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Understanding the payment behavior of sociodemographic groups is important for public institutions in designing inclusive policies.
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to complement surveys with timely sociodemographic insights from anonymized card data, reducing costs, easing participant burden,
and allowing more frequent updates.

CCS Concepts: • Social and professional topics→ Government technology policy; • Applied computing→ Economics; •
Human-centered computing→ Empirical studies in collaborative and social computing.

Additional Key Words and Phrases: Card payments, payment behavior, sociodemographics, government policy, machine learning

ACM Reference Format:
Aurel Ruben Mäder, Matthias Jüttner, and Daniel Gatica-Perez. 2026. You are how you pay: Understanding and identifying the payment
behavior of sociodemographic groups. 1, 1 (March 2026), 23 pages. https://doi.org/10.1145/nnnnnnn.nnnnnnn

1 Introduction

Public institutions need to understand the payment behavior of sociodemographic groups to adjust their policies to suit
all parts of society. Inclusive policies concerning payment systems are especially important given the recent drastic
changes in payment behavior. While consumers still predominantly used cash before the global COVID-19 pandemic,
they have used electronic payment instruments since the pandemic [4, 13, 44]. However, electronic payment instruments
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are not equally accessible for all population groups. Older and low-income population groups still heavily rely on cash
[27, 44]. Thus, some public institutions have started to promote inclusive electronic payment instruments. The Central
Bank of Brazil, for instance, established an electronic payment instrument that is designed to be accessible to all parts
of society [9, 20]. However, to design inclusive payment instruments, public institutions must first understand the
payment behavior of sociodemographic groups.

In the past, public institutions and researchers have used payment surveys to understand the payment behavior
of sociodemographic groups [6, 14, 34]. Such surveys offer rich data about payment behavior, preferences, and the
associated sociodemographic characteristics of the survey participants. However, payment surveys entail high costs,
are conducted infrequently, and are limited in the number of participants. Thus, public institutions have started to use
card data as alternative payment data sources [2, 28, 31]. Card data have the advantages of being comparatively cheap,
available almost in real time, and having a high data volume. Card data are anonymized given privacy concerns and,
thus, lack sociodemographic information. Thus, they cannot currently be used as a data source to consider the needs of
different sociodemographic groups.

Using novel datasets consisting of payment surveys and anonymized card payment data, we propose an approach to
enrich card data with sociodemographic information while complying with the privacy rights of cardholders. This paper
begins by investigating payment behavior across different sociodemographic groups through correlational analysis
using payment survey data. We then show that payment survey data can be used to infer sociodemographic variables,
with accuracies varying across variables. Finally, to enrich card data with probabilistic sociodemographic information,
this paper proposes a methodology that trains machine learning models on survey data and then employs the models
on card data. Validation exercises are performed to substantiate the estimated sociodemographic information.

This paper establishes three main findings. First, different sociodemographic groups exhibit different payment
behaviors and rely on different payment instruments. People aged 65 and above, for instance, still rely heavily on
cash, whereas the rest of the population tends to use more electronic payment instruments. Second, sociodemographic
groups can be identified from their payment behavior, with accuracies ranging between 60% and 83%. More specifically,
sociodemographic variables, including sex, marital status, and financial status, are inferred with accuracies ranging
between 60% and 70%, whereas inferences of variables such as education and age group have accuracies between 70%
and 83%. Third, sociodemographic distributions can be estimated from anonymized card data, which match official
demographic census data at the postal code level, with correlations ranging between −0.18𝑅 and 0.66. Sociodemographic
enriched card data suggest that temporal payment patterns depend on the inferred age groups.

This paper proceeds as follows. Section 2 reviews the relevant literature. Section 3 presents the payment and
demographic data, and Section 4 outlines the methodology, including feature extraction, statistical and machine
learning methods, and the inference pipeline. Section 5 reports a correlational analysis of payment behavior across
sociodemographic groups, examines how sociodemographic traits can be inferred from survey and card payment data,
and compares these estimates with regional distributions in Switzerland. Section 6 discusses policy implications, privacy
considerations, and limitations, and Section 7 concludes the paper.

2 Related literature

This study draws on literature that explores payment behavior, payment data, and the inference of sociodemographic
information.

Payment surveys have already established correlations between sociodemographic variables and payment behavior.
Surveys have revealed strong correlations between the ownership of certain payment instruments and age [6, 14, 19].
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Younger people (below 40) are, for instance, less likely to own a credit card than older people (above 40). Younger,
more urban people are, however, more likely to adopt and use digital payment methods such as the contactless feature
of payment cards [11]. The levels of income and education are similarly correlated with cash or card usage. While
low-income and high-school-educated people tend to use cash, high-income and university-educated people tend to use
credit cards [14]. Recent studies show that electronic payment usage has further increased since the COVID-19 pandemic,
but only in countries with strong digital infrastructure and with population groups already familiar with such systems
[10, 15]. For instance, Brown et al. [10] finds that raising contactless card payment limits during the pandemic mainly
boosted spending among existing, but not first-time, users. This highlights the importance of understanding payment
behavior across sociodemographic groups, as it helps policymakers assess how changes in the payment landscape, such
as declining ATM density or growing financial innovation, affect different population groups [10, 11, 14].

Card data are increasingly used to inform policy decisions. They have been used to measure economic activity and
shocks at a fine-grained geographical and sector level in almost real time. Governmental institutions augment their
classical methodology of consumer and business surveys by estimating economic metrics with card data. The FED
[2], the ECB [28], the SNB [26] and many other organizations [1, 7, 31] use card data to estimate metrics such as GDP,
consumption spending and economic shocks. Some studies have explored whether provincial-level card data metrics are
correlated with sociodemographic indices. Sobolevsky et al. [40] use aggregated features based on individual credit and
debit card transactions to estimate sociodemographic variables at the provincial level. They obtain correlations between
0.3 (crime rate) and 0.64 (education level, life expectancy). Di Clemente et al. [18] show that payment sequences can
be used to identify urban groups on the basis of their spending habits. They cluster sequences of payment purposes
(e.g., supermarkets, restaurants, and road fees) and find distinct urban groups such as young, high-tech, and commuter
groups [18]. The resulting policy-driven field of literature offers economic metrics with the great advantage of higher
spatial and temporal resolution while keeping costs lower than those of classical economic surveys.

Studies have used other behavioral data besides card data to infer sociodemographic groups and have discussed the
privacy implications of such data. It has been shown that digital traces can be used to identify sociodemographic groups.
Kosinski et al. [33] showed that Facebook likes can be used to infer highly personal traits of users. The study collected
sociodemographic profiles of 58,000 Facebook users and used the likes of Facebook sites and posts to infer the collected
variables. The study yielded accuracies for sociodemographic variables ranging from 65%-70% (relationship status, drug
use) to 85%-95% (ethnicity, gender, sexuality). Another study revealed how text search queries can be used to infer
the gender, age, religion and political views of internet users [8]. Alizadeh et al. [3] show that web-browsing large
language models can access user profiles and infer sociodemographic characteristics from user content. Studies that
infer sociodemographics argue that their models could assist costly sociodemographic surveys by offering real-time,
cost-effective monitoring. However, those studies also critically discuss the privacy implications of behavioral data
such as card data. Indeed, De Montjoye et al. [16] show that by only knowing the place and time of four transactions of
a payment card, 90% of card holders can be uniquely identified out of a dataset of 1.1 million cardholders. Card data
encode highly private spatiotemporal information about consumers and, therefore, pose privacy issues. A recent study
on fraud detection however suggests that the privacy risks associated with sharing sensitive payment data can be
mitigated through federated learning, which enables institutions to exchange trained models rather than raw data [5].

In this paper, we propose an approach to enrich card data with sociodemographic information, while complying
with the privacy rights of cardholders.
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Table 1. Summary statistics of the payment diaries of the Swiss payment surveys (2017 and 2020) and the card dataset.

Data Set #𝑝𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡𝑠 #𝑝𝑎𝑦𝑚𝑒𝑛𝑡𝑠 𝑚𝑒𝑎𝑛𝑣𝑎𝑙𝑢𝑒 𝑠𝑑𝑣𝑎𝑙𝑢𝑒 𝑚𝑖𝑛𝑣𝑎𝑙𝑢𝑒 𝑄2𝑣𝑎𝑙𝑢𝑒 𝑚𝑒𝑑𝑖𝑎𝑛𝑣𝑎𝑙𝑢𝑒 𝑄4𝑣𝑎𝑙𝑢𝑒 𝑚𝑎𝑥𝑣𝑎𝑙𝑢𝑒
#𝑐𝑎𝑟𝑑𝑠

2017 Survey 1’966 22’520 39.63 166.28 0.10 7.50 16.10 38.90 12’050
2020 Survey 2’098 21’781 50.00 183.26 0.05 7.70 19.00 47.05 8’000
2020 Card Data 10’844’966 111’145’174 62.00 526.79 0.01 9.40 22.85 54.92 4’000’000
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Fig. 1. Histogram of number and values of payments in the 2017 and 2020 Swiss payment surveys.

3 Data

This paper uses several datasets to analyze the payment behavior of sociodemographic groups. The first dataset consists
of two payment surveys conducted by the Swiss National Bank. The second dataset consists of anonymized single
transaction card data. Finally, publicly available sociodemographic data from the website of the Swiss Federal Statistical
Office (FSO) were used to validate the sociodemographic estimates.

3.1 Payment data

In 2017 and 2020, the Swiss National Bank conducted two representative payment surveys that document the payment
behavior of the Swiss population [42, 43]. The payment surveys comprise two sections, of which the first consists of an
interview with the survey participants, and the second consists of payment diaries, which were filled out by the study
participants over a week.

For seven consecutive days, approximately 4,000 random participants from the two studies recorded the value, day,
payment purpose, and payment instrument in a payment diary (see Table 1). The payment diaries were self-administered
by the study participants over a week. The resulting datasets span 15 weeks in 2017 (08/08/2017 to 25/11/2017, see
Appendix, Fig. 9) and 12 weeks in 2020 (18/08/2020 to 16/11/2020, see Appendix, Fig. 9). Fig. 1 shows the payment
survey distribution of the number of payments per participant and the values per payment.

The second data source consists of one month of card data collected and provided by PostFinance Ltd. (PostFinance)
and Worldline Switzerland Ltd. (Worldline). The two private companies provide payment services to merchants in
Manuscript submitted to ACM
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Fig. 2. Histogram of number and values of payments in the card data.

Switzerland. Jointly, the companies process approximately 90% of Swiss card and mobile payments. The two payment
providers supply an anonymized and curated card dataset to the Swiss National Bank. In contrast to payment surveys,
only electronic payment instruments, which include payment cards such as debit, credit and prepaid cards and mobile
payment applications, are recorded. The dataset includes variables such as the payment value, the payment instrument
used, a unique and anonymous card ID, the exact time and day, a postal code and a high-level sector categorization
of the merchant (two-digit NOGA code as defined in [21]), among other variables. The card dataset is anonymized;
therefore, information about individuals are not provided.

From this card dataset, four weeks of payment data were sampled spanning the month of October 2020 (28/09/2020
to 25/10/2020; see Appendix, Fig. 10). During those four weeks, 111 million payments were executed by 10.8 million
different payment cards (see Table 1). The distributions of the values of the card data are comparable to the distributions
from the surveys. The values in the card data are higher than those in the payment survey data (see Table 1), which can
be explained by the fact that low-value cash payments are not present in the card data. The distribution of payments per
card, which is the aggregation level that corresponds most closely to a single participant in survey data, can be seen in
Fig. 2. On average, there are 4 payments per card per week, which is significantly less than that in the payment surveys.
Similarly, as in the survey data, we can observe a highly right-skewed distribution of payments per card. Concerning
the distribution of values per payment, we can also observe a highly right-skewed distribution (see Fig. 2 b).

Fig. 3 shows a comparison of payment instrument usage and payment purposes between the 2020 card data and the
two payment surveys. To render the different datasets comparable, only payment instruments and payment purposes,
which both occur in the card data and the surveys, were considered. This notably excludes cash as a payment instrument,
which amounted to 45% in 2020 and 71% in 2017 of all payments.

Concerning the usage of electronic payment instruments, the contactless debit card is by far the most commonly used
payment instrument in the 2020 card data and payment survey data, whereas the prepaid card is the least commonly
used payment instrument (see Fig. 3 a). While the 2020 card data and survey data generally align in terms of payment
instrument usage, there appears to be a shift in payment instrument preferences between 2017 and 2020.
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Fig. 3. Share payments per payment instrument and purpose as reported in the payment surveys and the card dataset.

To establish consistent payment purposes across both card data and survey data, a mapping between the NOGA
codes and the survey-defined payment purposes was created (see Appendix, Table 5). In both datasets, most payments
occur in retail stores (see Fig. 3 b). Restaurants and services are also popular in both datasets, although people tend to
pay for more services in the card dataset.

3.2 Demographic data

To set payment behavior in relation to sociodemographic variables, two different datasets were used. The first dataset
of sociodemographic variables was collected during the personal interview phase of the two payment surveys. These
variables include age, sex, marital status, labor force status, income, wealth, immigration status, and residence location.
The second sociodemographic dataset consists of national distributions of the previously detailed variables sourced
from the Swiss Federal Statistical Office (FSO). The sociodemographic data provided by the FSO are aggregated at the
postal code level and include age groups, marital status, and immigration status.

The available demographic information was used to define sociodemographic groups. Considering age two demo-
graphic groupswere compiled, consisting of people younger than 25 years (Swiss legal definition of youth unemployment)
and people aged 65 and above (Swiss legal retirement age). A financial index ranging from 1 to 6 was derived from the
participant’s income and wealth, as detailed in the payment surveys. Participants with a financial index below or equal
to 1.5 belong to a low financial index group (13.3% of participants), whereas people with a financial index of 4.5 and
above belong to a high financial index group (14% of participants). Furthermore, sociodemographic variables such as
education, sex, marital status, labor force status, immigration status and the residence location of the participants were
included in the analysis. All sociodemographic variables, their descriptions, and data shares are detailed in Table 2.

By comparing the sociodemographic distributions of the 2020 payment survey with the 2020 FSO statistics, the
representativeness of the payment survey can be assessed. The sociodemographics from the payment studies match
Manuscript submitted to ACM
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Table 2. Summary table of sociodemographics, the associated binary variables, data shares in the 2017 and 2020 payment surveys,
the official 2020 FSO census shares and a short description of each sociodemographic group.

Socio-
demographics

Resulting groups Share 2017
survey

Share 2020
survey

Share 2020
FSO

Description

Age groups Below 25 (exclusive) 12.7% 13.5% 10.1%
The age groups correspond to the Swiss definition of youth unemployment and the
legal retirement age in Switzerland. Below 25 does not include people aged 25,
while above 65 includes people aged 65. The FSO share is publicly available at [25].

Above 65 (inclusive) 17.4% 26.3% 20.6%

Labour force
status

Student 8.28% 11.1% 10.4% Labour force status derived from the FSO definitions. The FSO share is publicly
available at [24].Employed 59.3% 57.9% 61.2%

Retiree 18.6% 27.2% 22.7%
Sex Female 51.6% 50.1% 49.6% Sex of participants defined as female or male. The following analysis uses female

as socio-demographic variable. The FSO shares are publicly available at [25].Male 48.4% 49.9% 50.4%

Marital status Married 42.7% 52.0% 43.5% If the participant is married or not. The FSO share is publicly available at [25].

Financial index Low financial index (𝑥 ≤ 1.5) 25.6% 13.3% - The financial index is derived from participant’s income and wealth. A low
financial index corresponds to low income and wealth and a high index to high
income and wealth. The index is normed to a scale from 1 to 6 where personal and
household as well as income and wealth are equally weighted. No comparable FSO
data are available.

High financial index (4.5 ≤
𝑥 )

7.22% 14% -

Education Primary 13.4% 9.13% 24.5% The highest completed education of participants. Educations are categorised in
primary (including compulsory education, etc.), secondary (including
apprenticeship, vocational school, academic matur, etc.), and tertiary (including
professional or technical school, university, etc.) education. The definition of the
categories as well as the official FSO shares are publicly available at [22]

Secondary 65.7% 48.0% 38.3 %
Tertiary 20.8% 42.9% 37.2%

Immigration
status

Swiss citizenship 84.8% 85.7% 82.9% If the participant possesses Swiss citizenship or not. The FSO share is publicly
available at the [25]

.

Residence
location

Urban 70.8% 61.1% 62.8% If the participant lives in an urban, suburban or rural community. Communities
are defined as urban, suburban, or rural using the the FSO geographical typology.
The FSO shares and the definitions of the categories are publicly available at [23].

.
Suburban 15.7% 22.1% 21.8%
Rural 13.5% 16.8% 15.5%

the official shares to different degrees (see Table 2). The highest absolute difference amounts to 15% (primary school-
educated people). The average absolute difference between the FSO shares and both surveys amounts to approximately
4.5%. The sociodemographic groups and resulting variables are in a binary format (only two groups per variable).

4 Methodology

First, this paper applies feature engineering to construct several feature sets. Second, we employ statistical methods
to analyze and identify payment behavior across sociodemographic groups. Third, we present the machine learning
methods used to infer sociodemographic variables. Finally, we describe the inference pipeline designed to enrich
anonymized card data with sociodemographic information.

4.1 Feature extraction

To analyze the payment behavior of sociodemographic groups, different sets of payment features were extracted from
the payment surveys. To obtain the payment behavioral features, the recorded payments were summarized for each
participant according to common metrics and three dimensions (time, purpose, and payment instrument). Table 6 in the
Appendix summarizes the feature extraction per feature set and per feature dimension. In total, three different feature
sets were generated: an extensive, simplified, and a card data-emulated feature set. The extensive feature set consists of
103 different variables describing the payment behavior of participants. The simplified feature set consists of 79 variables
and was obtained by simplifying several variables. Compared with the extensive feature set, the simplified feature set
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contains more readable features. Student’s t-tests were used to explore significant differences in the payment behavior
of different demographic groups. The card data-emulated feature set was constructed to emulate the anonymized card
data and consists of 34 variables. The card data-emulated feature set summarizes the payment behavior per payment
instrument. This feature set only contains electronic payment instruments such as debit, credit, prepaid cards, and
mobile payment applications. The card data-emulated feature set is used to train models that infer sociodemographic
distributions in the card data. The payment data were aggregated according to three dimensions: a time dimension (e.g.,
the mean value of payments on Tuesday), a purpose dimension (e.g., the number of payments in retail stores), and a
payment instrument dimension (e.g., the number of payments with credit cards). For every dimension, the payment
distribution per study participant was summarized with simple metrics (e.g., the mean value of payments) following the
sensing and social computing literature [46].

4.2 Statistical methods

In the second stage, to assess which payment behavior is most indicative of a demographic group, independent Student’s
t-tests [32] are performed on the simplified feature set. P values were adjusted with the Bonferroni correction [45]. To
account for differing variances per group, t-tests were performed with a Welch correction [17]. Additionally, the mean
differences between payment features per demographic group with 95% confidence intervals were calculated. The mean
differences are used to assess the noncausal effect size of a demographic variable on a feature. The mean differences are
denoted in units of the respective feature (e.g., the value is denoted in CHF). Additionally, the mean differences have
been standardized with Cohen’s d metric [35].

4.3 Machine learning methods

To assess whether sociodemographic variables can be inferred by payment behavior, an inference task was defined. The
inference task was run on the 2020 and 2017 payment survey data via the extensive feature set. All the demographic
variables are inferred in a one-vs.-many binary setting. To address class imbalances, naive downsampling was used in
training and testing. Given the resampling and binarization of the variables, all inference results can be compared with
a 50% baseline accuracy.

The machine learning methods used in the inference task include regularized logistic regression, random forest,
XG Boost, Ada boost and a fully connected multilayer neural network (all methods are referenced in [41]). All the
experiments were implemented with python and run with machine learning libraries such as scikit-learn [38] and a
python XG Boost implementation [12] and PyTorch [37] for the neural network. Hyperparameter tuning was performed
on all methods via exhaustive grid search cross-validation [41]. For the random forest, parameters such as the number
of trees, minimum sample split, and maximum depth were optimized. For XG Boost, the number of estimators, the max
depth, the penalty value (lambda), and the learning rate were optimized. The neural network consists of four hidden
layers (100, 80, 40, and 20 neurons) and uses leaky ReLU as the activation function for the hidden layers and a sigmoid
as the activation function for the output layer. The number of epochs, batch size, and learning rate were determined via
hyperparameter tuning.

4.4 Inference pipeline

To enrich anonymized card data with sociodemographic information, we use an inference pipeline, which comprises
five stages: Data preprocessing, feature extraction, training, inference and validation (see Fig. 4). The pipeline uses all
discussed data sources: payment and sociodemographic survey data, anonymized card data, and sociodemographic
Manuscript submitted to ACM
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census data (see Section 3). The data were preprocessed by removing observations with missing values and ensuring
that the payment survey and card data shared the same set of attributes, for instance by mapping NOGA codes to
survey-defined payment locations (see Section 3.1). Then, we extracted the card data-emulated feature sets (see Section
4.1) from both the payment survey and the card data. It is important to point out that we used the same feature
extraction method (in Fig. 4 referred to as 𝑓𝑐 ()) for payment survey and card data, so to later infer with the same
model sociodemographic information from both payment survey and card data. Using the payment features and
sociodemographic variables extracted from the payment survey data, we trained models with the machine learning
methods described in Section 4.3. In our context, a model refers to a trained machine learning method that can infer
sociodemographic information from unseen payment data. The models were then applied to infer sociodemographic
variables from both survey and card data. In the final step, the inference results were validated (referred to as 𝑌𝑠 ∼ 𝑌𝑠

in Fig. 4). Validation on survey data is straightforward given that it contained sociodemographic variables. Validation
followed a 10-fold cross-validation strategy, which provides mean accuracies and their standard errors. Furthermore,
additional metrics as recall, precision, and F1 were computed. For the sociodemographic inference on anonymized data,
validation was performed by comparing inferred sociodemographic variables at the postal-code level with census data.
Assuming that individuals make payments where they live, the correlations between the model-inferred and census
distributions indicate how well sociodemographic variables can be inferred from anonymized card data.
The proposed inference pipeline provides a reproducible framework for public institutions and can be regularly retrained
on new payment survey data to mitigate sample bias. This is particularly important because our survey was conducted
during the COVID-19 pandemic and captures only one week of payment data per participant. Moreover, the data may
suffer from selection bias. Although the survey targeted a representative sample of the Swiss population, participants
were incentivized with 100 CHF (approximately 110 USD in 2022), which likely increased participation among lower-
income individuals, who are indeed overrepresented (see Table 2). Such biases heighten the risk of distributional shifts,
where the training data distribution differs from the inference data distribution [29, 30, 36], thereby reducing inference
performance. Thus, continuous retraining and fine-tuning with new data are essential for improving robustness and
minimizing bias in the inference pipeline.

Data preprocessing Feature extraction Training Inference Validation

𝑌𝑠 = sociodem. survey data
𝑋𝑠 = payment survey data

𝑋𝑐 = anon. card data

𝑌𝑠𝑐 = sociodem. census data

𝐹𝑠 = 𝑓𝑐 (𝑋𝑠 )

𝐹𝑐 = 𝑓𝑐 (𝑋𝑐 )

𝑌𝑠 = 𝑀𝐿𝑠 (𝐹𝑠 ) 𝑌𝑠 = 𝑀𝐿𝑠 (𝐹𝑠 )

𝑌𝑐 = 𝑀𝐿𝑠 (𝐹𝑐 )

𝑌𝑠 ∼ 𝑌𝑠

𝑌𝑐 ∼ 𝑌𝑠𝑐

Variables: 𝑌 = sociodemographic variables,𝑋 = payment data, 𝐹 = payment features, 𝑌 = inferred sociodemographic variables, 𝑓 ( ) = feature
extraction method,𝑀𝐿 ( ) = machine learning method,
Subscripts: 𝑠 = survey data, 𝑐 = anonymized card data, 𝑠𝑐 = sociodemographic census data

Fig. 4. Flow diagram of the inference pipeline for enriching anonymized card data with sociodemographic information.

5 Results

In this section, we first show that sociodemographic groups significantly differ in their payment behavior. Then we
conduct an analysis to assess how well those characteristics can be inferred from payment survey data. Finally, we
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show that card data can be used to infer sociodemographics that align with national distributions, and we explore a
potential application of card data enriched with sociodemographics.

5.1 Statistical analysis

This section explores which payment behavior is most indicative of different sociodemographic groups. The payment
behavior of sociodemographic groups was modeled with the simplified payment feature set. In Table 3, the top 5 most
indicative features per sociodemographic group, as measured by Student’s t-tests on the basis of the 2020 data, are
shown. Table 7 in the Appendix shows summary statistics per binary demographic group. Table 8 in the Appendix
shows the top 5 most indicative features per sociodemographic group on the basis of the 2017 data. The most indicative
features of the 2017 and 2020 surveys are similar.

We discuss the most indicative payment behavior of age groups, labor force, sex and marital status, financial index
groups and education level. The most indicative features per demographic group are often intuitive and in accordance
with the literature.

Considering age groups, participants below 25 years spend, on average, 28 CHF less in retail stores and have 2.3 cash
payments less per week than older participants. People above 65 have, on average, 2.5 more cash payments, while using
the contactless function less frequently. Furthermore, older participants are less likely to use mobile or e-commerce
payments. The observed differences in age-related payment behavior are in accordance with the literature [6, 11, 14].

Considering labor force status, participants who are employed tend to have more payments than people who are
not employed. Specifically, employed participants have more contactless, debit, e-commerce and mobile payments.
With respect to sex and marital status, we find that women tend to make fewer payments at restaurants, bars, and
petrol stations while making more payments for durable products. Compared with unmarried participants, married
participants tend to have greater expenditures at retail stores and petrol stations but go less frequently to restaurants
and bars.

Considering the financial index of participants, low-financial index participants have very constant and low value
payments in restaurants and bars. This behavior may reflect routine visits to cafeterias during lunchtime. Furthermore,
participants with a low financial index tend not to use credit cards and contactless payments. In contrast, high-financial
index participants often use credit cards, the contactless feature, and e-commerce platforms. Their expenditure in
restaurants is, on average, 15 CHF higher. These findings are in accordance with prior research, which suggests that
low-income people tend to use cash and that high-income people tend to use credit cards [14, 34].

Finally, the education level of the participants seemed to influence their payment behavior. People with primary
education make fewer payments in general while having fewer payments for public services in particular. Furthermore,
their mean expenditure with credit cards is 27 CHF lower. People with tertiary education, however, seem to be quite
technologically adept. They often pay with the contactless feature, credit cards, mobile payments, and on e-commerce
platforms. The results regarding the differences in cash and credit card usage according to education level are supported
by other studies [14, 34].

In conclusion, the statistical analysis revealed that the payment behavior of sociodemographic groups differed
significantly. The use of payment instruments, especially cash and cards, depends strongly on age, educational level,
and financial status.
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Table 3. Top 5 most indicative features as measured by Student’s t tests for each sociodemographic group in the 2020 survey.

Feature t_stat Diff [95% CI Diff] CD Feature t_stat Diff [95% CI] CD

Be
lo
w
25

𝑣𝑎𝑙𝑢𝑒 Retail 16.36**** -28.06 [-31.42, -24.69] -0.55

A
bo

ve
65

#Cash 11.13**** 2.48 [2.04, 2.92] 0.60
#Cash 11.08**** -2.25 [-2.65, -1.85] -0.54 #contactless 9.6**** -1.58 [-1.9, -1.25] -0.43
#Payments 10.86**** -3.13 [-3.7, -2.56] -0.59 #Debit Card 8.35**** -1.37 [-1.69, -1.05] -0.38
#Household services 10.25**** -0.07 [-0.09, -0.06] -0.26 #E-Commerce 7.41**** -0.25 [-0.31, -0.18] -0.29
#Retail 10.19**** -1.83 [-2.18, -1.48] -0.58 #Mobile/Online 7.17**** -0.46 [-0.58, -0.33] -0.29

St
ud

en
t

𝑣𝑎𝑙𝑢𝑒 Retail 15.03**** -27.27 [-30.83, -23.7] -0.53

Em
pl
oy

ed

#contactless 9.62**** 1.50 [1.2, 1.81] 0.41
𝑣𝑎𝑙𝑢𝑒 Petrol stations 12.29**** -12.31 [-14.28, -10.35] -0.48 #Debit Card 7.47**** 1.15 [0.85, 1.45] 0.32
#Payments 11.89**** -3.46 [-4.03, -2.89] -0.65 #E-Commerce 6.03**** 0.22 [0.15, 0.29] 0.25
#Retail 11.54**** -2.08 [-2.43, -1.72] -0.66 #Mobile/Online 5.63**** 0.37 [0.24, 0.5] 0.23
#Cash 10.22**** -2.19 [-2.61, -1.77] -0.52 #Payments 5.46**** 1.29 [0.83, 1.76] 0.24

Fe
m
al
e

#Restaurant/bar 8.9**** -0.95 [-1.16, -0.74] -0.39

M
ar
rie

d

𝑣𝑎𝑙𝑢𝑒 Petrol stations 6.19**** 6.91 [4.72, 9.1] 0.27
#Petrol stations 6.37**** -0.25 [-0.32, -0.17] -0.28 𝑣𝑎𝑙𝑢𝑒 Retail 5.48**** 12.49 [8.02, 16.96] 0.24
𝑣𝑎𝑙𝑢𝑒 Restaurant/bar 5.45**** -8.59 [-11.68, -5.5] -0.24 𝜎 (𝑣𝑎𝑙𝑢𝑒 ) Credit card 5.06**** 13.77 [8.43, 19.1] 0.22
#Durable products 5.08**** 0.25 [0.16, 0.35] 0.22 𝑣𝑎𝑙𝑢𝑒 5.02**** 14.55 [8.86, 20.24] 0.22
𝑣𝑎𝑙𝑢𝑒 Petrol stations 4.43*** -5.02 [-7.24, -2.8] -0.19 #Restaurant/bar 4.89**** -0.53 [-0.75, -0.32] -0.22

Lo
w
fin

𝜎 (𝑣𝑎𝑙𝑢𝑒 ) Restaurant/bar 6.46**** -7.60 [-9.91, -5.29] -0.23

H
ig
h
fin

#Credit card 6.06**** 1.27 [0.86, 1.68] 0.51
#Credit card 6.04**** -0.79 [-1.05, -0.53] -0.31 𝑣𝑎𝑙𝑢𝑒 Restaurant/bar 5.13**** 15.39 [9.48, 21.29] 0.42
𝑣𝑎𝑙𝑢𝑒 Credit card 6.04**** -20.91 [-27.7, -14.12] -0.24 #contactless 4.82*** 1.30 [0.77, 1.83] 0.35
𝑣𝑎𝑙𝑢𝑒 Restaurant/bar 5.85**** -9.81 [-13.1, -6.52] -0.27 #E-Commerce 4.62*** 0.35 [0.2, 0.5] 0.40
#Mobile/Online 5.74**** -0.39 [-0.52, -0.25] -0.24 𝑣𝑎𝑙𝑢𝑒 Credit card 4.29** 25.57 [13.84, 37.3] 0.29

Pr
im

ar
y
ed
u 𝑣𝑎𝑙𝑢𝑒 Credit card 9.42**** -26.84 [-32.44, -21.25] -0.31

Te
rt
ia
ry

ed
u #contactless 7.16**** 1.21 [0.88, 1.54] 0.32

#Payments 8.25**** -2.84 [-3.51, -2.16] -0.53 #E-Commerce 6.5**** 0.26 [0.18, 0.34] 0.30
#Public services 7.15**** -0.06 [-0.08, -0.04] -0.22 #Credit card 6.31**** 0.73 [0.51, 0.96] 0.29
𝜎 (𝑣𝑎𝑙𝑢𝑒 ) 6.58**** -38.51 [-50, -27.01] -0.24 #Mobile/Online 6.15**** 0.46 [0.32, 0.61] 0.29
𝑣𝑎𝑙𝑢𝑒 Online banking 6.36**** -45.52 [-59.54, -31.49] -0.17 #Payments 5.89**** 1.41 [0.94, 1.88] 0.26

5.2 Inferring sociodemographic groups in the survey data

The following section investigates whether sociodemographic groups can be inferred by their payment behavior, as
detailed in the payment survey. First, different models are trained and tested with the extensive feature set on the 2020
survey data. Second, the accuracies obtained per sociodemographic group are discussed. Third, the results of the 2020
survey are compared with the results of the 2017 survey.

Table 4. Results per sociodemographic group for logistic regression, Random Forest, XG Boost, Ada Boost and multilayered neural
network.

Demographic #𝑠𝑎𝑚𝑝𝑙𝑒𝑠 Logit Random Forest XG Boost Ada Boost Neural Net
𝐴 (𝐴𝜎 ) 𝐴 (𝐴𝜎 ) 𝐴 (𝐴𝜎 ) 𝐴 (𝐴𝜎 ) 𝐴 (𝐴𝜎 )

Students (468) 61.03 (2.63) 83.11 (1.31) 82.90 (1.5) 83.51 (1.33) 79.04 (1.39)
Below 25 (566) 62.84 (1.57) 82.00 (1.84) 81.09 (1.76) 80.74 (1.47) 77.94 (2.31)
Above 65 (1100) 61.64 (1.41) 71.00 (1.14) 71.64 (1.39) 69.91 (1.08) 65.82 (1.46)
In retirement (1136) 63.74 (1.06) 70.96 (1) 70.60 (0.9) 71.39 (0.75) 64.27 (1.7)
Primary edu. (376) 65.95 (1.88) 70.42 (2.47) 67.73 (3.63) 67.79 (2.19) 63.29 (1.88)
High fin. (590) 62.53 (2.15) 67.30 (1.73) 65.25 (1.02) 64.91 (1.36) 59.79 (1.96)
Married (2016) 61.81 (0.91) 65.92 (0.79) 65.28 (1.06) 65.13 (1.05) 62.81 (0.89)
Employed (1764) 58.51 (1.07) 64.92 (1.22) 64.52 (1.11) 64.12 (1.01) 59.75 (1.11)
Female (2094) 59.17 (0.77) 63.70 (1.01) 63.89 (0.88) 64.90 (0.77) 58.69 (0.52)
Low fin. (558) 60.07 (1.53) 64.37 (2.35) 61.81 (1.65) 60.24 (2.23) 58.44 (1.8)
Tertiary edu. (1796) 58.74 (1.04) 61.92 (0.89) 60.30 (0.78) 60.80 (0.71) 56.91 (0.81)
Countryside (704) 53.70 (1.1) 58.67 (2.05) 57.52 (1.58) 56.11 (1.59) 52.59 (1.98)
City (1628) 56.26 (1.41) 55.28 (0.92) 54.97 (1.22) 52.22 (0.83) 52.15 (0.95)
Swiss citizenship (598) 49.37 (1.9) 55.53 (1.85) 56.21 (1.82) 54.54 (1.81) 51.50 (1.38)

First, Table 4 shows the results for the five machine learning models applied to the full set of 15 sociodemographic
variables and the 2020 extensive feature set. A comparison of the different machine learning models reveals that the
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Fig. 5. Sociodemographic inference results on the basis of the 2017 and 2020 payment survey data.

ensemble models (random forest, XG Boost, AdaBoost) outperform the neural network and the logistic regression. The
three ensemble models produce very similar results. However, the random forest outperforms the two other models by
a small margin. The random forest especially outperforms the other two models in the case of inferences with a limited
sample size. The inference class imbalances, as measured by the precision and recall metrics, of the ensemble models
are negligible (see Appendix, Table 9). For all subsequent experiments, a random forest is used.

Second, as seen in Table 4, the random forest infers binary sociodemographic groups with accuracies ranging between
above 80% to below 60%. Some demographic groups that are especially well identifiable by their payment behavior
are age groups and closely related labor market groups (accuracies ranging between 71% and 83%). However, given
the strong overlap of those groups (people above 65 years tend to be in retirement), in the subsequent experiments,
only the results of the age groups are shown. Participants with primary education can be inferred with an accuracy
above 70%. Other variables such as marital status, sex, employment status, and the financial index can be inferred with
accuracies ranging between 60% and 70%. Finally, there are variables with accuracies below 60% and high standard
errors. Those variables include the residence location (city and countryside) and the participants’ nationality. Those
sociodemographic groups seem to be almost not discernible given their payment behavior. This finding indicates that
there are no specificities in the payment behavior of those groups or that those sociodemographic groups are ill defined.
All variables with an accuracy below 60% were not considered in subsequent experiments.

Third, when we compare the results of the selected sociodemographic groups on the basis of the data from 2017 and
2020, we can observe some differences (see Fig. 5). First, the 2020 data tend to yield higher accuracies (Δ𝐴2.2%). For
example, the model infers the participants below 25 group and the primary educated group with 7% accuracy better in
2020 than in 2017. However, for most variables, the difference is less than 5%. Finally, the order of accuracies remained
very similar in 2017 and 2020. This means that sociodemographic groups that can be accurately inferred in 2017 can
also be accurately inferred in 2020.
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In conclusion, we show that a wide variety of sociodemographic groups can be identified accurately by their payment
behavior. Some sociodemographic groups, such as younger people (below 25) or older people (above 65), have very
discernible payment behavior. Other sociodemographic variables, such as the nationality or the residency location,
cannot be identified by payment behavior. Group-specific payment behavior persists over time (see Fig. 11) and is more
accentuated in 2020 than in 2017.

5.3 Inferring sociodemographic groups in the card data

The following section investigates whether the learned relationship between payment behavior and sociodemographic
groups can be used to infer sociodemographic groups in anonymized card data. We proceed in three stages. First, models
are trained and tested on the card data-emulated feature set from the 2020 survey to estimate accuracies in an anonymized
setting. Second, trained models are employed on the 2020 card data to estimate sociodemographic distributions and are
validated by comparing the inferred distributions with postal code census data. Third, time-dependent age distributions
in the card data have been estimated as a possible monitoring use case.

In the first stage of inference, the model is trained on the card data-emulated feature set, which mimics the features
that can be created with the anonymized card data. In contrast to the survey data, sociodemographics are inferred here
on the level of cards. Thus, the models have no information about payment instrument choices. In Fig. 6, the resulting
accuracies of the card data-emulated and extensive feature sets are compared on the basis of the 2020 survey data. It is
apparent that there is a large decrease of 7.1% in mean accuracy across all sociodemographic groups. The decrease in
accuracy reinforces the sentiment that payment instrument choices contain important sociodemographic information.
Nevertheless, 4 variables have accuracies above 60%. The best identifiable sociodemographic groups are age groups.
The age group below 25 reaches an accuracy of 72%, and the age group above 65 reaches an accuracy of 65%, with both
variables having standard errors of approximately 1.4%. Married people were identified with an accuracy of 62.4% and
low standard errors. For the following experiments, only the married group and the age groups below 25, and above 65
were considered.

In the second stage of inference, the sociodemographic variables below 25, above 65, and married were inferred from
anonymized card data. To validate the estimated sociodemographic variables, the estimated distributions were compared
with official census data published by the Federal Statistical Office [25]. To aggregate the inferred sociodemographics,
it was assumed that the cardholders live in the postal code where they make the most payments. The estimated
sociodemographic distribution of each postal code was subsequently compared with the census data. To obtain robust
estimations, only postal codes with more than 5,000 inhabitants were considered, resulting in 402 valid postal codes. The
resulting correlations between the census data and the inferred distributions of the card data are shown in Fig. 7. The
inferred shares of the age group below 25 do not match the official shares and produce a negligible negative correlation.
The age group above 65 reaches a moderate correlation of 𝑅 = 0.39. Finally, the inferred shares of married people
match the official shares well, producing a strong correlation of 𝑅 = 0.66. The negative correlation concerning the age
group below 25 may either indicate that the model does not identify young people reliably or that the assumption
for the spatial mapping of inferred shares and census shares does not hold for young people. The assumption that
people live where they make the most payments is disputable and may breakdown with very mobile population groups.
For example, young people may live with their parents in suburbs while commuting every day to university or their
workplace in the city, where they have lunch and do their shopping.

In the third stage of inference, we explore the informative value of the in card data inferred sociodemographics. As a
use case we calculate the likelihood of payments being made by age groups during different times of the day (see Fig. 8).
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Fig. 6. Sociodemographic inference results on the basis of the card-emulated feature set compared with the extensive feature set.
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Fig. 7. Correlation analysis between inferred sociodemographic shares and census sociodemographic shares. The 𝑅 correlation
measurement and the p value (different from zero) are reported in the upper left corner.

This is an interesting monitoring use case, given that the models never had information on the time of payments. To
determine the normalized likelihood of an age group making a payment during a specific hour, the payment probability
per hour of each age group was estimated and normalized via z-normalization. A negative normalized likelihood
indicates that an age group is less likely to make a payment during a given hour. A positive likelihood indicates that the
age group is more likely to make a payment. The resulting likelihoods of the two age groups mirror each other. This is
partially mechanically driven given that a low likelihood of one age group leads to a high likelihood of the opposed
age group. However, it is interesting to examine when the models suggest that one age group (or the other) is active.
Looking at the normalized likelihoods during weekdays (see Fig. 8), we can see that the model estimates that people
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Fig. 8. Normalized inferred likelihood of payments being made by below-25 or above-65 age groups given the hour of the day.

below 25 are rather active during the morning, lunchtime, and the evening, whereas people aged 65 and above are
doing their shopping before and after lunch. During the weekend, payments between 7:00 and 18:00 are estimated to
be from older people, whereas payments after 20:00 and into the night and early morning are estimated to be from
younger people. The models intuitively suggest that the payment behavior of different age groups depends on the time
of day and differs between weekdays and weekends.

In conclusion, the experiments using survey data (Fig. 6) show that it is possible to identify sociodemographic
variables in card data. Furthermore, it is possible to estimate postal code-level sociodemographic distributions on the
basis of card data for some variables (see Fig. 7). Finally, the models intuitively suggest that different age groups may
have different temporal payment patterns throughout the day (see Fig. 8).

6 Discussion

This analysis shows that sociodemographic groups exhibit fundamentally different payment behaviors concerning the
choice of payment instrument and payment behavioral metrics. It is possible to identify and infer sociodemographic
groups in payment survey data. Estimating sociodemographic shares in anonymized card data is more difficult, but
promising results have been obtained. To fairly assess this study, it is necessary to contextualize the presented results
concerning policy implications, privacy considerations, data limitations, and reliability.

6.1 Policy implications

The policy implications of this study are twofold. First, different population groups show different preferences for
payment instruments. Second, the proposed inference pipeline allows sociodemographic characteristics to be inferred
from payment behavior, enabling public institutions to enrich card data with sociodemographic information.

With respect to the first point, our statistical analysis (Section 5.1) shows that the use of different payment instruments
depends on sociodemographic characteristics such as age, sex, educational level, income, and marital status. The t-tests
in Table 3 indicate, for example, that university-educated and high-income groups are more familiar with new payment
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technologies such as contactless and mobile payments. By contrast, people with lower incomes and those above 65
tend to rely on cash (see Table 3). This suggests that the ongoing trend of declining cash usage and increasing usage of
electronic payment instruments [4, 13, 44] does not apply equally across all parts of society. Thus, to ensure financial
inclusion, it remains important to maintain access to payment instruments with declining usage, particularly cash.

Regarding the second point, our inference results with payment survey data (see Section 5.2) show that some
sociodemographic groups can be identified from payment behavior. Moreover, our inference results with card data (see
Section 5.3) indicate, that it is possible to estimate the distribution of certain sociodemographic groups in anonymized
card data. This enables ongoing monitoring of payment behavior across sociodemographic groups using card data.

The inference pipeline described in Section 4.4 enables public institutions to use card data to monitor sociodemo-
graphic groups alongside traditional payment surveys. In this way, the methodology can serve as a cost-effective
complement to surveys by providing more timely insights between survey waves. This might not only result in lower
costs associated with surveys but also reduce the burden on participants and allow updates to be made more fre-
quently. Such continuous monitoring may be useful for tracking payment trends or reactions to economic shocks across
sociodemographic groups, while still ensuring that the privacy rights of cardholders are respected.

6.2 Privacy considerations

Both the data used in the study and the investigated research questions can be discussed concerning possible privacy
implications. With respect to the data, the payment surveys were conducted following a strict privacy protocol
[42, 43]. No individuals can be identified in the survey data. The used card data were anonymized, and data protection
measurements were implemented to render the identification of individuals impossible. This includes limiting location
information of payments to coarse geographic information and indicating broad sector information of merchants. The
data storage method complies with data protection regulations and is accessible only from devices within the Swiss
National Bank network. With respect to the research questions, this study only considers the aggregate of a given
sociodemographic group. This study does not identify the sociodemographics of individuals but identifies the payment
behavior of sociodemographic groups.

6.3 Data limitations and reliability of the results

Concerning the data, two limitations must be noted. First, the data represent a small and biased time frame. Second,
two datasets with different data definitions were used jointly. To fairly assess the reliability of the results, we must
consider first that sociodemographics can be ill-defined and second that some assumptions to estimate sociodemographic
distributions are disputable.

First, the payment diary data cover only a short and potentially biased time period. As discussed in Section 4.4,
participants recorded their payments for just one week, were incentivized with 100 CHF, and the study took place
during the COVID-19 pandemic. These factors may have increased the likelihood of sample bias.

Second, the payment surveys and the card data present differing definitions of payment instruments and payment
purposes. For example, credit cards used with a mobile wallet (e.g., Apple Pay) are defined as mobile payments in the
payment surveys and as credit card payments in the card data. This may be problematic given that the inference models
are trained on the payment surveys and then employed on the card data. Such differences in data specifications may
lead to distributional shifts, which may bias the inference [29, 30, 36].

Considering the reliability of the results, two points are worth discussing. First, we must discuss the definitions of
sociodemographic groups. While some sociodemographic groups can be inferred with accuracies exceeding 80%, others
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can be inferred only moderately well. This is not surprising given that sociodemographic groups do not behave uniformly
or may be ill-defined [39]. Some participants below 25, for example, already have a stable job with a high-income, which
is not a common trait for this age group. The obtained results describe the average representative of a sociodemographic
group and should certainly not be generalized to all members of the group.

Second, this study estimates sociodemographic distributions with anonymized card data, which match official census
data with correlations up to 𝑅 = 0.66 but also negative correlations. The negative correlations between the official census
data and the obtained estimations may suggest that the models produce unreliable results with card data. However, the
assumption that people live where they pay, which allows the mapping of sociodemographic census shares to card
data shares, may break down with mobile population groups. Future work could focus on establishing other validation
strategies that test whether estimated sociodemographic distributions in unlabeled data are reliable.

7 Conclusion

This study shows that sociodemographic groups exhibit different payment behaviors and proposes a methodology to
enrich card data with sociodemographic information.

This study discusses differences in payment behavior across sociodemographic groups. Based on more than 4,000
payment diaries from a 2017 and 2020 payment surveys, we identify distinct payment behavioral patterns per so-
ciodemographic group. Older and low-income groups rely more heavily on cash, whereas younger, higher-income,
and tertiary-educated groups tend to use more digital payment methods such as mobile, contactless, and e-commerce
payments. These findings indicate that the current decline in cash usage is not uniform across society. This highlights
the need for public institutions to maintain access to cash infrastructure in order to ensure financial inclusion across all
parts of society.

This study proposes a methodology that enables public institutions to monitor the payment behavior of sociodemo-
graphic groups using card data while safeguarding privacy. Based on payment and sociodemographic survey data, we
show that sociodemographic groups can be inferred from their payment behavior, with accuracies ranging from 55% to
83%. Building on this result, we propose an inference pipeline that allows public institutions to enrich anonymized
card data with sociodemographic information. The pipeline applies machine learning models trained on survey data to
estimate sociodemographic distributions in anonymized card data. It includes a validation mechanism that compares
these inferred distributions with national census data. By adopting this methodology, public institutions can complement
regular surveys with timely and cost-effective information on sociodemographic payment behavior from anonymized
card data.

Future work could extend this study in several ways. First, since our analysis relies on temporally limited survey
data from Switzerland collected during the COVID-19 pandemic, the inference pipeline should be validated using data
from other periods and countries. Ideally, this would involve longitudinal survey data tracking the same individuals
over time, enabling continuous evaluation of the pipeline’s reliability and model retraining. Second, public institutions
could benefit from integrating the pipeline into real-time payment data acquisition processes. Investigating how to
adapt the approach for real-time sociodemographic inference would raise important questions regarding validation
strategies and the mitigation of biases from distributional shifts. Third, our current validation relies on comparisons
with national census data, which assumes that people make payments where they live. As discussed in the paper, this
assumption might not hold for certain sociodemographic groups. Future research should therefore develop more robust
validation strategies for sociodemographic inference in anonymized card data.
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Table 5. Mapping between NOGA codes, payment attributes and survey-defined payment purposes.

Survey Card Data Resulting Category
Location NOGA Codes Payment Attribute
Convenience store 47 Retail
Durable products 47 Retail
Petrol stations 47 Retail
Postal shopping 47 Retail
Travelling 55 Travelling
Restaurant/bar 56 Restaurant/bar
Leisure 93 Leisure
Other services 96/49 Services
Payments to individuals 96/49 Services
Household services 96/49 Services
E-Commerce Other Online E-Commerce
Vending machines Other Unattended POS Vending machines
Other Other Other
Governmental services Other Other
Donations Other Other

Table 6. Summary table of the feature extraction.

Feature set Temporal features Payment instrument features Payment location features
# features # features # features # features
Extensive Numeric week of the year.

Number of payments, mean and
sd1 payment value for:
Monday/ Tuesday/ Wednesday/
Thursday/ Friday/ Saturday/
Sunday

Number of payments, mean and
sd1 payment value for:
Cash / Credit Card / Credit Card, CL /
Debit Card / Debit Card, CL /
Prepaid Card / Prepaid Card, CL /
Mobile/Online Payment /
Merchant Specific / Online Banking /
Teller/ Others

Number of payments, mean and
sd1 payment value for:
Restaurant, bars, takeaway /
Convenience store / Durable products /
Petrol stations / Vending machines /
E-Commerce / Postal shopping
Payments to individuals /
Household services /
Governmental services / Other services /
Leisure / Donations /
Travelling / Other locations

103 features 22 features 36 features 45 features
Simplified Numeric week of the year.

Number of payments, mean and
sd1 payment value for:
Week

Number of payments, mean and
sd1 payment value for:
Cash / Credit Card / Debit Card /
Prepaid Card / Mobile/Online Payment /
Merchant Specific / Online Banking /
Teller/ Contactless /
Others

Number of payments, mean and
sd1 payment value for:
Restaurant, bars, takeaway /
Convenience store / Durable products /
Petrol stations / Vending machines /
E-Commerce / Postal shopping
Payments to individuals /
Household services /
Governmental services / Other services /
Leisure / Donations /
Travelling / Other locations

79 features 4 features 30 features 45 features
Card data
emulated

Numeric week of the year.
Number of payments, mean and
sd1 payment value for:
Week

Card type dummy (debit, credit, prepaid
or mobile). Number of payments, mean
and sd1 payment value for
contactless

Number of payments, mean and
sd1 payment value for:
Convenience store /
Restaurant, bars, takeaway /
Vending machines / E-Commerce /
Travelling / Leisure /
Services / Other locations

34 features 4 features 6 features 24 features
sd = standard deviation, CL = Contactless
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Table 7. Summary statistics per binary sociodemographic group based on the 2020 survey.

Demographics #𝑝𝑎𝑦𝑚𝑒𝑛𝑡𝑠 𝑚𝑒𝑎𝑛𝑣𝑎𝑙𝑢𝑒 𝑠𝑑𝑣𝑎𝑙𝑢𝑒 Demographics #𝑝𝑎𝑦𝑚𝑒𝑛𝑡𝑠 𝑚𝑒𝑎𝑛𝑣𝑎𝑙𝑢𝑒 𝑠𝑑𝑣𝑎𝑙𝑢𝑒

Below 25 7.80 28.62 36.12 25 above 10.93 55.80 79.31
Above 65 10.83 61.35 88.06 Below 65 10.39 48.86 68.31
In education 7.43 30.23 37.66 Not in education 10.89 54.89 77.98
Employed 11.05 52.57 76.28 Not employed 9.76 51.54 69.62
Female 10.32 52.25 69.22 Male 10.69 52.02 77.77
Married 10.74 59.12 85.01 Not married 10.25 44.57 61.01
Low fin index 8.91 41.09 46.19 Not low fin index 10.76 53.95 78.08
High fin index 11.42 66.28 104.37 Not high fin index 10.36 49.81 68.54
Primary educated 7.93 35.09 38.21 Not low educated 10.77 53.70 76.71
Tertiary educated 11.31 55.94 80.71 Not high educated 9.90 49.03 67.52

Table 8. Top 5 most indicative features as measured by Student’s t-tests for each sociodemographic group in the 2017 survey.

feature t_stat Diff [95% CI Diff] CD feature t_stat Diff [95% CI] CD

Be
lo
w
25

𝑣𝑎𝑙𝑢𝑒 Petrol stations 8.47**** -10.93 [-13.47, -8.4] -0.41

A
bo
ve

65

#Debit Card 7.23**** -1.12 [-1.42, -0.81] -0.39
𝑣𝑎𝑙𝑢𝑒 Retail 7.95**** -22.81 [-28.44, -17.19] -0.26 #E-Commerce 6.87**** -0.12 [-0.16, -0.09] -0.25
𝑣𝑎𝑙𝑢𝑒 Cash 7.8**** -13.28 [-16.61, -9.94] -0.23 𝑣𝑎𝑙𝑢𝑒 E-Commerce 4.67*** -12.44 [-17.66, -7.22] -0.14
𝜎 (𝑣𝑎𝑙𝑢𝑒 ) Retail 7.03**** -23.14 [-29.6, -16.69] -0.19 #Vending machines 4.48*** -0.29 [-0.42, -0.16] -0.22
𝑣𝑎𝑙𝑢𝑒 6.65**** -22.23 [-28.8, -15.67] -0.28 #Donations 4.41** 0.12 [0.07, 0.18] 0.38

St
ud

en
t

𝑣𝑎𝑙𝑢𝑒 Petrol stations 11.63**** -14.08 [-16.46, -11.69] -0.53

Em
pl
oy

ed

𝑣𝑎𝑙𝑢𝑒 Petrol stations 8.87**** 10.27 [8, 12.54] 0.39
#Donations 10.41**** -0.08 [-0.1, -0.07] -0.26 #Debit Card 6.82**** 0.88 [0.63, 1.13] 0.31
𝑣𝑎𝑙𝑢𝑒 Debit Card 10.27**** -26.62 [-31.72, -21.53] -0.38 #Petrol stations 6.15**** 0.31 [0.21, 0.41] 0.27
𝑣𝑎𝑙𝑢𝑒 Cash 8.14**** -14.84 [-18.41, -11.26] -0.26 #Payments 5.67**** 1.49 [0.98, 2.01] 0.26
𝑣𝑎𝑙𝑢𝑒 8.01**** -25.91 [-32.27, -19.55] -0.32 #Restaurant/bar 5.58**** 0.80 [0.52, 1.08] 0.24

Fe
m
al
e

#Restaurant/bar 8.96**** -1.31 [-1.6, -1.02] -0.41

M
ar
rie

d

𝑣𝑎𝑙𝑢𝑒 Petrol stations 4.9**** 6.14 [3.68, 8.61] 0.23
#Petrol stations 6.87**** -0.35 [-0.45, -0.25] -0.31 𝑣𝑎𝑙𝑢𝑒 4.1** 15.64 [8.16, 23.13] 0.20
𝑣𝑎𝑙𝑢𝑒 Petrol stations 5.58**** -6.76 [-9.13, -4.38] -0.25 𝑣𝑎𝑙𝑢𝑒 Debit Card 3.98** 13.16 [6.66, 19.65] 0.19
#Other services 4.98**** 0.19 [0.12, 0.27] 0.22 #Credit card 3.34 0.22 [0.09, 0.35] 0.15
𝜎 (𝑣𝑎𝑙𝑢𝑒 ) Petrol stations 4.35** -1.87 [-2.71, -1.02] -0.20 𝜎 (𝑣𝑎𝑙𝑢𝑒 ) Restaurant/bar 3.16 4.05 [1.54, 6.57] 0.16

Lo
w
fin

𝑣𝑎𝑙𝑢𝑒 Petrol stations 8.87**** -10.64 [-13, -8.29] -0.41

H
ig
h
fin

#Travelling 5.83**** -0.03 [-0.03, -0.02] -0.15
#Credit card 6.48**** -0.42 [-0.54, -0.29] -0.29 𝑣𝑎𝑙𝑢𝑒 Travelling 4.08** -4.90 [-7.26, -2.54] -0.10
#Restaurant/bar 6.09**** -0.94 [-1.25, -0.64] -0.29 #Credit card 3.45 0.91 [0.39, 1.44] 0.64
𝑣𝑎𝑙𝑢𝑒 Restaurant/bar 5.67**** -7.88 [-10.61, -5.16] -0.26 𝑣𝑎𝑙𝑢𝑒 Petrol stations 2.82 13.48 [3.95, 23.01] 0.51
𝜎 (𝑣𝑎𝑙𝑢𝑒 ) Restaurant/bar 5.46**** -6.20 [-8.42, -3.97] -0.24 𝑣𝑎𝑙𝑢𝑒 Debit Card 2.28 19.34 [2.42, 36.27] 0.26

Pr
im

ar
y
ed
u. 𝑣𝑎𝑙𝑢𝑒 Petrol stations 6.52**** -8.88 [-11.56, -6.21] -0.33

Te
rt
ia
ry

ed
u. #Credit card 5.45**** 0.56 [0.36, 0.77] 0.41

#Credit card 5.84**** -0.35 [-0.46, -0.23] -0.25 #Payments 5.04**** 1.87 [1.14, 2.61] 0.32
𝑣𝑎𝑙𝑢𝑒 Debit Card 5.78**** -19.10 [-25.6, -12.6] -0.27 #Debit Card 4.04** 0.67 [0.35, 1] 0.23
𝑣𝑎𝑙𝑢𝑒 Restaurant/bar 5.21**** -7.69 [-10.59, -4.79] -0.27 #Restaurant/bar 3.88** 0.70 [0.34, 1.05] 0.21
𝑣𝑎𝑙𝑢𝑒 Credit card 5.05**** -16.24 [-22.56, -9.93] -0.16 #contactless 3.52 0.36 [0.16, 0.56] 0.26
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Table 9. Results including accuracy, precision and recall metrics per sociodemographic group for Random Forest, XG Boost, Ada
Boost.

Demographic #𝑠𝑎𝑚𝑝𝑙𝑒𝑠 Random Forest XG Boost Ada Boost
𝐴 𝑃 𝑅 𝐴 𝑃 𝑅 𝐴 𝑃 𝑅

In education (468) 83.11 81.36 86.76 82.90 81.13 86.76 83.51 82.21 87.19
Below 25 (566) 82.00 83.41 80.27 81.09 81.26 81.26 80.74 80.97 80.22
Above 65 (1100) 71.00 69.90 74.18 71.64 71.68 71.82 69.91 69.63 70.73
In retirement (1136) 70.96 71.49 70.26 70.60 71.25 69.20 71.39 71.86 70.79
Primary edu. (376) 70.42 72.88 66.52 67.73 69.24 65.35 67.79 67.97 68.65
High fin. (590) 67.30 66.43 71.22 65.25 67.21 60.02 64.91 67.47 58.31
Married (2016) 65.92 64.47 71.43 65.28 65.82 63.80 65.13 65.79 63.31
Employed (1764) 64.92 65.66 63.15 64.52 64.19 65.99 64.12 63.31 67.46
Female (2094) 63.70 63.77 63.51 63.89 64.44 62.18 64.90 65.04 64.66
Low fin. (558) 64.37 63.63 67.79 61.81 60.87 66.30 60.24 58.50 70.30
Tertiary edu. (1796) 61.92 62.93 58.69 60.30 61.44 56.12 60.80 62.37 54.91
Countryside (704) 58.67 58.18 60.21 57.52 56.83 62.73 56.11 55.56 60.53
City (1628) 55.28 55.79 50.61 54.97 55.10 52.33 52.22 52.32 50.37
Swiss citizenship (598) 55.53 55.21 60.53 56.21 56.20 57.87 54.54 55.09 56.14
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Fig. 11. Sociodemographic inference results when training on one year and testing on the other year. The results when training and
testing on the same year are provided as a baseline performance measure.
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