697
Cash 55% 15% 24% 7% 101%

Credit 15% 73% 6% 7% 101%
Debit 18% 9% 66% 7% 100%
Other 25% 27% 31% 17% 100%

True Positives (TP) 1081 5772 4304 119
False Negatives (FN) 2534 1091 1121 1155

False Positives (FP) 897 2172 2254 578
True Negatives (TN) 12665 8142 9498 15325

Sensitivity (SEN) 0.30 0.84 0.79 0.09
Specificity (SPE) 0.93 0.79 0.81 0.96

Pos Pred Value (PPV) 0.55 0.73 0.66 0.17
Neg Pred Value (NPV) 0.83 0.88 0.89 0.93

Balanced Accuracy (BA) 0.62 0.82 0.80 0.53

Source: Author’s calculation from the 2025 Survey and Diary of Consumer Payment Choice.
Notes: The table captures 4,747 respondents who made 17,177 nonbill in-person payments. Some
parts of this table were computed with the caret R-package.
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on the second main diagonal and also in the row labeled as “Pos Pred Value” in table 2.

The table shows that 73% of payments by respondents who prefer credit cards were made

with credit cards. In contrast, only 55% of the payments made by respondents who prefer

paying cash were made with cash. Similarly, 66% of the payments made by respondents

who prefer paying with debit cards were made with debit cards.

DEFINITION 2. The False Negatives (FN) associated with payment method X are the number

of payments made with X by respondents who prefer paying with Y (for all payment methods

Y ̸= X).

For example, table 2 shows that 1, 168 + 1, 193 + 173 = 2, 534 cash payments were made

by respondents who prefer not paying with cash. Similarly, 291+614+186 = 1, 091 credit

card payments were made by respondents who prefer not paying with credit cards.

DEFINITION 3. The False Positives (FP) associated with payment method X are the number of

payments made by respondents who prefer X but paid with Y (for all payment methods Y ̸= X).

For example, 291 + 465 + 141 = 897 noncash payments were by respondents who prefer

cash. Similarly, 1, 168 + 437 + 567 = 2, 172 payments were made by respondents who

prefer credit cards but paid with other methods.

DEFINITION 4. The True Negatives (TN) associated with a specific payment method X are the

number of payments made with Y (Y ̸= X) by respondents who do NOT prefer X .

True negatives can be computed from table 2 by summing up all payments that do not

appear in a row and not in a column of a specific payment method. Note that the sum of

all TP, FN, FP, and TN payments equals the total number of payments in the sample.

The bottom part of table 2 displays five commonly-used measures of prediction accu-

racy that are defined as follows:

SEN =
TP

TP + FN
, SPE =

TN
TN + FP

, BA =
SEN + SPE

2
. (1)
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Intuitively, high sensitivity (SEN) means that there were very few false negatives. High

specificity (SPE) means that there were very few false positives. Balanced accuracy (BA)

is the average of the two measures. Also,

PPV =
TP

TP + FP
, NPV =

TN
TN + FN

, (2)

Intuitively, positive prediction value (PPV) measures the degree that a preferred payment

method was actually used. In contrast, negative prediction value (NPV) measures the de-

gree that a nonpreferred payment method was not used. Table 2 shows that paying with

credit cards results in the highest positive prediction value 0.73 and the highest balanced

accuracy 0.82. Debit cards scored 0.66 and 0.80, respectively. Preference for cash scored

only 0.55 and 0.62, respectively. These numbers are summarized as follows:

Findings 2. (a) Stated preference for paying with credit cards predicts actual use of credit cards

better than the preferences for debit cards and cash predict actual use of debit card and cash

payments, respectively.

(b) Stated preference for paying with debit cards predicts the use of debit cards better than the

preference for paying cash predicts actual cash payments.

5. Individual-specific and transaction-specific effects: Classification trees

Using the raw data only, table 2 shows how consumers’ stated preference for a payment

method can serve as an imperfect predictor for the payment method that consumers ac-

tually use in making nonbill in-person payments. The predictions of cash payments are

relatively poor and yield only 55% positive prediction value compared with 73% and

66% positive prediction values of credit and debit card payments, respectively. This is

because, consumers who prefer paying cash tend to pay cash for selected spending cat-

egories, small transaction values, and when cards are not accepted. Cash payments are

analyzed in Shy (2023) and O’Brien and Phelps (2026).

The remainder of this paper investigates the degree to which consumers’ preferred

payment method continues to serve as the main predictor of the actually used payment
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method even after the incorporation of several individual-specific and transaction-specific

features. This section constructs a machine learning classification tree to illustrate how

consumers’ stated preference is ranked relative to other variables for predicting actual

use of payment methods. Consider the following classification tree model:4

actually used⏟ ⏞⏞ ⏟
Paymentmethodi,t ∼

individual specific⏟ ⏞⏞ ⏟
Preferencei + Own crediti + Credit rewardi + Own debiti

+ Cash acceptedi,t + Credit card surchargei,t + Discount for payment methodi,t⏞ ⏟⏟ ⏞
transaction specific

+ Amount ($)i,t + Merchanti,t + Card acceptedi,t⏞ ⏟⏟ ⏞
transaction specific

, (3)

where subscript t denotes a particular transaction (payment) and i denotes a particular

individual (respondent) in the sample.

The individual-specific predictors in the model (3) are: “Preference” (categorical: Cash,

Credit, Debit, and Other); “Credit own” (binary) indicates whether the respondents owns

a credit card; “Credit reward” indicates whether the credit card used most often pays a re-

ward (such as points, miles, or cash back); “Debit own” indicates whether the respondent

owns a debit card.

The transaction-specific variables in the model (3) are: “Amount” (numerical) is the

payment dollar value; “Merchant” (categorical) is the payee according to 10 spending/merchant

categories that are described in Appendix A; “Card accepted” and “cash accepted” (bi-

nary variables) indicate whether the payee was willing to accept these payment methods;

“Credit card surcharge” (binary) indicates whether the payee added a surcharge for this

credit card payment; “Discount” (binary) indicates whether the respondent received a

discount for the payment method that was used in this transaction. Appendix B describes

the complexity involved in collecting data on the above binary predictors. It also explains

4Note that there is no need to control for respondents’ demographic variables (such as income, age, gen-
der, etc.) because those are already embedded into respondents’ stated preference for a payment method.
For example, figure 1 and figure 2 show how preferences vary with respondents’ household income and
age which are the two key demographic variables.
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the method used to impute the missing data (NAs).

In the context of machine learning, a classification tree displays an optimized algo-

rithm in the form of an upside-down tree. The tree illustrates how the machine (software)

splits and classifies the data according to the objective of minimizing (a function of) the

number of payment method classification errors according to the ten predictors listed in

the model (3).

Figure 3 illustrates a decision tree. The variables/predictors appearing on higher

Figure 3: Data-driven decision tree on payment method choice

Preference = Credit

Card_accepted = No

Merchant = 1,2,3,4,5,6,7

Merchant = 16

Merchant = 21

Amount >= 1.8

Preference = Cash,Other

Card_accepted = No

Preference = Cash

Credit_reward = Yes

Merchant = 16

Amount >= 20

Card_accepted = No

Merchant = 16,17,21

Merchant = 16

Cash,Debit,Other

Yes

16,17,21

17,21

17

 < 1.8

Debit

Yes

Other

No

1,2,3,4,5,6,7,17,21

 < 20

Yes

1,2,3,4,5,6,7

17,21

1%

41%

1%

1% 0%

0%

1%

11%

0%

1% 1%

1%

1%

1% 1%

35%

Cash

Credit

Cash

Credit Other

Other

Cash

Cash

Cash

Credit Debit

Debit

Cash

Cash Other

Debit

Source: Author’s calculation from the 2025 Survey and Diary of Consumer Payment Choice.
Notes: The decision tree is based on the model (3). The sample contains 4,747 respondents who
made 17,177 nonbill in-person payments. The percentage (%) at the bottom of each terminal
node is the percentage of payments that reaches that node. Merchant categories are listed in Ap-
pendix A. The tree was constructed using the rpart, rpart.plot, and partykit R-packages.
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branches are more important than the predictors listed on lower branches. The top branch

on the left in figure 3 shows that preference for paying with credit cards serves as the main

predictor for the actual use of credit cards. This branch illustrates the prediction in which

consumers deviate from credit cards (the preferred method) when cards are not accepted

or when they pay for spending/merchant categories 16 (person-to-person), 17 (charitable

and religious donations), and 21 (public transport).

The top branch on the right in Figure 3 illustrates how preferences for cash and debit

cards serve as the main predictors of cash and debit card payments, respectively. Starting

with the third branch on the right and all the way down, the tree shows that consumers

who prefer debit cards are predicted to deviate and pay cash if cards are not accepted or

for making person-to-person payments (category 16).

The bottom split on the left and the bottom split in the middle predict minimum dollar

amounts for credit card payments ($1.8 for public transport payments and $20 for a wide

variety of merchant categories, respectively).

The findings from the classification tree algorithm are summarized as follows:

Findings 3. (a) The decision tree algorithm classifies consumers’ preferred payment method as

the top predictor.

(b) Card acceptance and spending/merchant category are ranked second and third, respectively.

(c) Credit card ownership, credit card rewards, and debit card ownership have smaller effects (if

any) in predicting the actual choice of a payment method.

Finding 3(c) implies that credit card ownership, credit card reward, and debit card own-

ership predictors can be dropped from the classification model (3) with little or no effect

on prediction accuracy. However, this finding highlights the limitation of the classifica-

tion tree algorithm because these variables can potentially improve prediction accuracy,

as shown in the next section.
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6. Individual-specific and transaction-specific effects: Random forests

The decision tree displayed in figure 3 provides a visual method for displaying how a

decision tree algorithm predicts actual choice of a payment method based on preferences

and several individual-specific and transaction-specific variables. However, for the pur-

pose of making predictions, a related algorithm called “random forest” can further en-

hance prediction accuracy. The reason is that random forest predictions are made by

averaging the predictions made from hundreds of trees like the tree displayed in figure 3.

The random forest algorithm constructs a large number of classification trees where

each tree splits the data according to a randomly-selected subgroup of predictors. The

number of predictors in each subgroup is controlled by the researcher. The number of

excluded predictors is generally chosen to be near the square root of the total number

of predictors. Hence, because the model (3) has ten predictors and ⌊
√
10⌋ = 3, random

forest removes randomly three predictors from each tree. This procedure decorrelates the

sampled trees so that any strong predictor (such as the preferred payment method) is not

chosen as the top split in each tree.

The analysis of random forest proceeds as follows: Subsection 6.1 demonstrates how

this procedure ranks the relative importance of the ten predictors. Subsection 6.2 uses

random forest to make predictions on the actual use of payment methods and computes

several measures of prediction accuracy.

6.1 Random forest: Variable importance table

Although random forest algorithms do not draw trees, they provide a useful procedure

for variable selection (in addition to improved prediction accuracy). Table 3 shows how

the random forest algorithm ranks the relative importance of the ten predictors in the

model (3).

In table 3, the mean decrease accuracy (MDA) for each payment method (cash, credit,

debit, and other) measures by how much prediction accuracy is reduced with the elimi-
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Table 3: Random forest: Predictors’ degree of importance

MDA for payment method used Mean decrease
Predicting variable Cash Credit Debit Other accuracy (MDA)
Preferred payment method 64.11 135.18 146.68 -1.64 150.76
Spending/merchant category 50.55 67.25 63.47 62.18 96.95
Spending amount 38.42 28.53 26.51 36.13 48.20
Own credit card 9.41 13.94 -6.90 13.96 16.68
Credit card reward 6.74 26.53 8.02 10.41 29.44
Own debit card 0.70 -8.72 49.52 6.53 48.76
Card accepted 103.77 109.35 95.15 27.31 136.47
Cash accepted 54.61 6.43 8.50 6.79 48.01
Credit card surcharge 23.97 41.95 46.91 9.83 52.63
Discount for payment method 27.81 29.68 36.71 15.94 48.71

Source: Author’s calculation from the 2025 Survey and Diary of Consumer Payment Choice.
Notes: Results from a random forest model (3) based on 4,747 respondents who made 17,177 non-
bill in-person payments. The table was computed using the randomforest R-package.

nation (permutation) of each of the ten predictors separately.5 In simple words, the MDA

measures how much worse the model performs when this variable is scrambled. The few

small negative MDAs indicate that adding the predictor reduces prediction accuracy of

the payment method instead of improving it.

The first row in table 3 shows that consumers’ stated preferred payment method is the

most important predictor of credit and debit payments. The elimination of this predictor

would lead to the largest drop in prediction accuracy. For predicting card payments,

card acceptance ranks second. Spending/merchant category ranks third. Credit card

surcharge is also an influential predictor because consumers are likely to switch from

credit to debit cards or to paying cash if credit card payments are surcharged.

For predicting cash payments, card acceptance ranks first because consumers are forced

5MDA = 1
T

∑︁T
t=1 (errt,perm − errt), where t indexes a classification tree and “perm” denotes a permu-

tation (elimination) of a predictor. err = 1 denotes a prediction error of the payment method used and
err = 0 denotes an accurate prediction. Each tree in a random forest algorithm is trained on a bootstrap
sample of the training data. Each error is then computed on an out-of-bag (OOB) subsample of the training
sample that was not part of the subsample used for the construction of the classification tree. The average
is then computed based on all the T trees used in the procedure.
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to pay cash when cards are not accepted. Preference for paying cash comes second, fol-

lowed by cash acceptance, merchant/spending category, and payment dollar amount.

Finally, the column on the right in table 3 displays the overall MDAs across the uti-

lization of the four payment methods. All these findings are summarized as follows:

Findings 4. (a) Consumers’ stated preference for credit and debit card payments is the most

important predictor for nonbill in-person card payments. Card acceptance ranks second.

(b) Spending/merchant category and credit card surcharge are ranked third and fourth for predict-

ing credit and debit card payments.

(c) Discount for using a payment method is also an influential predictor of cash, credit, and debit

card payments. Credit card rewards is also an influential predictor of credit card payments.

(d) For predicting cash payments, card acceptance ranks first and preference for paying cash ranks

second. Cash acceptance and spending/merchant category are ranked next followed by spend-

ing dollar amount.

6.2 Random forest: Prediction accuracy

The random forest classification model is now used to predict consumers’ choice of a

payment method. Whereas table 2 displays comparisons between the preferred payment

methods and the actually used payment methods based only on the raw data, table 4

displays the same comparisons but with the use of random forest predictions based on

the model’s ten predicting variables, see equation (3).

Table 4 was constructed in three steps: First, the full sample of all nonbill in-person

payments across the 10 spending/merchant categories (described in Appendix A) was

split into a training subsample and a testing subsample. The two subsamples consisted

of different survey respondents. The full sample consisted of 17,177 payments made by

4,747 respondents. The training subsample consisted of 3,322 unique respondents (70%)

and the testing data 1,425 unique respondents (30%). The resulting training subsample

consisted of 12,023 payments and the testing subsample 5,154 payments. Second, based

on the model (3), the random forest prediction algorithm was constructed using the train-
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Table 4: Random forest: Actual versus predicted use of payment methods

Preferred payment Actually-used payment method
method (predictor) Cash Credit Debit Other Total

Cash 504 58 117 70 749
Credit 236 1793 163 140 2332
Debit 300 190 1358 133 1981
Other 18 9 9 56 92
Cash 67% 8% 16% 9% 100%

Credit 10% 77% 7% 6% 100%
Debit 15% 10% 69% 7% 101%
Other 20% 10% 10% 61% 101%

True Positives (TP) 504 1793 1358 56
False Negatives (FN) 554 257 289 343

False Positives (FP) 245 539 623 36
True Negatives (TN) 3851 2565 2884 4719

Sensitivity (SEN) 0.48 0.87 0.82 0.14
Specificity (SPE) 0.94 0.83 0.82 0.99

Pos Pred Value (PPV) 0.67 0.77 0.69 0.61
Neg Pred Value (NPV) 0.87 0.91 0.91 0.93

Balanced Accuracy (BA) 0.71 0.85 0.82 0.57
Source: Author’s calculation from the 2025 Survey and Diary of Consumer Payment Choice.
Notes: Predictions are based on a testing subsample consisting of 5,154 payments (30% of the full
sample of 17,177 payments). The table was computed using the randomforest and caret R-packages.
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ing subsample only. Third, the resulting prediction algorithm was applied to the testing

subsample. This three-stage procedure provides the ultimate test for the algorithm’s pre-

diction accuracy because all the prediction accuracy statistics displayed in table 4 have

been generated on a completely new dataset (the testing subsample).

Comparing table 4 with table 2 reveals that the positive prediction value (PPV) for

payments made in cash has improved from 0.55 to 0.67. The PPV for credit card pay-

ments has improved from 0.73 to 0.77, and from 0.66 to 0.69 for debit cards. The balanced

accuracy increased from 0.62 to 0.71 for cash, from 0.82 to 0.85 for credit cards, and from

0.80 to 0.82 for debit cards. These findings are summarized as follows:

Findings 5. (a) Random forest analysis based on consumer preference for a payment method and

ten individual-specific and transaction-specific variables improve prediction accuracy.

However,

(b) For credit and debit card payments, the improvements are not sufficiently large to invalidate

the significance of consumer preference as the main predictor of credit and debit card payments.

In other words, a comparison of the confusion matrices in table 2 and table 4 reveals that

consumers’ stated preference for a payment method does a fairly good job in predict-

ing actual use of card payments even without making use the of ten individual-specific

and transaction-specific variables in the model (3) and without making use of powerful

prediction algorithms such as random forests.

7. Summary and conclusion

Using a survey on consumer payments choice, the paper analyzes the relationship be-

tween consumers’ preferred payment method and the actual use of this payment method

for nonbill in-person payments. Demographic predictors, such as income, age, and gen-

der, are not used because these are already embedded in respondents’ preferences (see

figure 1 and figure 2). However, several other individual-specific and transaction-specific

predictors are used for the purpose of measuring the degree to which prediction accuracy

could be improved.

19



There are several reasons for why stated preferences cannot always predict actual use

of payment methods in general, and use of cash in particular. One reason is that con-

sumers’ stated preference may change when asked in different contexts.6 Ideally, con-

sumers should be asked to state their preference for a payment method for each spend-

ing/merchant category separately. Consumers could also be asked to state their pre-

ferred payment method separately for each given dollar payment amount. However,

researchers have found that asking too many survey questions about payments leads to

fatigue that jeopardizes accuracy, see Jonker and Kosse (2013). Therefore, researchers may

be forced to limit the scope of survey questions and focus only on respondents’ general

preferences.

Appendix A Spending/merchant categories

Survey respondents who participate in the SDCPC also record to whom each payment is

made. Therefore, each payment in the dataset contains a merchant (spending) category

indicating the type of spending. Survey respondents select one merchant category out

of 21 merchant categories. However, starting from section 4, the analysis is restricted to

nonbill in-person payments (the vast majority of the data). For this reason, the analysis

focuses only on 10 spending/merchant categories because respondents recorded more

than 250 nonbill in-person payments in these categories but not in others. Table A.1 lists

and describes the 10 spending/merchant categories and also provides some statistics on

the payments made in each category.

Appendix B Handling missing transaction-specific observations

The prediction model in equation (3) lists six transaction-specific predicting variables.

“Amount” (numeric) is the payment dollar amount. “Merchant” (categorical) corresponds

to the 10 merchant/spending categories discussed in Appendix A. However, the remain-

6On the other hand, some research has found “inertia” effects where consumers tend to repeatedly use
the same payment method for several purchases, see Shy (2021).
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Table A.1: Spending/merchant categories

Number Payment value (US dollars)
Category Payments Median Average Min Max
1. Grocery store 5107 25.00 46.03 0.21 773.32
2. Gas station 2037 25.63 29.64 0.79 513.78
3. Restaurant/bar 1690 35.00 48.52 1.00 859.34
4. Fast food/coffee shop 3405 11.75 16.05 0.60 205.94
5. General merchandise store 2703 29.33 86.17 0.48 8199.13
6. General service 604 36.00 112.98 0.25 9861.48
7. Art/entertainment 373 22.56 56.46 1.00 2748.00
16. Person-to-person 585 26.54 112.25 0.50 10000.00
17. Charitable/religious donation 262 20.00 93.14 1.00 2300.00
21. Public transport/tolls 411 2.90 5.47 0.20 150.00
Total 17177 49.29 21.74 0.20 10000.00

Source: The 2025 Survey and Diary of Consumer Payment Choice.
Notes: Index numbers correspond to how merchants are coded in the data. More details on each
merchant category are available from both the survey questionnaire and codebook, https://www.
atlantafed.org/research-and-data/surveys/survey-and-diary-of-consumer-payment-choice.
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ing four transaction-specific (binary) variables consist of respondents’ replies to questions

that were asked only for specific payment methods, but not all payment methods. There-

fore, the missing observations of these four predictors were imputed over all the nonbill

in-person payments using the missForest R-package according to:

missing observation⏟ ⏞⏞ ⏟
Imputed variablet ∼

payment/transaction characteristics⏟ ⏞⏞ ⏟
Payment methodt + Amount ($)t + Merchantt, (B.1)

for every transaction t (payment) in the relevant sample. The four imputed variables (card

acceptance, cash acceptance, credit card surcharge, and discount) are discussed below.7

Card accepted: The survey question “whether a credit or debit card would have been

accepted for this transaction” was applied only to respondents who paid cash. However,

we know that cards were accepted in all payments that were made with credit and debit

cards. Therefore, all the 6,863 and 5,424 NAs (missing observations) for credit and debit

card payments, respectively, were reclassified as “Yes” instead of NA. In addition, “I don’t

know” replies were reclassified as NA. That left 14,875 (96.9%) payments that were classi-

fied as “Yes” and 466 (3.1%) as “No” before the imputations. The imputations of the 1,836

remaining missing observations over all payments yielded 16,625 (96.8%) payments with

“Yes” and 552 (3.2%) “No.”

Cash accepted: The question “whether cash would have been accepted for this transac-

tion” was applied only to card payments. However, we know that cash was accepted for

payments that were made with cash. Therefore, all 3,613 cash payments with NA were

reclassified as ”Yes” instead of NA. In addition, all “I don’t know” replies were classified

as NA. “I’m not sure, but I think so” replies were reclassified as “Yes.” “I’m not sure, but

I do not think so” replies were classified as “No.” That left 15,896 (93%) cash payments

that were classified as “Yes” and 1,181 (7%) as “No” before imputations. The imputations

7For research on merchants’ decisions whether to accept cards and whether to surcharge or provide
discounts see Jonker (2011), Bounie et al. (2017), and Welte and Wu (2023).
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of the 100 missing observations over all payments yielded 15,995 (93.1%) payments with

“Yes” and 1,182 (6.9%) “No.”

Credit card surcharge: Respondents who paid with credit cards were asked “did you

pay an extra charge, surcharge, or convenience fee to the merchant specifically for using

this credit card?” 206 (3%) answered “Yes” and 6,653 (97%) answered “No.” Respondents

were not asked this question if they did not pay with a credit card. That left in 10,318

NAs. The imputations of these NAs over all payments yielded 206 (1.2%) “Yes” and

16,971 (98.8%) “No.”

Discount: Respondents were asked “whether a discount was received for using the

chosen payment instrument.” 495 (3.1%) payments were reported “Yes” whereas 15,396

(96.9%) reported “No.” The imputations of the 1,286 NAs yielded 495 (2.9%) “Yes” and

16,682 (97.1%) “No.”

Finally, the variable “Credit reward” in the model (3) was recorded on the individuals

dataset (not on the transactions dataset). Note that the two datasets were merged in the

R-code according to respondents’ unique ID.

Credit reward: Respondents were asked “Does your credit card give rewards?” The

merged dataset recorded 1,851 payments that were made by respondents who did not

answer this question (1,851 NAs). Clearly, respondents who do not own credit cards do

not have reward cards. Therefore, all NAs for non-credit card payments that were made

by respondents who do not own credit cards were replaced with a “No.” The remaining

29 NAs payments were replaced with a “Yes” number because most credit cards earn

rewards.
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