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Abstract
In recent years there has been a growing interest in analyzing human behavioral data
generated by new technologies. One type of digital footprint that is universal across
the world, but that has received relatively little attention to date, is spending behavior.
In this paper, using the transaction records of 1306 bank customers, we investigated

the extent to which individual-level psychological characteristics can be inferred from
bank transaction data. Specifically, we developed a more comprehensive feature
space using: (1) overall spending behavior (i.e. total number and total amount of
transaction), (2) temporal spending behavior (i.e. variability, persistence, and
burstiness), (3) category-related spending behavior (i.e. diversity, persistence, and
turnover), (4) customer category profile, and (5) socio-demographic information.
Using these features, we first explore their association with individual psychological
characteristics, we then analyze the performances of the different feature families and
finally, we try to understand to what extent psychological characteristics from
spending records can be inferred.
Our results show that inferring the psychological traits of an individual is a

challenging task, even when using a comprehensive set of features that take
temporal aspects of spending into account. We found that Materialism and
Self-Control could be inferred with relatively high levels of accuracy, while the
accuracy obtained for the Big Five traits was lower, with only Extraversion and
Neuroticism reaching reasonable classification performances.
Hence, for traits like Materialism, Self-control, Extraversion, and Neuroticism our

findings could be used to improve psychologically-informed advertising strategies for
specific products as well as personality-based spending management apps and credit
scoring approaches.

Keywords: Spending behavior; Personality traits; Bank transaction data;
Computational psychology

1 Introduction
Over the past few decades, digital services and devices have become a central part of peo-
ple’s everyday lives. They help us communicate with our friends and loved ones, capture
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the moments we care about the most, broadcast our opinions to millions of people around
the world, search for information from the comfort of our homes, and pay for the things
we want to buy with the ease of a tap or swipe. Recent advances in the field of compu-
tational social science [1] have shown that the digital footprints people leave behind on a
daily basis can be used to make accurate predictions about their psychological profiles (see
e.g. [2] for a summary). People’s personality traits, for example, have been predicted from
Facebook Likes [3, 4], the language in people’s social media posts [5–7], profiles pictures
[8, 9], music preferences [10], and smartphone sensing data [11–14].

One type of digital footprint that is universal across the world, but that has received
relatively little attention to date, is spending behavior. With around 80% of adults in high-
income economies using a debit or a credit card [15], people’s spending has become in-
creasingly digitized, making it possible to capture consumer choices at an unprecedented
scale. Recent research has begun to use transaction records from debit and credit card
purchases to show how such data can provide important insights into the dispositions,
attitudes, and preferences of individual customers [16–18].

Interestingly, research in consumer behavior suggests that spending serves an important
psychological function because people buy products and brands not only for what they can
do but also for what they mean and signal to others [19]. That is, spending often constitutes
a form of self-expression that allows an individual to signal their identity to themselves
and those around them (e.g. [19, 20]). Buying a subscription for the Wall Street Journal,
for example, might signal an interest in business and a relatively high level of intellect,
while buying flowers might signal a warm and caring personality. In line with the notion
that consumers buy products and brands not just for what they can do but also for what
they mean psychologically, numerous laboratory studies have shown that people report
more favorable attitudes, emotions, and behaviors toward products and brands that match
their own personality [21–23]. While extraverts, for example, might prefer spending their
money on social activities (e.g., having drinks with friends), introverts might prefer to
spend their money on activities that allow them to spend quiet me-time (e.g., listening to a
podcast at home). Supporting these laboratory findings, recent evidence from the field has
shown that people indeed spend more money on products and services that match their
own personality [24] and that the extent to which people spend money on conspicuous
goods is a function of both their financial means and level of Extraversion [25].

Inspired by this body of research, a recent study suggested that spending records can
be used to automatically infer the psychological characteristics of individuals [26]. Using
the transaction records of 2193 UK bank customers, the authors were able to predict the
Big Five personality traits, Materialism and Self-Control with an accuracy ranging from
r = 0.15 for the Big Five personality traits to r = 0.33 for Materialism. While these findings
provide initial evidence that it is possible to predict psychological characteristics from
spending records, the accuracy with which those traits can be inferred remains relatively
low when compared to the accuracy obtained from other types of digital footprints [26].

The authors suggest that one potential reason for this is that different types of digital
footprints may reveal more about an individual’s personality than others. They argue that
social media profiles can be seen to constitute explicit identity claims made by individuals,
while transaction records represent more subtle and implicit behavioral residues. Another
potential reason, however, could be that the relationship between spending records and
psychological traits is more complex and dynamic than what the models implemented by
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Gladstone et al. could capture [26]. In fact, their models rely on a simple set of features
measuring the relative amounts spent in 279 broad categories (e.g. supermarkets, furniture
stores, insurance policies, etc.) as well as a broader set of 34 topics reflecting combined
spending across groups of individual brands (e.g. fast food chains, coffee shops, investment
services, utility providers, electronics stores, etc.).

In this paper, we advance the research on the relationship between spending behav-
iors and personality traits by investigating whether the accuracy of inferring psychological
characteristics from spending records can be improved when considering a more compre-
hensive space of behavioral features. More specifically, we develop features in 5 main cat-
egories: (1) overall spending behavior (i.e. total number and total amount of transaction),
(2) temporal spending behavior (i.e. variability, persistence, and burstiness), (3) category-
related spending behavior (i.e. diversity, persistence, and turnover), (4) customer category
profile, and (5) socio-demographic information. Thus, we first explore their association
with individual psychological characteristics, then we analyze the performances of the
different feature families, and finally we try to understand to what extent individuals’ psy-
chological characteristics can be inferred from spending records. To this end, we use the
aforementioned groups of spending metrics and train different machine learning models
(i.e. Logistic Regression [27], Random Forest [28], and Extreme Gradient Boosting [29])
to classify the customers’ psychological traits.

In line with the previous work of Gladstone et al. [26], our results show there are signif-
icant differences in the predictive accuracy across the different traits, with Materialism,
Self-Control, Neuroticism, and Extraversion reaching higher classification performances
than others. Our research further extends the earlier work by comparing different groups
of features on their relative contribution to the predictive performance of our models. No-
tably, we find that temporal spending behaviors provide signals to improve the prediction
of Self-Control and Neuroticism: people scoring high in Self-Control show more stable
patterns in spending behavior, while neurotic people tend to show less persistence over
time.

2 Materials and methods
2.1 Data
In this study, we investigate whether it is possible to use spending behavior to infer psy-
chological characteristics at the individual level using a data set containing 74 million bank
transaction records from 127,469 customers. A subset of 2193 customers from the larger
sample provided responses to a survey which included measures of the following seven
psychological characteristics: the Big Five personality traits (Openness, Conscientious-
ness, Extraversion, Agreeableness, Neuroticism), Materialism, and Self-Control. We make
use of transactions recorded between June 2016 to March 2017 (over 10 months).

Bank transaction records The dataset was collected in collaboration with a UK-based
money management app. The customer information was anonymized and included the
following: the unique customer identifier (userID); the gender of the customer (gender);
the year the customer was born (YOB); the salary range in British pounds (GBP) divided
in 10K intervals (salary range); the customer home location (home location) specified in
three levels of geographical granularity, namely postcode, Lower Layer Super Output Area
(LSOA) and Middle Layer Super Output Area (MSOA).
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The transaction information includes: the unique identifier of the transaction (transac-
tionID); the anonymized identifier of the customer’s bank account (account number); the
customer identifier (userID); the type of transaction with a distinction between credit or
debit (transaction type); the date of when the transaction was made (transaction date); the
category of the transaction provided by the bank, e.g. supermarket, flights, concert, etc.
(transaction category); the amount of the transaction in GBP (transaction amount).

Individual psychological characteristics The dataset contains the psychological profiles
of bank customers who volunteered to participate in a survey. A survey link was sent to
customers by e-mail asking them to participate in the study, with the opportunity to win
a tablet computer. In total, 2193 customers completed the survey and provided their con-
sent to participate and have their transaction data matched with their survey responses
for research purposes. The survey included measures of the Big Five personality traits,
Materialism, and Self-Control.

The Big Five personality model is the most widely accepted framework to describe rela-
tively stable personality characteristics [30]. The model proposes the following five factors
which capture individual differences in the way that people think, feel and behave: (i) Ex-
traversion, the tendency to seek stimulation in the company of others, to be outgoing and
energetic; (ii) Agreeableness, the tendency to be warm, compassionate, and cooperative;
(iii) Conscientiousness, the tendency to show self-discipline, aim for achievement, and be
organized; (iv) Neuroticism, the tendency to experience unpleasant emotions easily; and
(v) Openness to Experience, the tendency to be intellectually curious, creative, and open
to feelings.

The Big Five personality traits were measured using the established BFI-10 question-
naire, a short 10-item questionnaire with two items per trait [31]. Participants indicate
their agreement with statements such as “I see myself as someone who is reserved”, “I find
myself as someone who tends to find faults with others”, and “I see myself as someone
who has an active imagination” using a 7-point Likert scale (1 = Strongly Disagree to 7 =
Strongly Agree). For each trait, the sum scores can thus range between 2 and 14, indicating
a very low or a very high level in that particular trait. While longer questionnaires with
more items per personality trait are generally preferable, the particular context of data
collection prohibited the ability to use long survey measures. Similar short versions of the
questionnaire have been used in similar contexts related to financial decision making and
have proven to capture significant variance in people’s personality traits [32, 33].

The survey sent to bank customers also included measures for two other psychologi-
cal traits: Materialism, and Self-Control. Materialism is the tendency to consider material
possessions and physical comfort as more important than spiritual values. The trait is mea-
sured through the following three items taken from a widely used survey [34]: (i) “I admire
people who own expensive homes, cars and clothes”, (ii) “I like a lot of luxury in my life”,
and (iii) “I’d be happier if I could afford to buy more things”. Similar to the Big Five, partic-
ipants rated their agreement with these statements on a 7-point Likert scale ranging from
1 = Strongly Disagree to 7 = Strongly Agree. The sum scores for Materialism consequently
range between 3 and 21. Self-Control is the ability to regulate emotions, thoughts, and
behaviors in face of temptations and impulses. Here, the Self-Control construct was mea-
sured using a single item (“I am good at resisting temptation”) from the Brief Self-Control
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Scale [35]. The scores range between 1 and 7. For more details on the questionnaires used
see the recent paper of Gladstone et al. [26].

2.2 Data preprocessing
The dataset contains two types of recorded activities: credit (incoming) and debit (outgo-
ing) transactions. A credit transaction is an increase in the account balance (e.g. money
deposit, salary, or other income), while a debit transaction is a decrease in the account
balance (e.g. money withdrawal, payment, purchasing activities).

To analyze customers’ spending behavior, we only retained debit transactions since they
represent their spending activities. To assure a sufficient level of data per participant and
capture only those customers that were actively using their account, we only retained cus-
tomers with at least ten transactions per month. This exclusion procedure left us with
40,080 customers, 1306 of which responded to the psychological survey. This group of
1306 customers represents our final dataset. On average, participants in our sample were
40 years old, and the majority of them reported salaries ranging between 10K and 40K
pounds. Figure 1 show the distributions of the individual psychological dispositions in
our dataset.

To reduce the sparseness of the category space, we discarded the 172 purchase categories
that had less than 10 percent of customer support. The customer support for a particular
category is calculated as the percentage of customers who purchased at least once in that
category. There are 108 categories with more than 10 percent of customer support, from
which we removed 11 categories that were unrelated to spending activities, such as credit

Figure 1 Personality and other psychological traits scores. Distributions of the scores for each psychological trait
(Big Five personality traits, Materialism, Self-Control) for the 1306 customers in our dataset
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Table 1 Category groups. List of mappings between categories of purchases and our 35 category
groups

Category Category group

Administration—other Administration
Alcohol Alcohol
Art Supplies Art and antiques
Books / Magazines /
Newspapers

Books

Cash Cash withdrawn and transfer
Current account Cash withdrawn and transfer
Transfers Cash withdrawn and transfer
Charity—other Charities
Donation to organisation Charities
Sponsorship Charities
Children—other Children
Clothes Clothes
Clothes—other Clothes
Shoes Clothes
Broadband Computer and internet
Software Computer and internet
Web hosting Computer and internet
DIY DIY projects
Dry cleaning and laundry Dry cleaning and laundry
Cinema Entertainment: going out
Concert \& Theatre Entertainment: going out
Media bundle Entertainment: in house
Music Entertainment: in house
TV / Movies Package Entertainment: in house
TV Licence Entertainment: in house
Financial—other Financial
Flowers Flowers
Dining and drinking Food drink and going out
Dining or Going Out Food drink and going out
Going out—other Food drink and going out
Lunch or Snacks Food drink and going out
Take-away Food drink and going out
Gambling Gambling
Gambling account Gambling
Games and gaming Games and gaming
Gas Gas and electricity
Gas and electricity Gas and electricity
Birthday present Gifts and presents
Christmas present Gifts and presents
Gifts—other Gifts and presents
Gifts or Presents Gifts and presents
Food, Groceries,
Household

Groceries and supermarkets

Groceries Groceries and supermarkets
Supermarket Groceries and supermarkets
Dental treatment Health care
Eye care Health care
Hobbies—other Hobbies
Lifestyle—other Hobbies

Category Category group

Memberships Hobbies
Photography Hobbies
Toys Hobbies
Flights Holiday
Holiday Holiday
Holidays Holiday
Hotel/B\&B Holiday
Museum/exhibition Holiday
Zoo/theme park Holiday
Furniture Household
Garden Household
Home and garden—other Household
Home electronics Household
Household—other Household
Kitchen / Household
Appliances

Household

Personal Electronics Household
Electricity Household: spending
Mortgage payment Household: spending
Phone (landline) Household: spending
Rent Household: spending
Water Household: spending
Home appliance insurance Insurance
Health insurance Insurance
Home insurance Insurance
Insurance—other Insurance
Life insurance Insurance
Vehicle insurance Insurance
Mobile Mobile
Mobile app Mobile
Hairdressing Personal care and beauty
Personal Care—other Personal care and beauty
Toiletries Personal care and beauty
Pet Insurance Pet
Pets—other Pet
Vet Pet
Postage / Shipping Postage / Shipping
Service / Parts / Repairs Service / Parts / Repairs
Cycling Sports
Gym Membership Sports
Sports Equipment Sports
Stationery Stationery
Fuel Transportation
Parking Transportation
Public Transport Transportation
Road charges Transportation
Taxi Transportation
Transport—other Transportation
Vehicle hire Transportation
Vehicle tax Transportation

card repayment and individual saving accounts. The final sample included 97 purchase
categories.

Finally, we manually classified the purchase categories into 35 category groups as shown
in Table 1. For example, we combined five categories that are related to regular household
spending (Electricity, Mortgage payment, Phone (landline), Rent and Water) into House-
hold: spending.
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2.3 Characterizing spending behavior
To characterize the spending behavior of each customer, we calculated several behavioral
features from the bank transaction data. We then grouped these features into five cate-
gories, according to the type of spending behavior they capture: (i) overall spending behav-
ior, (ii) temporal spending behavior, (iii) category-related spending behavior, (iv) customer
category profile and (v) socio-demographic information.

G1. Overall spending behavior The features in the overall spending behavior category
were computed over the entire period of study. We defined summary statistics of cus-
tomers’ spending behavior as the total number of transactions (ntot), the total amount (atot)
a customer had spent over that period, and the average amount per transaction (aavg) spent
by each customer. Since the distributions of these spending related metrics are positively
skewed, we applied a log scaled transformation to these three features.

In order to measure the relative variability of a customer spending behavior, we used
the coefficient of variation cv = σ

μ
, defined as the ratio of the standard deviation of the

amount of transactions (σ ) to the average amount of transactions (μ). When cv is large,
this indicates that the customer tends to spend unequally on different transactions and
vice-versa.

G2. Temporal spending behavior An important aspect of spending which has largely
been overlooked by previous research is the temporal dimension along which this behav-
ior occurs.

In the literature, the association between the temporal aspects of human behavior and
the individual psychological characteristics was partially studied. For example, in [13],
authors found an association between calls/SMS regularity, the response latency to text
messages, and the Big Five personality traits. In [36], the authors found that the frequency
of Facebook use and posting is higher for extroverted people. Again looking at smartphone
usage behavior, the average time from the notification arrival until the time the notifica-
tion was seen and acted upon it by the user is correlated with depression [37]. Inspired by
these works, with the features that we devise, we try to investigate whether there is an as-
sociation between temporal aspects of spending behavior and the individual psychological
characteristics under study.

We chose to analyze the temporal spending behavior at different granularity using three
time windows t: month (M), 10-days intervals (P), and day of the week (D) (t = {M, P, D}).
We chose these time windows in order to take into account the seasonal differences in
spending behavior. For example, the 10-days intervals can help to account for differences
in spending which are due to when a customer receives his/her salary.

For each customer and time unit, we measured the temporal patterns of spending be-
havior calculating (i) the variability of the spending amount, (ii) the persistence of the
spending patterns, and (iii) the presence of bursty spending behavior.

(i) Variability of spending amount. In order to study the variability in the spending
amount of each customer, we computed the total amount of spending for the time win-
dows we have defined: AM = {aJun, aJul, . . . , aMar} for the total amount a spent in each
month; AP = {a1–10, a11–20, a21–31} for the total amount spent in the early/mid/end part
of all months; AD = {aMon, aTue, . . . , aSun} for the total amount spent in a particular day in
the dataset (e.g. how much was spent each Monday/Tuesday/etc.).
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To calculate the variability of spending amount, we computed the standard deviation of
the spending distribution for each customer. Each element of the spending distribution
is computed as At

i∑
i At

i
and represents the fraction of amount spent in a particular period

depending on the aggregation window t (e.g. the fraction spent in June, July, etc. in the
monthly aggregation t = M). For each customer, this results in measures of monthly (σM),
10-days interval (σP) and daily variability (σD).

(ii) Persistence of spending amount. To evaluate the consistency in the amount a cus-
tomer spends in a monthly and a weekly observation period t′ = {M, W }, we computed
the average cosine similarity coefficients between adjacent time intervals.

For the monthly observation period, we first aggregated spending in 10-days intervals
(i.e. 3 elements for each month) and then we computed the fraction of spending in each
element.

Finally, we computed the persistence of spending amount as the average of the cosine
similarity

persistenceM =
∑n–1

i=0 cos(Si, Si+1)
n

, (1)

where Si represents the vector of the relative amount spent in each 10-days interval in a
particular month i, and n = 10 represents the number of months we have in the dataset.
A value of persistenceM of 0 means that the relative amounts spent are dissimilar between
the time intervals, while a value of 1 indicates that the relative amounts are exactly the
same across intervals.

Similarly, we computed persistenceW for the weekly observation periods (n = 43 weeks)
by grouping the spending amounts on a daily basis (i.e. 7 elements for each week).

(iii) Bursty dynamics in spending patterns. Bursty dynamics are defined as the hetero-
geneous property of time series having short-time periods of intense activities alternating
with long-time periods of low-frequency activities [38]. They allow us to measure the in-
tensity of spending activities over short periods of time. In order to compute the burstiness
of the spending patterns, we first computed the inter-event times as the daily difference
between two adjacent transactions. We consider only the transaction date since time of
the purchase is not available. The inter-event time is defined as τi = Ti – Ti–1 where Ti rep-
resents the transaction which was conducted at time i. Finally, the burstiness parameter
is calculated as:

B =
r – 1
r + 1

, (2)

where r is defined as r = σ /〈τ 〉 with τ the average and σ the standard deviation of the
transactions’ inter-event times.

We label the burstiness parameter for all the financial transactions Btot. In addition, we
also calculate the burstiness parameter of daily purchasing Bdaily, which reflects how reg-
ularly the customer makes a purchase on a daily basis. In this case, the inter-event time is
the number of consecutive days that the customer does not spend money.

When the burstiness parameter B is –1, the purchasing pattern of customers is com-
pletely stable. If it is B = 0, the spending behavior of the customer is random. Finally, a
parameter B of 1 indicates extreme and unpredicted spikes in spending behavior.
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G3. Category-related spending behavior This third family of spending metrics is related
to the categories of purchases made by each customer. We devise these features to have
a sense of the diversity and persistence of the spending categories of an individual over
time. Previous studies on social interactions and personality [14] showed that traits like
Openness to Experience and Agreeableness are associated with a higher turnover of social
contacts over time. Moreover, it was found that the diversity of social contacts and the
diversity of visited places is correlated with the Big Five personality traits [13]. Taking
inspiration from this body of research, we devise metrics looking at the diversity and the
stability of individuals’ spending categories over time.

As previously described, the spending transactions of customers were aggregated ac-
cording to 35 spending categories as classified in Table 1. Since the total amount of trans-
actions can be biased towards high-value categories (e.g. the purchase of a car), we base
our metrics on the total number of transactions to measure the frequency of purchasing
activities in different categories.

(i) Number of spending categories. This metric represents the number of distinct cate-
gories Nc in which a customer purchased during the entire period of the dataset.

(ii) Diversity of spending categories. We measure the diversity of the purchases made by
each customer by looking at the diversity of categories Dcat, given by the formula:

Dcat(i) = –
∑Nc

c=1 pic log(pic)
log Nc

, (3)

where Nc is the number of unique categories of customer i, pic = Vic
∑Nc

c=1 Vic
and Vic is the

volume of expenses made by the customer i in the category c.
A low value of Dcat indicates that the customer expenses were mostly made in a few cat-

egories. On the other hand, a high value of Dcat means that a customer equally distributed
his/her expenses in all the categories in which they purchase.

(iii) Persistence of spending categories. This metric measures the consistency in cus-
tomers’ purchasing categories over time. It is calculated as the average cosine similarity
coefficient between every two adjacent months.

We compute the persistence of purchasing categories as the average of the cosine simi-
larity

Cpersistence =
∑n

i=0 cos(Di, Di+1)
n

, (4)

where Di represents the vector of the relative number of transactions made in each cate-
gory in a particular month i, and n = 10 represents the number of months we have in the
dataset.

(iv) Category turnover. In order to evaluate a customer’s consistency in spending over
time, we calculated the turnover in spending categories as the average Jaccard similarity
of spending categories in two consecutive months. Let Ci be a set of purchasing categories
in the ith month.

Cturnover =
∑n–1

i
Ci∩Ci+1
Ci∪Ci+1

n
. (5)
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Table 2 Features summary. Summary of all the 54 features defined at customer level

Type Feature Description

Overall ntot Number of transactions (log)
Overall atot Total amount of transactions (log)
Overall aavg Average amount per transaction (log)
Overall cv Relative spending variability

Temporal σM Spending amount variability (monthly)
Temporal σP Spending amount variability (10-days interval)
Temporal σD Spending amount variability (daily)
Temporal persistenceM Persistence of spending amount (month)
Temporal persistenceW Persistence of spending amount (week)
Temporal Btot Transactional burstiness
Temporal Bdaily Daily burstiness

Category related Nc Number of unique categories
Category related Dcat Diversity of purchased categories
Category related Cpersistence Persistence of purchased categories
Category related C3turnover Top 3 category turnover
Category related C5turnover Top 5 category turnover
Category related Call

turnover Category turnover

Category profile Ck Fraction of expenses (number) in a category k (Table 1)

Socio-demographic YOB Year of birth of the customer
Socio-demographic salary The salary range of the customer (10K intervals)

Cturnover is 0 when there is no overlap in the spending categories in two consecutive
intervals and it is equal to 1 when the spending categories overlap perfectly.

We calculate the category similarity between the top-3 (C3
turnover), top-5 (C5

turnover), and
all purchasing categories (Call

turnover) between adjacent months.

G4. Spending category profile The spending category profile reflects the relative number
of transactions Ck made in each of the 35 spending categories k as defined in Table 1.

G5. Socio-demographic information In addition to the spending-related features de-
scribed in G1-G4, we used the socio-demographic information on participants’ age (YOB)
and salary range. Given the large proportion of missing values for the customer’s gender
(∼ 40%) we omitted this variable in our analyses.

A summary of all the features is displayed in Table 2.

2.4 Inferring individual traits from spending behavior
To analyze the data, we used each of the different features generated from the spend-
ing behavior defined in Sect. 2.3 to infer the individual psychological traits of customers.
Specifically, we first investigated the associations between the behavioral features and the
individual psychological characteristics by using Pearson correlations (see Sect. 3.1), and
then we trained machine learning models to classify the customers’ individual traits and
evaluate the accuracy with which we are able to infer individual characteristics from cus-
tomer spending behavior (see Sect. 3.2).

We devised this task as a three-class classification problem. Based on the individual per-
sonality characteristics, we assigned each customer to the classes low, average, or high
based on the value of each trait, following the percentile-based categorization method
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proposed in [39]. Therefore, for a particular trait, customers with scores higher than the
66th percentile are labeled as high, customers with scores lower than the 33rd percentile
are labeled as low and customers falling in between these percentiles are labeled as av-
erage. For each trait this procedure results in an equal number of participants in each of
the three classes. We have evaluated the results obtained from three different machine
learning algorithms: Logistic Regression [27], Random Forest [28], and Extreme Gradient
Boosting (XGBoost) [29]. For each method, we have randomly divided the dataset into
80% training set and 20% test set, retaining the classes ratio in both training and test sets.

In the training phase, for each model, the parameters are tuned using grid search with
5-fold cross-validation. In order to lower the risk of overfitting given our sample size, we
subsequently reduced the dimensionality of the feature space with a feature selection step,
using the Recursive Feature Elimination with Cross-Validation (RFECV) method [40]. Fi-
nally, we tested the models against the 20% test set (holdout set) reporting the Accuracy,
F1 score, and Area Under the Receiver Operating Characteristic Curve (AUROC). We
first measured the F1 score and AUROC separately for each class (one-vs-rest) and subse-
quently calculated the unweighted average (macro average). In order to get a more robust
evaluation, we repeated this process 10 times, randomly selecting new train and test sets
and averaging the scores of the evaluation metrics.

3 Results
In the following sections, we first describe the results of the correlation analysis, then
we present the accuracy of our models in classifying the psychological characteristics of
customers from their spending behavior. Finally, we analyze in detail the performances of
the different families of behavioral features.

3.1 Correlation analysis
To provide a comprehensive analysis of how spending behavior is associated with indi-
vidual psychological characteristics, we report observations from the correlation analysis,
structuring the discussion around the individual psychological characteristics. For all the
analysis, we used the Pearson correlation coefficient.

3.1.1 Overall, temporal and category-related features vs individual traits
Extraversion Extraversion was found to be positively correlated to Btot indicating that
more extroverted people tend to have a more bursty spending behavior. More extroverted
people tend also to have a higher number of transactions (ntot) with respect to their coun-
terparts; moreover, we found a positive correlation with category similarity over time be-
tween the top-3 spending categories (C3

turnover).

Agreeableness We did not found significant correlations between this trait and the fea-
tures we devise.

Conscientiousness Conscientiousness was found to be significantly and positively cor-
related with the total amount spent (atot) and the average amount per transaction (aavg).
We also found that the relative amounts spent over different weeks are more dissimilar
(persistenceW ) for people that display higher scores of Conscientiousness.
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Neuroticism More neurotic individuals displayed lower values in total amount spent
(atot) and in average amount per transaction (aavg), and a smaller number of spending
categories (Nc). Additionally, we found a positive significant correlation with burstiness of
daily purchasing (Bdaily), with more neurotic people having a more bursty behavior with
respect to their counterparts.

Openness to Experience Openness to Experience is positively correlated with Btot and
with ntot, with people more open to new experiences showing a higher bursty spending
behavior and having a higher number of transactions with respect to their counterparts.

Materialism Materialism was found to be slightly positively correlated to Btot and cate-
gory similarity over time in the top-5 spending categories (C5

turnover). Moreover, we found
a slightly negative correlation with the average amount spent per transaction (aavg).

Self-Control People with higher scores in Self-Control were more likely to have a higher
average amount per transaction (aavg), showing instead a slightly lower bursty spend-
ing behavior (Btot) and more dissimilar relative amounts spent over different weeks
(persistenceW ).

See Fig. 2 for the complete correlation table.

Figure 2 Overall, Temporal and Category-related Features vs Individual Traits correlation table. Pearson
correlation between overall, temporal and category-related spending behavior features and individual traits.
For statistical significance we use the following notation: ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001
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3.1.2 Category profile features vs individual traits
Extraversion Extraversion exhibits a positive correlation with the categories Food, drink
and going out and Transportation, while a negative correlation is present with the Gro-
ceries and supermarkets category.

Agreeableness More agreeable individuals tend to slightly spend more in the Charities
category. Moreover, a negative correlation with the category Food, drink and going out was
found.

Conscientiousness People with high scores in Conscientiousness tend to spend more in
the Health care category, while spending less in the Games and gaming category.

Neuroticism Neuroticism was found to be positively correlated to the Personal care and
beauty category. A negative correlation was instead found with the category Do It Yourself
(DIY) projects.

Openness to Experience This trait is negatively correlated to the Household: spending
category and positively correlated with the Alcohol category.

Materialism Individuals with higher scores in the Materialism trait tend to spend less
in the category Charities with respect to their counterparts and tend to spend less in the
Postage/Shipping category. A positive correlation is instead present for the Food, drink
and going out and Gambling categories.

Self-Control Self-control was found negatively correlated with the Mobile category, and
positively correlated with Groceries and supermarkets and Gas and electricity categories.

See Fig. 3 for the complete correlation table.

3.1.3 Individual traits
To make the analysis complete we also show the correlation matrix between the indi-
vidual psychological characteristics under study (see Fig. 4). Here, we can see that Agree-
ableness, Conscientiousness, and Self-Control are negatively associated with Materialism,
while there is a slightly positive correlation between Extraversion and Materialism. Ex-
traversion is also positively associated with Openness to Experience and negatively with
Neuroticism and Self-Control. Agreeableness instead shows a positive correlation with
Conscientiousness, Openness to Experience, and Self-Control, and a negative one with
Neuroticism. We can also see a negative correlation between Conscientiousness and Neu-
roticism and a positive association of Conscientiousness with Self-Control and a slightly
positive with Openness to Experience. Finally, neurotic people tend to have lower levels
of Self-Control and tend to be less open to new experiences. It is worth highlighting that
although Big Five personality traits are theoretically conceptualized as orthogonal, several
empirical studies have shown weak to moderate correlations among the personality traits
(see Van der Linden et al. [41] for a meta-analysis of these studies). Moreover, the corre-
lations between personality traits found in our work are similar to the ones reported by
previous ones [41]. This is also true for the correlations between the Big Five traits and
Materialism [42], and the correlations between the Big Five traits and Self-Control [43].
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Figure 3 Category Profile Features vs Individual Traits correlation table. Pearson correlation between category
profile features and individual traits. For statistical significance we use the following notation: ∗p < 0.05,
∗∗p < 0.01, ∗∗∗p < 0.001

3.2 Classification models’ performance
Table 3 displays the performance of the Logistic Regression, Random Forest and XGBoost
models. As we can see from this table, the highest accuracies were obtained for Mate-
rialism when using a Random Forest classifier (F1 = 0.420, AUROC = 0.588), and Self-
Control when using a Logistic Regression classifier (F1 = 0.407, AUROC = 0.585). The
performance of the machine learning models is lower when classifying the Big Five per-
sonality traits. Here, the highest accuracies were obtained with Extraversion when using
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Figure 4 Individual Traits correlation table. Pearson correlation between individual traits. For statistical
significance we use the following notation: ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001

Table 3 Classificationmodels’ performance. Machine learning models performance (LR = Logistic
regression, RF = Random Forest, XGB = XGBoost.) evaluated with the Accuracy, F1 score, Precision,
Recall and Area Under the Receiver Operating Characteristic Curve (AUROC)

Individual traits Model Accuracy Precision Recall F1 measure AUROC

Mean Std Mean Std Mean Std Mean Std Mean Std

Materialism LR 0.377 0.032 0.375 0.034 0.378 0.032 0.371 0.033 0.544 0.020
RF 0.423 0.026 0.420 0.028 0.423 0.026 0.420 0.026 0.588 0.019
XGB 0.409 0.027 0.406 0.027 0.409 0.027 0.406 0.028 0.580 0.016

Extraversion LR 0.385 0.029 0.362 0.050 0.386 0.029 0.362 0.039 0.567 0.027
RF 0.386 0.026 0.384 0.025 0.387 0.026 0.383 0.025 0.574 0.020
XGB 0.398 0.033 0.397 0.032 0.398 0.033 0.396 0.032 0.573 0.029

Agreeableness LR 0.345 0.026 0.333 0.045 0.345 0.026 0.321 0.035 0.508 0.023
RF 0.377 0.019 0.375 0.020 0.377 0.019 0.374 0.020 0.547 0.018
XGB 0.363 0.028 0.363 0.030 0.364 0.028 0.360 0.029 0.540 0.026

Conscientiousness LR 0.361 0.023 0.361 0.026 0.362 0.023 0.360 0.025 0.533 0.010
RF 0.361 0.036 0.362 0.037 0.361 0.036 0.360 0.036 0.529 0.027
XGB 0.345 0.022 0.345 0.021 0.345 0.022 0.344 0.021 0.512 0.018

Neuroticism LR 0.392 0.026 0.393 0.027 0.392 0.026 0.386 0.026 0.570 0.029
RF 0.401 0.018 0.402 0.019 0.401 0.018 0.399 0.019 0.558 0.015
XGB 0.377 0.015 0.376 0.016 0.377 0.015 0.374 0.014 0.553 0.013

Openness to experience LR 0.344 0.014 0.338 0.049 0.344 0.013 0.322 0.036 0.512 0.018
RF 0.348 0.034 0.346 0.034 0.348 0.034 0.345 0.034 0.520 0.024
XGB 0.331 0.026 0.329 0.025 0.331 0.026 0.324 0.028 0.508 0.013

Self-control LR 0.410 0.026 0.408 0.026 0.411 0.026 0.407 0.026 0.585 0.023
RF 0.394 0.026 0.392 0.027 0.395 0.026 0.391 0.026 0.575 0.029
XGB 0.379 0.034 0.377 0.035 0.379 0.034 0.376 0.035 0.564 0.033

XGB (F1 = 0.396, AUROC = 0.573) and Neuroticism when using Random Forest (F1 =
0.399, AUROC = 0.558). As explained in Sect. 2.4, the task has an equal number of sam-
ples in the three classes. We compare our results against a baseline classifier that always
predicts one of the classes (accuracy of 0.333). That means, that the predictive accuracy
of 0.423 for the Materialism yields a 27% improvement over the baseline. Contrary to the
findings for Materialism, Self-Control, Extraversion and Neuroticism, the models did not
substantially improve performance for Agreeableness, Conscientiousness, and Openness
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Table 4 Feature groups’ performances. Comparison of the performances (F1 scores) of different
feature groups using a Random Forest model

Individual trait Feature group F1 score

Materialism Sociodemographic 0.352
Overall 0.349
Temporal 0.365
Category-related 0.337
Category profile 0.419
All features 0.420

Extraversion Sociodemographic 0.340
Overall 0.339
Temporal 0.359
Category-related 0.362
Category profile 0.384
All features 0.383

Neuroticism Sociodemographic 0.388
Overall 0.356
Temporal 0.345
Category-related 0.354
Category profile 0.361
All features 0.399

Self-control Sociodemographic 0.319
Overall 0.362
Temporal 0.362
Category-related 0.370
Category profile 0.368
All features 0.391

to Experience. Given the poor performance of the models in inferring these traits, we did
not include them in the subsequent analyses.

3.2.1 Performance of feature groups
To develop a broader understanding of the performances of the five feature groups, using
the same settings as described in Sect. 2.4, we trained Random Forest models for each
feature group and compared their performance. The results are presented in Table 4. We
can see that for traits like Materialism and Extraversion the performances of the feature
group Category profile is the one that performs better. Instead, the performances of the
five feature groups are more comparable for the Neuroticism and Self-Control traits.

3.2.2 Impact of overall, temporal and category-related features group
To further understand whether the novel behavioral features help in inferring the indi-
vidual psychological characteristics under study, we first trained Random Forest models
using only the Socio-demographic and the Category profile features, similarly to the ap-
proach described in [26]. We subsequently compared, with the same settings as described
in Sect. 2.4, the results of the models obtained from our complete set of features. Using
the (i) Overall features, that measure the overall spending characteristics, (ii) the Tempo-
ral features, that model the variability, the persistence and the regularity of an individual’s
spending behavior, and (iii) the Category related features, which look at the persistence
and turnover in the categories of the expenses, we find a significant but modest improve-
ment over the Socio-demographic and the Category profile models for two traits: Self-
Control for which we observe a +9.9% improvement in F1 measure, and Neuroticism for
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Figure 5 Feature importance. Top 10 features for the Materialism and Self-Control traits

Figure 6 Feature importance. Top 10 features for the Extraversion and Neuroticism personality traits

which we observe a +4.7% improvement in F1 measure. This finding, as we will see in
the next section, is also reflected in Fig. 5 and Fig. 6, which shows several temporal and
category-related features among the top 10 most important for these two traits.

3.3 Feature importance
We were also interested in understanding which of the features we used in our models
have the highest impact in inferring a given psychological trait. To do so, we computed the
feature importance of the top 10 most predictive features using the permutation impor-
tance method [44]. To further discern the relationship between these features and a given
personality trait, we also investigated the features’ directionality computing the Spearman
correlation of the top 10 most predictive features for Materialism, Self-Control, Extraver-
sion and Neuroticism (see Table 5).

The first two sections of Fig. 5 show the top 10 most predictive features for Material-
ism and Self-Control. The feature with the highest predictive strength for Materialism
(Fig. 5 left) is the proportion of spending on the Charities category. Taking a closer look
at the feature directionality, we observe a negative association between charitable giving
and Materialism. This means materialistic individuals are less likely to donate to charities.
Other important features are represented by the year of birth (YOB), with younger individ-
uals showing higher scores in Materialism, and people with a larger fraction of expenses
in the Gambling category displaying higher scores in Materialism.

For Self-Control (Fig. 5 right), we observe that individuals with higher scores in Self-
Control spend a higher average amount per transaction (aavg), register a smaller number of
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Table 5 Feature directionality. Feature directionality of the top 10 most predictive features computed
using the Spearman correlation coefficient

Trait Feature Coefficient p-value

Materialism Charities –0.204 <0.001
YOB +0.207 <0.001
Postage/Shipping –0.138 <0.001
Gambling +0.111 <0.001
Transportation +0.007 0.804
Food, drink and going out +0.121 <0.001
Entertainment: in house +0.073 0.008
Groceries and supermarkets –0.045 0.104
Mobile +0.075 0.007
Dcat –0.019 0.491

Self-control aavg +0.152 <0.001
ntot –0.072 0.010
Groceries and supermarkets +0.093 0.001
cv +0.016 0.553
Bdaily –0.040 0.153
Btot –0.133 <0.001
NC +0.019 0.493
Cpersistence –0.045 0.102
Cash, withdrawn and transfer –0.052 0.063
C5turnover –0.054 0.051

Extraversion Groceries and supermarkets –0.109 <0.001
Food, drink and going out +0.137 <0.001
σD +0.038 0.176
Btot +0.130 <0.001
Books +0.009 0.757
Transportation +0.122 <0.001
Games and gaming –0.079 0.004
Mobile +0.010 0.709
Household: spending –0.069 0.012
Holiday +0.085 0.002

Neuroticism salary –0.150 <0.001
atot –0.164 <0.001
aavg –0.150 <0.001
YOB +0.111 <0.001
Nc –0.105 <0.001
Cpersistence –0.032 0.252
ntot –0.073 0.008
Bdaily +0.101 <0.001
Btot –0.019 0.489
cv –0.084 0.002

total transactions (ntot) and exhibit spending behavior that follows a more regular pattern
(indicated by lower values in the transactional burstiness feature (Btot)).

Figure 6 shows the top 10 most predictive features for Extraversion and Neuroticism. For
Extraversion (Fig. 6, left), we observe that people who are more extroverted tend to spend
more money in the category Food, drink and going out, exhibit spending behavior that is
less regular in the entire observation period (indicated by higher values in the transactional
burstiness feature (Btot)), and make more purchases in the Transportation category.

Individuals that display higher scores on Neuroticism (Fig. 6 right), report a lower salary
range, and spend less money overall (indicated by lower values in the features atot and
aavg.), show less persistence in their spending behavior (indicated by the persistence of
spending categories (Cpersistence)).
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4 Discussion
Using the transaction records of 1306 bank customers, we investigated the extent to which
individual-level psychological characteristics can be inferred from bank transaction data.
Expanding previous research [26], we developed a comprehensive set of behavioral fea-
tures that capture differences in spending behavior along five dimensions: (1) the over-
all spending behavior, (2), the temporal spending behavior (i.e. variability, persistence,
and burstiness), (3) the category-related spending behavior (i.e. diversity, persistence, and
turnover), (4) the customer category profile, and (5) the socio-demographic information.

Our results show that inferring the psychological traits of an individual is a challeng-
ing task, even when using a comprehensive set of features that take temporal aspects of
spending into account. They also align with previous research suggesting that there are
stark differences in the predictive accuracy across the different traits. Similar to the find-
ings of Gladstone et al. [26], we found that Materialism and Self-Control could be inferred
with relatively higher levels of accuracy, while the accuracy obtained for the Big Five traits
was found to be lower, with only Extraversion and Neuroticism reaching classification
performances that were significantly different than chance.

Across the different traits, the predictive accuracies we obtained from spending behavior
are lower than those obtained from other digital footprints such as Facebook Likes [3, 45],
Facebook status updates [46, 47] or mobile phone data [11, 13, 48]. As also hypothesized
by [26] this might be due to the nature of spending records. Compared to social media
data which constitute an explicit form of identity claim [49], spending behaviors consti-
tute a more implicit form of behavioral residue that might reveal less information about
a person’s inner psychological states. However, this result is of paramount relevance for
challenging and warning researchers and practitioners working on the design of automatic
systems and algorithms for inferring individual psychological characteristics from spend-
ing behaviors.

Moreover, despite the relatively poor performance of the predictive models, the
strongest features observed in the feature importance analyses have good face validity.
The relationship between Materialism and lower rates of charitable giving aligns with
previous literature that conceptualizes non-generosity as a central aspect of Materialism
[50] and that finds that materialistic people are less likely to donate and to act pro-socially
[51]. Similarly, the link between Extraversion and spending money on the category Food,
drink and going out is not only in line with the findings by Matz et al. [24] in a different
sample of customers, but also corresponds to the general characterization of extraverts
being more social. In addition, the fact that extraverts have less regular spending patterns
aligns with previous findings which suggest that those with more extraverted personalities
are more impulsive; they are social butterflies who live in the here-and-now. In contrast,
the relationship between Self-Control and regular patterns of spending also reflects the
fact that people high in Self-Control are typically less impulsive than people scoring low
in Self-Control and more likely to plan ahead and follow routines. The link between Neu-
roticism and lower levels of persistence speaks to the fact that neurotic people are less
emotionally stable and might therefore change their choices more often, and is consistent
with previous findings linking Neuroticism to higher irregularities in their phone call logs
[13].

Limitations and practical implications Our study has a number of limitations. First, our
models are based on a relatively small sample, which might not be representative of the
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general population. In addition, the measures used to assess the Big Five personality traits,
Materialism and Self-Control, although being validated in previous studies, are shorter
than what is recommended in the psychological assessment literature. Given that the ac-
curacy of a predictive model is limited by the extent to which the original measure is re-
liable, this might partly explain why the accuracy is substantially lower than in previous
studies using different digital footprints and much longer measures. Finally, one of the
inherent limitations of spending behavior is that it can be influenced by the financial con-
straints of the person spending, as well as by purchases made for other family members.
As such, spending might not always be reflective of an individual’s personal preferences.

Taken together, our findings contribute to the body of research studies on the auto-
matic recognition of psychological traits from digital footprints. Although we were able
to improve on the accuracy of classification models from spending behavior only for
some traits (i.e. Self-Control and Neuroticism), we hope the additional variables calcu-
lated for routines and temporal sequences will inspire future researchers to investigate
and calculate similar variables when training models that have time-stamped data avail-
able. Given the decent accuracies in classifications, these results could also help to im-
prove psychologically-informed advertising strategies for specific products [52] as well as
personality-based spending management apps and credit scoring approaches [53]. These
approaches are likely to be more successful for Materialism, Self-Control, Extraversion,
and Neuroticism, given the relatively stronger accuracies we find in inferring these traits,
while require caution for Agreeableness, Conscientiousness and Openness to Experience.

Privacy and ethical recommendations Similar to the prediction of personal information
from other digital traces such as social media profiles, smartphone sensors or browsing
histories, inferring personality traits from spending data raises important ethical ques-
tions related to privacy and data protection. In most cases, individuals will not expect
their spending data to be used for the prediction of psychological characteristics. Accord-
ing to the theory of contextual integrity, this use of data in a way that could not be real-
istically foreseen and expected by the person who initially provided the data constitutes
a violation of privacy, even if the individual initially consented to their data being col-
lected [54, 55]. Hence, it is critical to make sure that individuals know and understand
how their data is being used. This call for transparency is a pillar of the European Union’s
General Data Protection Regulation (GDPR) [56] and the California Consumer Protection
Act (CCPA) [57], that require companies to state in a clear and easy-to-understand man-
ner what data is being collected and how this data is being used and/or shared with third
parties. While such regulatory calls for transparency are critical they are often slow and
place a considerable burden on the consumer, because regulations such as the GDPR and
the CCPA assume that informed consumers will be able to make rational decisions related
to their privacy. However, there is ample evidence that this is not the case [58]. The data
and privacy landscape is so complex, that even motivated consumers will find it difficult
to accrue and maintain the knowledge and expertise required to make self-interested de-
cisions that trade-off immediate, tangible convenience benefits of sharing data in the now
with potential, abstract privacy costs in the future. Hence, privacy regulation should be
complemented by technological solutions, such as privacy by design (e.g. the integration
of privacy protection mechanisms into the design of psychometric-based systems [59]),
federated learning (i.e. training on local devices of the consumers [60]) and encrypted
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computation (i.e. training and evaluating machine learning algorithms on encrypted data
[61]), that provide privacy protection without placing the burden on consumers.

In addition to protecting individuals’ privacy, it will also become necessary to outline
contexts in which predictions of psychological traits from credit card data and the appli-
cation of the resulting profiles should be prohibited. This requires a public debate that is
informed by our moral values and a discussion on the extent to which individuals should
be able to act as self-determined agents. We might agree that using such predictions in
the context of product recommendations are acceptable (or even desirable) as long as the
individual is sufficiently protected and has the agency to make an informed decision of
whether they want to make use of this option or not. However, we might decide that such
predictions cannot be made and used in the context of political campaigning because the
risk for abuse outweighs the potential benefit some consumers might derive from it. Be-
cause this is a normative and complex debate, it will require collaboration between the
public, industry leaders, academia, legal experts and policy makers [62, 63].
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