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Abstract

Open banking provides an opportunity to leverage bank transaction data to support gam-
bling harm prevention by providing an objective and comprehensive view of individuals’
gambling activities. In this study, we present a large-scale descriptive analysis of gambling
transaction activity from an open banking dataset, representing a sample of 1,030,788
users of a credit scoring service in the UK for 2022. The median gambler (n=650,502)
transacted with 2 merchants, made 14 deposits, had a typical debit of £10.00, a net loss
of £95.00, and deposited 0.53% of income. Consistent with prior gambling literature, our
analyses revealed small groups of gamblers (i.e., about 3%) who displayed disproportion-
ately higher gambling activity based on their frequency of debits, total amount debited, and
net loss. Males and younger people were more likely to fall into these high-involvement
groups, and group members transacted with significantly more gambling merchants (5 to
6 merchants vs. the median of 2). This study establishes a baseline census of gambling
activity from open banking data, offering insights to inform researchers and policymakers
about opportunities for harm prevention.
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Analyzing gambling behavioral data to build models that identify individuals at risk of
harm has been a focus of both academic research and industry efforts for harm preven-
tion. The typical approach involves using objective tracking data — most commonly from

P< Kasra Ghaharian

kasra.ghaharian@unlv.edu

International Gaming Institute, University of Nevada, Las Vegas, NV, USA

2 William F. Harrah College of Hospitality, University of Nevada, Las Vegas, NV, USA
3 Chestnut Hill Analytics Insights, Boston, Massachusetts, USA

4 Harvard Medical School, Boston, MA, USA

@ Springer


http://orcid.org/0000-0003-4238-0278
http://orcid.org/0009-0000-0133-2275
http://orcid.org/0009-0001-5193-2823
http://orcid.org/0000-0002-1109-7552
http://orcid.org/0000-0002-9754-9790
https://doi.org/10.1007/s10899-025-10419-6
http://crossmark.crossref.org/dialog/?doi=10.1007/s10899-025-10419-6&domain=pdf&date_stamp=2025-8-4

1420 Journal of Gambling Studies (2025) 41:1419-1436

online operators, electronic gambling machines, and other digital platforms — to under-
stand behaviors such as how often people gamble and how much money they spend, as well
as more nuanced markers of harm like chasing losses or variability in wagering (see reviews
in Delfabbro et al., 2023 and Ghaharian et al., 2023b).

These existing efforts to identify gambling-related harm have predominantly relied on
information collected from a single gambling operator, which inherently provides a limited
view of an individual’s overall gambling activity. While this approach has been useful,
and has had notable impacts, it is also subject to limitations. Chief among these is the fact
that analyzing behavioral data from a single operator fails to capture the full breadth of an
individual’s gambling involvement. For example, a prior report revealed that high-spending
gamblers hold accounts with six operators on average (McNair et al., 2021). In addition to
these structural limitations, most gambling research has historically relied on self-reported
data, which is subject to recall biases (Heirene et al., 2022) and challenges recruiting repre-
sentative participants (Pickering & Blaszczynski, 2021).

Accordingly, stakeholders have begun to explore methodologies that capture a broader
range of individuals’ gambling activities, which could be more effective in identifying those
at-risk (Zendle & Newall, 2024a). Efforts to create a “single-customer view”, by pooling
data across operators, face significant implementation challenges and raise questions about
the optimal governance of such a data source (Newall & Swanton, 2024). Using bank trans-
action data is an alternative option, as a range of transactional activity is available including
gambling activities across different merchants (Newall & Swanton, 2024; Swanton et al.,
2019). But implementing harm prevention interventions directly through individual banks
presents significant challenges. Such an approach would require extending the scope of
harm prevention interventions and regulation beyond gambling operators to include finan-
cial institutions as well. Additionally, and similar to the challenge of pooling data across
gambling operators, each bank would need to adopt and support these interventions, requir-
ing coordinated efforts and buy-in across multiple institutions. However, emerging financial
technology (fintech; Pandey et al., 2024) offers a potential solution by allowing aggregation
of consumer activities across multiple banks and accounts, such as checking, savings, and
credit cards.

Open banking, which facilitates data aggregation across individuals’ bank accounts via
account holder consent, presents a promising tool for gambling harm prevention. A key
strength in this context is its ability to offer a holistic view of an individual’s gambling
transactions across the operators they gamble with. However, the technology has yet to
achieve widespread adoption. In the United Kingdom (UK), open banking is relatively more
established, and is being explored to support financial checks in online gambling (Gambling
Commission, 2024). In the United States (US), the Consumer Financial Protection Bureau
has proposed an “open banking rule” (Gillison, 2024), while in Canada, legislation has been
formally approved by the government to develop a framework for “consumer-driven bank-
ing” (Duncan, 2024).
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The Present Study

As both gambling access and fintech continue to develop, a better understanding of how
aggregated financial data can support gambling harm prevention becomes increasingly
relevant. Despite this potential, academic research investigating this data source remains
limited. Seminal work by Muggleton et al. (2021) first demonstrated associations between
gambling spend and a range of negative financial and health outcomes using transaction
data from a single UK retail bank. More recent studies have built on this foundation: Zendle
and Newall (2024a) linked open banking data to self-reported measures of gambling harm
in a small UK sample (n=424), while Marionneau et al. (2024) analyzed financial transac-
tions among over 23,000 Finnish applicants to a debt consolidation service. These studies
underscore the value of objective financial data and the need for further research in this area.

Accordingly, in the present paper we present a large-scale descriptive analysis, offering
foundational insights into gambling transactional activity in a sample of open banking data
from 1,030,788 individuals in the UK for the 12-month period during 2022 (i.e., January
1— December 31). We explore gambling behaviors for the sample as a whole, amongst sub-
groups according to levels of gambling activity, and across subgroups according to sociode-
mographic information provided in the data. This study adhered to open science practices;
our research questions, hypotheses, methods, and analysis plan were pre-registered (https:/
/osf.io/8tudr). Based on our primary pre-registered research questions, we hypothesized the
following:

RQ1: What proportion of our sample engage in gambling activities?

In September 2022, the UK Gambling Commission reported overall participation in any
form of gambling during the last four weeks (online or land based) as 44% (Gambling
Commission, 2022). The participation rate dropped to 28% when those who only played
the National Lottery were excluded. A limitation of our dataset is that there is an inability to
observe gambling cash transactions (e.g., cash used in land-based casinos). Notwithstand-
ing, we predicted that the proportion of people within our sample who engage in gambling
would be comparable to the participation rates reported by the UK Gambling Commission
in their 2022 survey. This expectation was based on the assumption that individuals who
gamble tend to do so with some regularity, such that a 12-month observation period (as used
in our study) and a 4-week self-reported window (as used in the UK Gambling Commis-
sion’s survey) may capture a broadly overlapping group of active gamblers.

H1: Our sample will exhibit a participation rate in gambling that is comparable to reported
estimates.

RQ2: What are the transactional gambling behaviors of our sample?

We did not make specific hypotheses for our second research question, which was largely
exploratory. In this context, we use the term “transactional gambling behaviors” to refer to
observable financial activity - such as the number, value, and frequency of gambling-related
debits and credits - captured in bank transaction data. These measures reflect patterns of
gambling engagement and do not capture psychologically informed constructs such as urges
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or motivations. Based on the nature of these indicators, we expected to observe some degree
of skewness in their distribution. This expectation was informed by prior studies using simi-
lar datasets. For example, Zendle and Newall (2024a) combined Problem Gambling Sever-
ity Index (PGSI) scores with open banking data for a sample of people who gambled in the
past year (n=424). They found that the total number and average size of gambling transac-
tions, as well as net spend, increased with PGSI score. Most of the sample (54.0%) scored
0 on the PGSI, with under 20% scoring above 5. And research by Muggleton et al. (2021),
using transaction data from a single UK bank, found a large difference between the mean
and median values for the number of transactions and total spent gambling.

RQ3:Is it possible to distinguish subgroups of highly-involved gamblers whose
activity is disproportionately high?

Prior studies using gambling behavioral tracking data (LaBrie et al., 2007; Nelson et
al., 2021), or transactional information from payments service providers (Ghaharian et
al., 2023a) and open banking data (Zendle & Newall, 2024a), have demonstrated that sam-
ples of gamblers will typically exhibit subgroups of “highly-involved gamblers”. There-
fore, we predicted that we would be able to identify subgroups of highly-involved gamblers
whose gambling transaction behaviors were disproportionately high. LaBrie et al. (2007)
and Nelson et al. (2021) found that 1% of their sample of online sports bettors exhibited
discontinuously high gambling behaviors, whereas Nelson et al. (2019) also revealed a top
1% group in their sample of daily fantasy sports players. Although the dataset we analyzed
differed from these studies, we believed that these prior findings provided adequate ratio-
nale for our following hypotheses:

H2a: We will be able to distinguish subgroups of highly-involved gamblers whose activity
(in terms of the number of gambling debits, the total debited amount, and the net bal-
ance) is disproportionately high.

H2b: Approximately 1% of our sample will exhibit disproportionately high gambling trans-
action activity.

We also hypothesized that the highly-involved subgroups would be more likely to con-
duct transactions across multiple gambling merchants. We base this hypothesis on prior
work from Nelson et al. (2021), who found partial support for their hypothesis that heavily
involved sports bettors would be more likely to engage in other forms of gambling such as
poker and casino games. Additionally, prior work by the Behavioral Insights Team (McNair
et al., 2021), using data from a single UK bank found that higher spenders who gamble, on
average, hold accounts with six merchants.

H3c: Highly-involved gamblers will be more likely to gamble with multiple merchants.

Methods

The University of Nevada, Las Vegas institutional review board reviewed the authors’ plans
and confirmed that the study did not meet the definition of research with human subjects.
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Data Description

We worked with a financial services provider registered in the UK to gain access to the
original dataset — Department of Trust (DoTrust; https://www.dotrust.co.uk/). DoTrust pur
chased the dataset from a third-party commercial vendor that offers credit scoring services.
The underlying data originated from UK consumers who had voluntarily provided explicit
consent to this vendor, via regulated Open Banking protocols, to share their bank transac-
tion history in exchange for accessing the vendor’s credit scoring services. Open Banking
frameworks in the UK allow consumers to grant time-limited authorization for regulated
third-party providers to securely access their account information using standardized Appli-
cation Programming Interfaces (APIs). This vendor processed and anonymized the con-
sented transaction data for their own commercial purposes, as well as resale.

DoTrust made the data available via an AWS bucket, which consisted of twelve csv files
(one file for each month of 2022, each approximately 60GB in size). A data dictionary was
also provided that described the contents of each column. We downloaded these files to cre-
ate the analytic dataset described below.

The analytic dataset used for this research included financial transaction records for the
year 2022 from 1,030,788 UK-based users of the credit scoring vendor'. Our first step in
constructing the analytic dataset was to include only users who exhibited transaction behav-
ior for each month of the year. We performed this preprocessing step due to the nature of
open banking, which allows users to opt-out of sharing their data. This meant that, in the
originally provided data, some users may have only exhibited transactions for a portion of
the year. For example, an individual might opt-in during July and opt-out in October, mean-
ing we would only observe their data in our files for January through to their opt-out date.

Measures

To address our pre-registered objectives, we used self-reported demographic information
included in the underlying data for each user (5-year age bands, £5,000 salary bands, and
gender [M=Male, F=Female, U=Unknown]) and derived key gambling behavioral mea-
sures. Each record in the analytic dataset included detailed information such as the trans-
action amount, whether it was a debit or credit, and its assigned “purpose”. This purpose
categorization (e.g., home, mobile, salary, bills, entertainment, gambling) was determined
using a proprietary algorithm developed by the credit scoring vendor. While the specific
logic of the algorithm constitute confidential vendor information and are therefore not
available to the research team, its function is to systematically assign each transaction a
purpose category based on merchant data. Given our focus on describing gambling activ-
ity, we utilized the vendor-assigned “gambling” category” to calculate an aggregated set
of gambling transaction variables (for the entire year of 2022) for each user in the analytic
dataset (Table 1).

! The analytic dataset represents a subset of the original data provided to us. Its construction involved several
stages of preprocessing and manipulation, summarized here and detailed in our pre-registration.

2 Among transactions within the gambling category, there were over 30 unique gambling merchants, includ-
ing the top 5 operators in the UK market.
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Table 1 Variable definitions Variable Definition

Total debited Total amount of all gambling debits.

amount (£)

Debits (n) Count of debit gambling transactions.

Average debit Total debited amount divided by Debits.

amount (£)

Total credited Total amount of all gambling credits.

amount (£)

Credits (n) Count of credit gambling transactions.

Average credit Total credited amount divided by Credits.

amount (£)

Duration The difference between the first and last day
with a gambling transaction, inclusive.

Transaction days The number of days with a gambling

(n) transaction.

Frequency The number of days with a gambling transac-

tion divided by Duration.
Merchants (n) Count of unique gambling merchants debited
to by a user during the sample time period.
Average balance (£) The mean of the values in a column indicating
the user’s account balance for each transaction.
Overdraw (n) Count of instances when the account balance
transitions from a positive to a negative bal-
ance due to a gambling debit.

Overdraft (n) Count of instances when overdraft (i.e., when
account balance is negative) is used to make a
gambling debit.

Net balance (£) Total debited amount minus Total credited
amount.

% of income Total debited amount divided by the midpoint

of the user’s reported salary band.

Data Analysis

To test the hypothesis for RQ1 — the proportion of our sample that engages in gambling
— we counted the number of unique users in the analytic dataset who made at least one
gambling transaction. Then, we calculated what proportion of our total sample this repre-
sented. We also performed this same analysis, but excluding National Lottery transactions
(by excluding transactions based on the associated merchant name).

For RQ2, we conducted descriptive analyses to describe the transactional gambling
behaviors of our sample. We first created a subset of the analytic dataset to include only the
users who made at least one gambling debit during the sample period (i.e., purpose equal
to “gambling”). Then, for all variables we computed five-number summary statistics (mini-
mum, lower quartile, median, upper quartile, maximum), as well as (where applicable) the
means, standard deviations, counts, and percentages.

To explore associations between variables we conducted bivariate Spearman’s correla-
tions. To examine whether gambling transaction variables differed by demographic charac-
teristics, we conducted Kruskal-Wallis (KW) tests. KW tests were used to account for the
anticipated skewness in the data.
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To test the hypotheses for RQ3, we created percentile plots for debits, total debited
amount, and net balance for all gambling transactions. Then, similar to the examination of a
scree plot in factor analysis, we identified the points of disproportionality for each variable.
Based on this point we created groups of “highly-involved gamblers”. Then, using Chi-
square tests, we assessed the differences in distribution across gender, salary bands, and age
bands between variables for the highly-involved gamblers and the rest of the sample, i.e.,
the “not highly-involved gamblers”. This included a test for the difference in the number of
merchants transacted with (H3c).

Results
Gambling Participation - Research Question 1

The number of individuals who made at least one gambling transaction during our study
period of 2022 was 659,117. This represented a 63.94% participation rate. Excluding lottery
transactions, the participation rate was 49.80% (n=513,426).

Gambling Activity - Research Question 2

For our analytic subset of gamblers (n= 650,502%), 59.96% were male, 37.38% were female,
and 2.66% had an undefined gender. 50.04% of the sample were between 18 and 34 years
of age (n=325,549). The most common salary band was £20,000 - £30,000, representing
201,060 users (31.71%). Visual summaries of the distribution of users by gender, age band,
and salary band are presented in Figures S1-S3.

In line with our expectations for RQ2, most gambling transaction variables exhibited
considerable right (i.e., positive) skew, with much larger means than medians. Descriptive
statistics for all variables are provided in Table 2.

The median gambler had a duration of 289 days between their first and last gam-
bling transaction during the 365-day period (mean=230.64). The median gambler made
gambling transactions on 13 days (mean=30.50), representing 8.91% of their duration
(mean=23.40%). The median gambler transacted with 2 different merchants (mean=2.41).
They made 14 debits (mean=67.99) with a median amount per debit of £10.00 (mean =
£17.22), and 1 credit (mean=8.74) with a median amount per credit of £30.55 (mean =
£92.56). The median net loss was £95.00 (mean = £507.01) and total debited amount was
£156.05 (mean = £1,422.63). The median total debited amount as a percentage of income
(using the midpoint of the salary band as a proxy for the annual income for each user) was
0.53% (mean=5.93%).

The median account balance was £298.51 (mean = £1,114.92). Across all gamblers,
11.09% of users overdrew their account (n=72,119) at least once (made a gambling trans-
action that transitioned the account balance from positive to negative balance), and 27.30%
of users used their overdraft to make a gambling debit (n=177,559) at least once.

3 We omitted 8,615 users from the analytic sample, including 7,879 users who made no debit transactions,
122 whose total debited amount was zero, and 614 users whose transaction activity was separated into two
time periods; this lapse may have been due to these users opting out and then opting back in again.
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Table 2 Descriptive statistics for all gamblers

Variable Min Q2 Median Q3 Max Mean SD

Total debited amount (£) 0.01 40.00 156.05 593.00 1,678,795.00 1422.63 6,499.72
Debits (n) 1.00  4.00 14.00 46.00 11,722.00 67.99  202.36
Average debit amount (£) 0.01 7.50 10.00 1590  111,949.00 1723 151.39
Total credited amount (£) 0.00 0.00 10.00 175.47 2,109,737.83  915.63 6,648.31
Credits (n) 0.00 0.00 1.00 5.00 2,685.00 8.74 36.45
Average credit amount (£) 0.01 11.00 30.55 77.16 500,015.00 92.56 1,522.23
Duration 1.00 113.00 289.00 346.00 365.00 230.64 133.32
Transaction days (n) 1.00 4.00 13.00 37.00 365.00 30.50 44.47
Frequency 0.01 0.04 0.09 0.25 1.00 0.24 0.32
Merchants (n) 1.00 1.00 2.00 3.00 22.00 2.41 1.83
Average balance (£) —420,563.72  35.97 298.51 785.44 2,687,929.91 1,114.92 7,972.41
Overdraw (n) 0.00 0.00 0.00 0.00 136.00 0.39 222
Overdraft (n) 0.00 0.00 0.00 1.00 4,997.00 9.07 60.86
Net balance (£) -2,109,147.93  20.00 95.00 339.00 242,402.61 507.01 4,728.83
% of income 0.00 0.14 0.53 2.06 4,117.68 5.93 32.14

Correlation analyses between all gambling transaction variables are provided in Figure
S4. All correlations between salary band and each gambling transaction variable, as well as
age band and each gambling transaction variable, were statistically significant (see Tables
S1 and S2). The results of the KW tests for age, gender, and salary also indicated significant
differences across all variables (p<0.001 after Bonferroni correction) (see Tables S3-5). We
highlight a few statistics here but present all variable means and medians by age and sal-
ary bands in the supplementary material (see Tables S6-15). The median and mean for the
total debited amount and net balance increased with salary. The median number of debits
increased but tapered down for the highest two salary bands, whereas the mean for this vari-
able decreased as salary increased. The amount debited as a percentage of income decreased
as salary increased. Notably, the median user in the lowest salary band (< £10,000) debited
2.35% of their income (mean=28.40%). The mean number of debits and total amount deb-
ited appeared highest for the 30-34, 35-39, and 40—44 age bands. Males exhibited higher
mean values than females across all transaction variables. Males, on average, made 76 deb-
its across 34 days for a net loss of £603.34, whereas females, on average, made 57 debits
across 25 days for a net loss of £358.18. In terms of the amount debited as a percentage
income, the median female user debited 0.43% (mean=5.05%) and the median male 0.62%
(mean=6.50%). We note that while these results were statistically significant, interpretation
should be performed with caution due to small effect sizes.

Highly-involved Gamblers - Research Question 3

Percentile plots for each of the three variables — (1) debits, (2) total debited amount, and
(3) net balance for all gambling transactions — are displayed in Fig. 1.

Supporting hypothesis H2a, we observed a subgroup of users who demonstrated dis-
proportionately higher gambling involvement across each of the three variables. We did
not find definitive support for hypothesis H2b, as the points of discontinuity for all three
variables appeared to occur beyond the top 1% of users.
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Fig. 1 Percentile plots for debits, total debited amount, and net balance. Note. A=percentile distribution
for Debits (n); B=percentile distribution for Total debited amount (£); C=percentile distribution for Net
balance (£).

The exact point where the distinction between percentile groups became more pro-
nounced was not decidedly clear; however, we defined it as the top 3% to create three
highly-involved groups: (1) “high-frequency” (HF) users (top 3% according to debits),
(2) “high-volume” (HV) users (top 3% according to total debited amount), and (3) “high-
losses” (HL) (top 3% according to net balance). Additionally, we identified a fourth group
in the percentile plot for net balance: (4) the bottom 1%, representing “big winners”. The
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Table 3 Highly-involved group(s) overlap

Group HF HV HL HF+HV HF+HL HV+HL HF+HV+HL
HF (n=19,499) 6,202 - - 3,559 1,399 - 8,339
(31.8%) (183%)  (7.2%) (42.8%)
HV (n=19,516) - 2,562 - 3,559 - 5,056 8,339
(13.1%) (18.2%) (25.9%)  (42.8%)
HL (n=19,516) - - 6,202 - 1,399 5,056 8,339
(31.8%) (72%)  (25.9%) (42.8%)

HF high-frequency; HV high-volume; HL high-losses. Each row represents the total membership of a given
highly-involved group. The cells indicate the number of users within that group who also belong to one or
more of the other groups, along with the corresponding row-wise percentage

highly-involved groups were not mutually exclusive and Table 4 provides information about
the group overlap.

Differences by Sociodemographic Variables

We examined gambling behavior for all three gambling involvement variables — debits,
total debited amount, and net balance — to understand how these behaviors differed across
salary bands, gender, and age bands. Using Chi-square tests, we found statistically signifi-
cant differences in demographic representation within the top 3% of users for each variable
(»<0.001 for all tests). In Fig. 2, we present the percentages of high-involvement users
against users who do not belong to any of these groups within each demographic category,
to visually depict the variations across salary bands, gender, and age bands.

In terms of age band, users in the 30-34 and 35-39 bands exhibited notable levels of
greater representation across all highly-involved groups. For all three variables, these bands
made up ~23% and ~20% for the highly-involved groups vs. ~19% and ~ 16% respectively
for the rest of the sample. Users in the lower salary ranges were overrepresented in the HF
group (e.g., 34.88% vs. 31.61% for the £20,000 - £30,000 band). Males were significantly
overrepresented among high-involvement users across all three variables. For the “big win-
ners”, females were relatively more represented among this group, whereas males were less
represented.

Differences in Gambling Transaction Variables

We assessed differences in gambling transaction behavior between users in each highly-
involved group and users who did belong to any of these groups (not-HI). Table 4 presents
the median and mean for each variable and group.

Both the mean and median values for all variables were markedly different for the
highly-involved groups compared to the not-HI group. The median highly-involved users’
duration of activity spanned almost the entire sample period, compared to around three
quarters of the period for the median not-HI user. The median user in the highly-involved
groups debited at least 50% of their reported salary for the sample period, as compared to
2% for not-HI users. The median net loss for the HF group was £4,023.29, for the HV group
£6,454.58, and for the HL group was £7,176.35. In comparison, the median not-HI user’s
net loss was £85.00.
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Table 4 Descriptive statistics by group
HF (n=19,499) HV (n=19,516) HL (n=19,516) Not-HI (n=618,663)
Variable Mean Median ~ Mean Median ~ Mean Median ~ Mean Median

Total deb-  20,122.83 13,093.92 26,172.15 18,444.10 22,139.32 15,093.31 532.71  140.00
ited amount

®

Debits (n)  950.96 740.00 789.74 597.50 73.68 464.00 36.72 13.00
Aver- 22.48 15.39 81.03 34.17 79.87 32.97 14.84 10.00
age debit

amount (£)

Total cred- 13,804.17 8,171.17 17,812.27 12,141.71 11,957.28 6,448.73 333.97 10.00
ited amount

(%)

Credits (n) 125.63 82.00 111.56 64.00 74.10 32.00 4.59 1.00

Average 170.03 101.04 360.26 188.40 294.05 168.77 76.04 28.00
credit

amount (£)

Transaction 185.31 182.00 152.06 148.00 136.97 130.00 24.44 12.00
days (n)

Frequency 0.53 0.52 0.45 0.44 0.40 0.39 0.23 0.08
Merchants ~ 6.20 6.00 5.74 5.00 5.36 5.00 225 2.00
()

Average 580.91 307.51 1,250.55 491.31 1,278.25 453.18 1,117.72 293.46
balance (£)

Overdraw  4.53 1.00 4.55 1.00 4.11 1.00 0.21 0.00
(n)

Overdraft 122.41 1.00 96.98 0.00 84.59 0.00 5.02 0.00
(n)

Net balance 6,318.65 4,023.29 8,359.87 6,454.58 10,182.04 7,176.35 198.74  85.00
()

% of 89.31%  50.75% 105.93% 64.44%  88.08%  49.72%  2.25%  0.48%
income

All variables were tested for differences in group means. All p-values were <0.001. HF high-frequency;
HV high-volume; HL high-losses; Not-HI not highly-involved

In support of hypothesis H3c, users in the highly-involved groups transacted with a
greater number of gambling merchants. The median HF user transacted with 6 merchants,
and both the median HV user and median HL user transacted with 5. In contrast, the median
not-HI user transacted with only 2 merchants.

Unplanned Exploratory Analysis

We conducted an exploratory analysis to examine the concentration of deposited amounts
among highly-involved users. By combining the three highly-involved groups and remov-
ing duplicates, we identified 31,839 unique highly-involved users (4.89% of the 650,502
users). These users accounted for £595,856,139, or 64% of the total deposited amount
(£925,426,468).
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Discussion

In this study, we examined the gambling transaction activity across a large sample of open
banking data, representing 1-year of transactions for over 1 million users of a credit scoring
service. While most users in this sample who engaged in gambling displayed modest levels
of involvement, our analysis revealed a considerable skew in transaction activity. Our analy-
sis provides insights into the diverse levels of gambling engagement within this sample

and highlights the potential of bank transaction data in understanding varying degrees of
gambling behavior.
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With respect to RQ1, the proportion of users engaged in gambling in our sample was
63.94%, significantly exceeding the UK Gambling Commission’s 4-week self-reported rate
of 44%. Excluding National Lottery transactions, our rate was 49.80%, compared to 28%.
Some of this discrepancy likely stems from timeframe differences (12-month vs. 4-week*)
and methodological differences (objective vs. self-report). However, demographic differ-
ences also likely contribute. Our sample comprised 59.96% male users, versus approxi-
mately 49% male in the general UK population (Office for National Statistics, 2023).
Additionally, 50% of our sample were aged 18-34, whereas the median age of the UK
population is 40.7 years (Office for National Statistics, 2024). The discrepancy may also
reflect the nature of our dataset (comprised of users engaged in digital financial manage-
ment) among whom online gambling may be more prevalent due to higher digital literacy.

Consistent with our expectations for RQ2 based on prior research, our results indicated
a right-skewed distribution in the gambling transaction variables, suggesting at least some
portion of users engaged in disproportionately high levels of gambling activity. This finding
aligns with Muggleton et al. (2021), who observed similar skewness in gambling behaviors
using UK bank transaction data, as well as other research analyzing gambling behavioral
data from a variety of sources including daily fantasy sports players (Nelson et al., 2019,
online sports bettors (Nelson et al., 2021), and online casino bettors (Edson et al., 2022).

Our descriptive analysis of the transactional gambling behaviors of our sample also
revealed differences across demographic groups. We noted higher involvement amongst
males and the younger to middle-aged groups, which is consistent with extant research.
Humphreys and Perez (2012) found that online gamblers, specifically in the UK, were pre-
dominantly younger males, and participation rates amongst this demographic appears to be
higher, in general, according to much of the research (Dowling et al., 2015; Gainsbury et al.,
2015; McCormack et al., 2013). Additionally, we observed that these demographic groups
— as well as users in lower salary bands — debited a greater proportion of their reported
income to gambling merchants.

Our analysis contributes to the current discourse surrounding affordability. For our sam-
ple, the median total amount debited to gambling merchants as a percentage of income was
0.53% (mean=5.93%), suggesting that most users appear to gamble within their financial
means. Gambling within one’s means is a hallmark of responsible gambling messaging
(Newall et al., 2023), yet the specific thresholds that define this behavior are often unclear or
not explicitly stipulated. 6,674 (1.03%) users in our dataset debited amounts exceeding their
reported income, indicating they were not gambling within their means. But even gambling
a smaller proportion of income could still pose risks for certain individuals. For example,
lower-risk gambling guidelines in Canada include the recommendation to “gamble no more
than 1% of household income” (Canadian Centre on Substance Use and Addiction, 2024).
In our sample, 234,651 users (36.07%) debited more than 1% of their reported income.
Similarly, the Netherlands has recently introduced a guideline limiting gambling deposits
to 30% of net income (Fletcher, 2024). In our dataset, 26,019 users (4.00%) debited more

4 We calculated the 4-week participation in our sample post-hoc by: (1) creating 4-week windows across the
sample period, (2) counting how many users made a gambling deposit within each window, (3) taking the
average (i.e., mean) of the number of users across all 4-week windows, and (4) dividing by the total number
of users in the sample. This calculation resulted in an average participation rate of 54.40%, somewhat lower
than our “full sample” participation rate. The discrepancy underscores the importance of clearly stating time
frames when interpreting gambling prevalence from transactional data. While this 4-week rate is more in line
with the UK Gambling Commission’s estimate, it is still considerably higher.
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than 30% of their reported income, surpassing this threshold. Furthermore, a considerable
number of users either used an overdrawn account or went into overdraft to make gambling
debit transactions, further underscoring affordability and risk concerns. Survey evidence
from the UK Gambling Commission using the PGSI found that overdraft usage for gam-
bling was higher amongst problem gamblers (28%) versus those not at-risk (1%) (Gambling
Commission, 2020).

In an effort to prevent gambling-related harms and address affordability concerns, recent
regulatory proposals in the UK have introduced thresholds for financial risk checks. These
include a £150 net deposit limit over a rolling 30-day period (Zendle & Newall, 2024b).
Industry stakeholders have expressed concerns that such thresholds may be overly intru-
sive. In a post-hoc analysis, we found that 38.90% of users in our sample would exceed this
threshold. This proportion is notably higher than the Gambling Commission’s own model-
ing, which estimated that a lower threshold of £125 would affect approximately 20% of
accounts (Rhodes, 2023). Future research should examine the impact of these thresholds
across additional datasets and explore the characteristics of those who would be flagged
under such criteria.

Consistent with prior research, the transaction activity in our sample reveals that a small
minority of players engage in gambling at disproportionately high levels compared to the
broader population. By analyzing the top 3% of users based on the number of debits, total
debited amount, and net balance, we identified three highly-involved sub-groups. In an
additional exploratory analysis, we found that unique users across these groups represented
just under 5% of the total sample but accounted for 64% of the sample’s total deposited
amount, which aligns with prior research showing that a small proportion of gamblers are
responsible for the majority of gambling expenditure (Deng et al., 2021; Louderback et
al., 2024). It is important to note that our sample was drawn from users of a credit scoring
service, which may overrepresent individuals with higher levels of financial vulnerability
or gambling involvement compared to more representative datasets such as those used in
Muggleton et al. (2021). Examining the overlap among these groups provides important
practical implications. Notably, a substantial portion (42.8%) of users belong to all three
groups, suggesting that extreme gambling behavior is oftentimes characterized across mul-
tiple dimensions. That being said, there were a considerable number of users who exhibited
extreme gambling behavior across two dimensions or on a single dimension. This find-
ing highlights the need to incorporate multiple behavioral markers when identifying at-risk
individuals and tailoring intervention strategies. For example, harm prevention messaging
may need to differ for high-volume players versus high-frequency players (e.g., see Saxton
etal., 2021).

Limitations and Future Directions

Our analysis was based on a large and recent sample of UK-based individuals; however,
our findings may not fully reflect the general population, as the sample consisted solely
of users from a single credit scoring service. We relied on the data provider’s automated
methodology for categorizing transactions, which may have resulted in the omission of
some gambling merchants. Future work could look into advancing automated transaction
categorization methods to improve the accuracy of identifying gambling-related transac-
tions to ensure that all relevant gambling activity is captured.
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We note that while the transaction data potentially provides a more holistic view of users’
gambling, some activity remains unobserved, e.g., cash transactions in brick-and-mortar
facilities. Additionally, while bank transactions indicate when and where gambling spend-
ing occurred, they do not capture platform-specific behavioral patterns such as, for example,
session length and game choice. And while much of our analysis was grounded in objective
transaction data, the demographic information was self-reported by users, making it sub-
ject to the typical limitations associated with self-reported data (e.g., recall bias, inaccurate
responses).

To enhance generalizability, future work could replicate these findings using a broader
sample, i.e., beyond users of a single credit scoring service. Incorporating other sources of
data could also be worthwhile, for example, by integrating this banking transaction data
with data from validated gambling screens (e.g., Zendle & Newall, 2024a) or with wagering
data from an online gambling operator. The latter may be particularly useful, allowing for
calibration of established online gambling “markers of harm” with objective measures of
financial risk.

There is significant potential for further analysis using the existing dataset. Whereas our
study was cross-sectional, an analysis of users’ behavior over-time would provide insights
into longitudinal patterns of gambling involvement and financial risks. Additionally, exam-
ining the relationship between gambling and other financial transactions — such as dis-
cretionary spending, savings, or the use of financial products — could help inform our
understanding of the interconnectedness of gambling behavior, financial harms, and broader
financial habits.

Finally, translating these findings into actionable policy recommendations represents a
critical next step. For instance, further exploration of thresholds for gambling within one’s
means could potentially inform the development of evidence-based affordability checks and
more effective responsible gambling interventions. Moreover, new insights about sociode-
mographic differences in gambling behaviors based on open banking data can help to inform
the development of more effective risk detection algorithms and targeted harm prevention
messaging. As this line of research progresses, careful attention must also be paid to the
ethical handling of sensitive financial data, particularly in the context of policy development
and implementation.
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