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ARTICLE INFO ABSTRACT

Keywords: Objectives: This study aimed to identify subgroups of retail investors based on their engagement in trading and
Adults gambling activities, and to examine differences in involvement, demographics, substance use, impulsivity,
Gambling cognitive biases, problem gambling, and disordered trading.

}rr:xgzslgrglg Study design: Cross-sectional, population-based study using panel data. Quota sampling and post-stratification
Cryptocurrency weights were applied using data from a prior population-based random digital dial telephone survey.
Impulsivity Methods: Data were collected from 1,429 Spanish adults (aged 18-64). Participants reported involvement in

trading of 8 financial instruments (e.g., cryptocurrencies, stocks, ETFs) and 12 gambling (e.g., lotteries, sports
betting) and gambling-like activities (e.g., loot boxes, skin betting). 28.6 % of respondents engaged in non-
professional trading.

Results: Using weighted latent class analysis we identified three distinct subgroups of retail investors: crypto-
traders (52.4 %), focused on cryptocurrency trading with minimal gambling; stock-traders (32 %), involved in
stocks/ETFs and lotteries, and gambling-traders (15.6 %), heavily involved in high-risk trading and various
gambling activities. Although gambling-traders were not the highest investors in terms of trading volume, this
class exhibited the highest frequency of trading and gambling, impulsivity, gambling-related cognitive biases,
rates of disordered trading, and illicit substance use. 24.9 % of gambling-traders scored for problem gambling
(PGSI>8), compared to 0.5 % of crypto-traders and 3.5 % of stock-traders. Conclusions: Not all retail investors
seem to extend their gambling behaviors to financial markets; however, those with higher impulsive traits and
gambling-related cognitive biases tend to combine trading with gambling. This combination is strongly associ-
ated with problem gambling and disordered trading.

Cognitive biases
Population survey

1. Introduction

The trading of financial assets, such as cryptocurrencies, has gained
popularity among the general public due to the availability of online
platforms and widespread marketing campaigns, particularly in digital
and sporting contexts.' * In contrast to traditional investing, trading is
an investment activity that seeks short-term profits and often involves
frequent transactions based on fluctuating market trends. Trading stra-
tegies are typically classified by the duration of holding positions (i.e.,
the length of time the financial assets are held before they are sold). The
four main styles are position trading, swing trading, day trading, and

scalping. Position trading focuses on holding positions for weeks or even
months, while swing trading involves keeping assets for several days to
take advantage of price swings. Conversely, day trading limits all
transactions to a single trading session and involves closing of positions
before market closure, whereas scalping seeks to profit from rapid, small
price movements within minutes or even seconds.’ Trading activities,
particularly day trading and scalping, are frequently regarded as forms
of financial speculation, characterized by higher levels of uncertainty
and increased risk of financial loss.” Despite market analysis and
investing knowledge, trading outcomes can still be affected by sudden
market fluctuations, which has led to trading being described as an
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online gambling-like activity.>® 1° Because of these features, trading has
been compared to activities such as sport betting or poker, where
although gambler skills may influence outcomes, there is still an element
of chance.”'!+!?

The similarities between these activities are further supported by
empirical evidence, which reveals a considerable overlap between
gambling and trading behaviors. Previous studies show that over half of
regular gamblers engage in trading activities, with these behaviors being
more common among younger males with higher levels of education and
income.>!'*"15 Trading behavior is also strongly linked to cognitive
distortions, impulsivity, and risky decision-making, all established pre-
dictors of gambling disorder.>'1%161°  Furthermore, problem
gambling, in particular, seems to be the strongest predictor of intense
and severe trading behaviors.'*

Several studies have suggested that trading may serve as a substitute
for gambling, since some retail investors view the buying and selling of
financial assets as an entertainment activity.’’ 2* Indeed, prior findings
indicate that between 4 and 10 % of this population exhibit problematic
gambling behaviors within the financial markets.'®** The substitution
hypothesis is also supported by studies indicating that trading volume
among retail investors declines during weeks with large lottery jack-
pots’>? and increases during periods such as the COVID-19 pandemic,
when gambling opportunities were limited due to the closure of
gambling venues and the suspension of gambling-related activities, such
as sporting events.>>12°

In line with trends observed in other countries,” widely advertised
platforms such as eToro or Plus500 have facilitated general access to
trading in Spain. Recent population-based data indicate that 13.3 % of
the Spanish general population engages in trading, yet only around 1 %
do so professionally, highlighting the predominantly amateur nature of
these activities.”” Strikingly, although less than 2 % of individuals report
a high level of knowledge about financial assets such as cryptocurren-
cies,”® almost 40 % of the general population traded in more than one
asset.”’

However, despite the growing popularity of trading, the available
worldwide evidence is largely limited to studies focusing on crypto-
currency or high-risk stock traders.*'* Consequently, investigations into
the patterns and risk profiles of retail investors remain limited, even
though trading platforms allow users to access a wide range of financial
products, including high-risk securities. Latent class analysis (LCA), a
statistical method that identifies subgroups based on shared character-
istics, offers a promising approach to examining the heterogeneity of
trading and gambling behaviors.”” While LCA has been widely applied
to gambling studies, its application to the combined analysis of trading
and gambling behaviors is still underexplored.

This study aims to address these gaps by using LCA to classify retail
investors based on trading and gambling behaviors. It also examines
how these profiles differ in terms of demographic characteristics,
trading and gambling involvement, substance use, impulsivity, and
gambling-related cognitive biases.

2. Methods
2.1. Design and participants

A cross-sectional online survey was conducted between 24 March
and 22 April 2022 among a sample of Spanish residents aged 18-64
years. Participants were recruited from an online panel maintained by
an independent Spanish research agency. Prior to recruitment, a pre-test
of the final survey was conducted on a sample of n = 100 panel members
to ensure feasibility and quality of the survey. To reduce complexity, the
survey was designed to adapt to participant responses and included
questions on demographic characteristics, gambling and trading be-
haviors, and gambling-related risk factors. The average completion time
was approximately 25 min. Quotas were set for age, sex, region, and
habitat size in order to ensure representativeness.
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Of the 8,549 survey invitations sent out, 3,749 individuals initiated
the survey after reading the aims and objectives of the study and giving
informed consent. A total of 2,320 responses were excluded due to
incompleteness, rapid completion, quota limits, inconsistencies, or
automated response patterns detected using the dichotomous scale
format (yes/no) of the Oviedo Infrequency Scale.>”>! This scale includes
items such as ‘The distance between Madrid and New York is greater
than the distance between Madrid and Barcelona’. Participants who
provided three or more incorrect answers were considered to have
provided random responses.>%>* This resulted in 1,429 valid cases and a
sampling error of 3.2 % (Z = 1.96, confidence level = 95.5 %). Partic-
ipation was voluntary, although panel members receive incentives
(redeemable points) from the panel provider. The study procedures were
approved by the Committee of Research and Ethics at the first author’s
university (Reference: DPP.ACC.01.21).

2.2. Measures

2.2.1. General demographics
Participants provided demographic information, including age, sex,
marital status, education, employment status, and monthly income.

2.2.2. Trading behaviors

Participants reported past-year engagement (yes/no) in trading ac-
tivities across eight asset types (e.g., Forex, cryptocurrencies, stock
markets, ETFs) and provided data on trading frequency, trade size (in
euros), daily engagement, and market monitoring based on items pro-
posed by Delfabbro et al.'” to measure cryptocurrency engagement.
Measures also included the preferred holding periods for the traded
financial assets (e.g., seconds, days) and the use of brokers or trading
apps. Disordered trading (score >5 criteria) was assessed using the
Trading Disorder Scale (TDS),10 developed based on the 13 criteria
proposed by Guglielmo et al.>* to identify maladaptive trading
behaviors.

2.2.3. Gambling behaviors

Participants indicated past-year engagement (yes/no) in eight tradi-
tional gambling activities (e.g., lotteries, sports betting, bingo, casino)
and four in-game activities with gambling components, such as skin
betting or buying loot boxes.* For each activity, participants reported
the frequency and highest amount spent in a single day of gambling, as
well as the mode of participation in traditional gambling (land-based
and/or online). The preferred form of gambling was determined by the
most frequently used mode across all traditional gambling activities. The
Spanish version of the Problem Gambling Severity Index (PGSI)*®*” was
used to assess gambling severity, classifying participants as follows:
non-problem (PGSI = 0), low risk (PGSI = 1-2), moderate risk (PGSI =
3-7), or problem gambling (PGSI>8). Participants who had not engaged
in gambling activities during the assessed period were assigned a PGSI
score of 0.2

2.2.4. Gambling-related risk factors

Gambling-related cognitive distortions were measured using the
scale developed by Labrador et al.,>* while impulsivity was assessed
with the Spanish UPPS-P scale.*”*! Past-year substance use (alcohol,
tobacco, cannabis, cocaine, and hallucinogens) was screened using ad
hoc items based on the EDADES Survey.*?

See supplementary material for a complete description of all mea-
sures, including response formats and psychometric properties.

2.3. Data analysis

To ensure representativeness of the study population, post-
stratification weights were applied to all cases using data from prior
random digit dial telephone survey (N = 1,011) we conducted, assessing
the prevalence of gambling-like activities in the Spanish population
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aged 18-64 years.”” LCA with sampling weights was conducted in Mplus
v8.8.%° The optimal number of latent classes was determined using three
criteria: (1) the Bayesian Information Criterion (BIC; lower values
indicate better fit), chosen for its robustness and because it accounts for
complex sampling features;"*»*° (2) interpretability in line with the
theoretical framework and previous research; and (3) class size distri-
bution, excluding models with classes representing less than 5 % of the
sample. Conditional probabilities were interpreted as low (<0.40),
moderate (0.40-0.69), and high (>0.70).%°

Class comparisons between were conducted in SPSS v.27 using
complex survey commands with results interpreted at a 95 % confidence
level. The Rao-Scott-adjusted y test*® was used to evaluate differences
in non-continuous variables, followed by a Bonferroni-corrected post--
hoc z-test on the adjusted residuals for all significant y? results. For
continuous variables, differences were assessed using general linear
models for complex samples, with post-hoc pairwise comparisons also
adjusted using Bonferroni corrections to minimize Type I error. Outliers
(values > 1.5 times the interquartile range) were examined and found
not to affect the results. Accordingly, all cases were included in the re-
ported analyses.

3. Results
3.1. Sample characteristics

The unweighted survey sample (N = 1,429) was sex-balanced (51.8
% male, n=740), with a mean age of 37.43 years (SD = 12.36). Most
participants were employed (64.5 %, n=921), and had completed high
school (43.3 %, n=619) or university studies (51.5 %, n=736). Both
unweighted and weighted sample characteristics are detailed in Table 1.

A total of 408 participants (28.6 %) reported engaging in financial
asset trading over the past year. The weighted prevalence of trading
activities was 11.5 % (95 % Confidence Interval [95 % CI]: 9.9-13.5 %).
In order to comply with the study’s objectives, weighted descriptive and
inferential analyses excluded professional traders (1.2 %, n=5) and
focused on retail investors (98.8 %, n=403).

Table 1
Survey respondents’ characteristics (N = 1,429).
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The sample of retail investors was predominantly male (72.2 %
[65.4-78.1 %]), with high educational levels (60.9 % [53-68.2 %] had a
university degree), and had a mean age of 41.8 (SE = 1.1) years. The
most frequently traded assets were stocks (54.3 % [46.8-61.6 %]),
cryptocurrencies (47.9 % [40.4-55.6 %]), and exchange-traded funds
(43.5 % [35.8-51.5 %]). Trading of other high-risk assets, including
Forex (16.7 % [11.3-23.9 %]), commodities (9.6 % [6.1-14.9 %]), fu-
tures (4.5 % [2.6-7.6 %]), options (2.7 % [1.4-5.1 %]), or CFDs (1.5 %
[0.7-3.3 %]), was less prevalent.

3.2. Latent classes of gambling and trading behaviors among retail
investors

Fit indices of the weighted latent class models are presented in
Table 2. The BIC values improved with increasing model complexity
from one to three classes. As the smallest class in the 4-class solution
contained less than 5 %, therefore, the 3-class solution was deemed
optimal, balancing BIC values and interpretability. Fig. 1 illustrates the
probabilities of past-year engagement in trading and gambling behav-
iors for each class.

The most prevalent class (52.4 %, n=211), designated as crypto-
traders, comprised investors who were primarily engaged in crypto-
currency trading and reporting minimal involvement in gambling or
gambling-like activities, except for a moderate probability of lottery
play (41.3 %). The second largest class (32 %, n=119), labelled stock-
traders, showed a high probability of trading stocks and ETFs which, like
stocks, are bought and sold on a stock exchange, and lottery playing. The
smallest class (15.6 %, n=63), termed gambling-traders, included in-
vestors with moderate to high probabilities of engaging in nearly all
trading activities assessed. The conditional probabilities were high for
cryptocurrency trading, and moderate for Forex, the stock market,
commodities, and ETFs (in descending order of probability). This group
also exhibited moderate probabilities of engaging in various traditional
gambling activities (e.g., lotteries, sports betting, bingo, casino), and
was the only class reporting gambling-like activities such as eSports or
skin betting and buying loot boxes, although with low probabilities.

Characteristics Total sample (N = 1,429)

Retail investors (n = 403)

Unweighted, % (n) or Mean

Weighted, % (95 % CI) or Mean

Unweighted, % (n) or Mean Weighted, % (95 % CI) or Mean

(SD) (SE) (SD) (SE)
Age (years) 37.4 (12.4) 43.6 (0.5) 38.44 (12.9) 41.8 (1.1)
Sex
Female 48.2 (689) 50 (46-53.9) 34.7 (140) 27.8 (21.9-34.6)
Male 51.8 (740) 50 (46.1-54) 65.3 (263) 72.2 (65.4-78.1)
Marital status
Single 52.4 (749) 40.2 (36.5-44) 50.6 (204) 47.5 (40-55.1)
Married 36.9 (527) 47.6 (43.6-51.6) 40.2 (162) 42.3 (35-49.9)
Divorced 4.5 (64) 5.7 (4.2-7.7) 4.2(117) 5.6 (2.8-10.8)
Widowed 1014 1.8 (0.8-4.2) 0.7 (3) 0.5 (0.1-1.7)
Other 5.2 (75) 4.7 (3.3-6.5) 4.2@17) 4.2 (1.9-9.2)
Education level
None 0.4 (6) 0.3 (0.1-1) 0.2 (1) 0 (0-0.2)
Primary 4.8 (68) 7.6 (5.4-10.6) 3(12) 4.6 (2.2-9.4)
High School 43.3 (619) 44.2 (40.2-48.2) 36 (145) 34.5 (27.4-42.3)
University studies 51.5 (736) 47.9 (43.9-51.9) 60.8 (245) 60.9 (53-68.2)
Employment status
Student 14.5 (207) 7.7 (6.4-9.1) 9.4 (38) 6.4 (4.1-9.8)
Employed 64.5 (921) 62.1 (58.1-66) 76.4 (308) 75.6 (68-82)
Unemployed/domestic work 17.2 (246) 23.2 (19.8-27) 10.9 (44) 11.5 (7.6-17)
Retired 3.8 (55) 7 (5-9.7) 3.2.(13) 6.5 (2.7-15.1)
Income
<1,000€ 18.8 (268) 18.3 (15.3-21.7) 13.6 (55) 10.9 (7.3-16.1)
1,000-1,999€ 38.8 (555) 37.2 (33.5-41.1) 43.2 (174) 46 (38.5-53.7)
>2,000€ 14.8 (212) 15 (12.5-18) 23.8 (96) 26.4 (20.1-33.8)
Don’t know/Prefer not to 27.6 (394) 29.5 (25.9-33.4) 19.4 (78) 16.6 (12.3-22.1)
disclose

Abbreviations: n unweighted count, SD standard deviation, CI confidence interval, SE standard error.
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Table 2
Fit indices of the weighted latent class solutions.

Model Log-likelihood AIC BIC SABIC Entropy Smallest class count (n) Smallest class size (%)
1-class —2216.864 4473.729 4553.708 4490.246 NA 403 100 %

2-classes —2059.124 4200.248 4364.205 4234.107 0.941 71 17.6 %

3-classes —1972.619 4069.238 4317.172 4120.440 0.802 63 15.6 %

4-classes —1916.321 3998.642 4330.554 4067.186 0.828 5 1.2%

Abbreviations: AIC Akaike’s information criterion, BIC Bayesian information criterion, SABIC sample size adjusted BIC, NA not applicable.
Note: Smallest class in the 4-class solution was <5 %, and therefore no further classes were added. Optimal class solution is indicated by bold text.
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Fig. 1. Weighted latent class analysis. Estimated indicator probabilities and latent class proportions for the 3-class model.

Table 3
Demographic characteristics (weighted estimates) of each latent class (N = 403).

Variables Gambling-traders (n = 63) Crypto-traders (n = 211) Stock-traders (n = 129) Statistic (p)
Age (years) 34.3(3.5)* 38.2(1.3)* 47.1(1.6)b 13.077 (<0.001)**
Sex
Female 38.3 (14.8-68.9) 34.8 (26.3-44.2) 18.2 (11.6-27.4) 3.185 (0.043)*
Male 61.7 (31.1-85.2) 65.2 (55.8-73.7) 81.8 (72.6-88.4)
Marital status
Single 39.6 (19.8-63.6) 56.5 (46.8-65.7) 38.4 (26.6-51.7) 2.644 (0.018)*
Married 37.5 (18.4-61.5) 35 (26.6-44.5) 52.3 (38.5-63.9)
Divorced 1.2 (0.3-4.2) 5.1 (1.7-14.1) 6.9 (2.7-16.2)
Widowed - 0.5 (0.1-3) 0.5 (0.1-3.2)
Other 21.7 (3.6-67.1) 2.9 (1.1-7.6) 3(1.1-7.9)
Education level
None 0.3 (0-2.5) - - 0.791 (0.550)
Primary 4 (0.6-23.3) 5.8 (2.1-14.9) 3.4(.1-10.1)
High School 39.5 (19.2-64.1) 28.4 (21-37.3) 40.6 (28.1-54.4)

University studies
Employment status

Student

Employed

Unemployed/domestic work

Retired
Income
<1,000€
1,000-1,999€
>2,000€

Don’t know/Prefer not to disclose

56.2 (31.6-78.1)

2.4 (0.7-7.9)
87.4 (64.8-96.3)
8.7 (1.6-35.6)
1.5 (0.2-10.2)

13.3 (4.7-32)
60.4 (36.8-79.9)
16.2 (6.6-34.5)
10.2 (3.7-25.2)

65.7 (56.2-74.2)

8.9 (5.3-14.5)
74.7 (65.1-82.4)
13 (7.4-21.8)
2.4 (0.9-12.9)

13.7 (8.3-21.9)
40.9 (31.7-50.8)
21.6 (15-30.2)
23.7 (16.7-32.5)

56.1 (42.7-68.6)

4.1 (1.5-10.3)
74.9 (60.7-85.2)
10.2 (5.3-19)

5.9 (3.5-28.7)

7.4 (3.3-15.8)
49.6 (37-62.4)
33.5 (22.2-46.9)

9.5 (5.1-16.7)

3.865 (0.254)

5.127 (0.024)*

Data are weighted means (standard errors) in continuous outcomes, and weighted percentages (95 % confidence intervals) in non-continuous outcomes. Weighted
percentages are rounded and may not add up to 100 %.

Note: Different superscripts letters in the same row indicate significant differences in pairwise comparisons. Bold type indicates significant differences according to z-
tests on the adjusted residuals (all based on Bonferroni-adjusted p-values).

*Significant at p < 0.05, **Significant at p < 0.01, - No cases in this category.
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3.3. Differences in demographic characteristics between latent classes

The demographic data for each latent class is presented in Table 3. In
comparison to those classified as gambling- and crypto-traders, who
exhibited a similar male-to-female ratio and mean ages, stock-traders
were predominantly male (p=.043), and older (p < .001). The monthly
income of the gambling-traders class was the lowest (p=.024) and the
proportion of divorced individuals was the smallest (p=.018). A signif-
icantly higher proportion of crypto-traders did not provide income data,
with 23.7 % (95 % CI: 16.7-32.5 %) of individuals in this class
responding, ‘don’t know/prefer not to answer’. No statistically signifi-
cant differences were observed in educational level or employment
status across classes (p > .05).

Public Health 244 (2025) 105742
3.4. Differences in trading involvement between latent classes

The use of trading apps and the number of hours spent analyzing
markets did not differ significantly across classes (p > .05). The stock-
traders class reported the highest mean trade size (mean = 7,639¢€, SE =
1,183.9) compared to gambling-traders (mean = 2,018.2€, SE = 588) and
crypto-traders classes (mean = 1,065.4€, SE = 262, p < .001). However,
investors in the gambling-traders class generally reported a more intense
and severe pattern of trading behavior than individuals in the other two
classes.

Compared to crypto-traders (mean = 1.5, SE = 0.8) and stock-traders
(mean = 1.9, SE = 0.1), gambling-traders traded a broader range of
financial instruments (mean = 4, SE = 0.4, p < .001) and more

Table 4

Trading and gambling behaviors (weighted estimates) across latent classes (N = 403).
Variables Gambling-traders (n = 63) Crypto-traders (n = 211) Stock-traders (n = 129) Statistic (p)
Trading involvement
No. of financial assets traded 4(0.4)* 1.5 (0.8)" 1.9 (0.1)¢ 13.715 (<0.001)**

Past-year frequency of trading’
Less than once a month
Monthly
Weekly
Daily
Mean trade size values (in euros)
Shortest preferred time frame for trading
Seconds (Scalping)
Hours (Day trading)
Days (Swing trading)
Weeks-months (Position trading)
Daily market monitoring
Never or not daily
1-3 times per day
Every hour
Every few minutes
Hours per day researching/studying markets
Use of trading apps
Trading disorder
Met >5 criteria
Total severity score
Gambling involvement '’
Participated in gambling and in-game activities
No. of gambling and in-game activities
Preferred gambling mode
Land-based
Online
Past-year frequency of traditional gambling
Less than once a month
Monthly
Weekly
Daily

Past-year frequency of gambling-like activities (in-game)

Less than once a month
Monthly
Weekly
Daily
Maximum amount bet in a single day (in euros)
Problem gambling
Non-problem gambling (PGSI = 0)
Low-risk gambling (PGSI = 1-2)
Moderate-risk gambling (PGSI = 3-7)
Problem gambling (PGSI >8)
Total severity score

16.3 (6.9-33.9)
49.1 (24.7-73.8)
31.8 (14.7-55.7)
2.8 (0.6-12.8)
2,018.2 (588)*

20.3 (7.9-43.2)
57.6 (32.4-79.4)
19 (7.8-39.3)

3 (1-8.5)

13.8 (5.7-29.7)
49.1 (24.8-73.8)
26.9 (11.6-50.8)
10.2 (2.3-35.8)
2.9 (0.6)

65 (41.6-82.9)

40.5 (19.9-65)
4.4 (0.7)%

96.1 (78.8-99.4)
3.6 (0.4)*

16.2 (5.2-40.6)
83.8 (59.4-94.8)

21.6 (7.7-47.6)
47.3 (22.5-73.6)
24.1 (11.1-44.7)
7 (1.9-22.1)

14.3 (4.3-38.1)
34.7 (16.4-59)
50.8 (27.8-73.4)
0.3 (0-2.3)
214.3 (108.9)*

39.7 (16.1-69.4)
18.9 (8-38.2)
16.5 (5.6-39.4)
24.9 (11.7-45.5)
4.3 (1.3

57 (47.3-66.2)
29.4 (21.3-39)
11 (6.3-18.4)
2.7 (1-6.6)
1,065.4 (262)*

35.3 (25.4-46.7)
13.1 (8.4-19.9)
11.3 (6.5-18.9)
40.2 (29.7-51.7)

61.6 (51.5-70.7)
35.3 (26.3-45.4)
2.8 (1.1-7.3)
0.3 (0.1-1.2)
1.5 (0.3)

46.2 (36.8-55.9)

3.6 (1.6-8.2)
0.7 (0.2)°

41.6 (32.7-51)
0.5 (0.1)°

61.2 (47.4-73.4)
38.8 (26.6-52.6)

42.4 (30.4-55.5)
35.3 (23.6-49.1)
21.8 (11.6-37)
0.5 (0.1-2.2)

62.6 (13.7-94.6)

37.4 (5.4-86.3)

16.9 (2.4)*°

90 (83.5-94.1)
7 (3.6-13)

2.6 (0.9-6.8)
0.5 (0.1-1.8)
0.3 (0.1)°

63.7 (50.5-75.1)
31.7 (20.9-45)
4.3 (1.5-12)

0.2 (0-1.7)
7,673.9 (1,183.9)°

25 (13.9-40.9)
10.4 (4.9-20.9)
27.8 (15.4-45)
36.8 (25.1-50.2)

45 (33.1-57.4)
50.3 (37.6-63)
4.4 (1.3-14.3)
0.3 (0.1-1.3)
1.5 (0.3)

48.9 (36.2-61.8)

3.6 (1.5-8.6)
0.9 (0.2)°

100 (100-100)
1.3 (0.1)°

63.8 (51.1-74.8)
36.2 (25.2-48.9)

49 (36.3-61.8)
31.6 (21.8-43.4)
19.1 (11-31.3)
0.2 (0-1.5)

39.9 (8.9-81.8)
21.5(2.8-72.4)
33.5(5.1-82.5)
5(0.6-32.7)
32.2 (3.7)*¢

77.6 (67.1-85.4)
17 (10.4-26.5)
2 (0.9-4.4)

3.5 (0.9-12.2)
0.7 (0.3)°

4.078 (0.002)**

20.653 (<0.001)**

5.503(<0.001)**

8.132 (<0.001)**

1.749 (0.079)
0.828 (0.431)

20.364 (<0.001)**
10.005 (<0.001)**

59.398 (<0.001)**
66.109 (<0.001)**

6.130 (0.002)**

2.124 (0.068)

0.680 (0.603)

10.249 (0.001)**

8.898 (<0.001)**

5.370 (0.010)*

Data are weighted means (standard errors) in continuous outcomes, and weighted percentages (95 % confidence intervals) in non-continuous outcomes. Weighted

percentages are rounded and may not add up to 100 %.

Note: Different superscripts letters in the same row indicate significant differences in pairwise comparisons. Bold type indicates significant differences according to z-

tests on the adjusted residuals (all based on Bonferroni-adjusted p-values).
*Significant at p < 0.05, **Significant at p < 0.01, - No cases in this category.

Trading frequency is based on the financial asset most actively traded. Mean trade size refers to the average amount of money invested per trade. Preferred time frame
refers to the shortest holding period between the purchase and sale of a financial asset.

f'Gambling involvement data (i.e., number of gambling and gambling-like activities, amount bet and past-year frequency) refer exclusively to participants who re-
ported engaging in gambling or gambling-like activities; consequently, the sample size for these variables could be smaller than the total sample size for each class.
Frequency of gambling was determined by the gambling activity in which the participant has engaged the most. The preferred gambling mode indicates the most used
format for gambling within traditional products. Participants who had not engaged in past-year gambling or gambling-like activities were assigned a PGSI score of 0.
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frequently than the other groups (p=.002). The majority of crypto- (57 %
[95 % CI: 47.3-66.2 %]) and stock-traders (63.7 % [95 % CI: 50.5-75.1
%]) reported trading less than monthly, while gambling-traders pre-
dominantly traded on a monthly (49.1 % [95 % CI: 24.7-73.8 %]) or
weekly basis (31.8 % [95 % CIL: 14.7-55.7 %]). The proportion of in-
dividuals trading on a daily basis was minimal across all groups (<3 %).

In terms of the preferred transaction duration (i.e., the length of time
the financial assets are held before they are sold), cross-class compari-
sons revealed that a similar number of investors in each class hold po-
sitions on ultra-short time frames. The proportion of investors holding
purchased assets for a period of seconds (commonly referred as scalping)
ranged from 20.3 % to 35 % across all three classes (see Table 4 for
complete results with 95 % confidence intervals). However, 57.6 % (95
% CI: 32.4-79.4 %) of individuals classified as gambling-traders reported
holding assets for hours, consistent with day trading, whereas this
trading modality dropped to values between 10.4 and 13.1 % in the
other classes. Moreover, only 3 % (95 % CI: 1-8.5 %) of those classified
as gambling-traders employed long-term strategies, such as holding po-
sitions for weeks or months (position trading). In contrast, this time
frame was the most prevalent among crypto-traders (40.2 % [95 % CL:
29.7-51.7 %]) and stock-traders (36.8 % [95 % CI: 25.1-50.2 %]).

Gambling-traders also monitored markets more frequently, with 10.2
% (95 % CI: 2.3-35.8 %) checking updates every few minutes, compared
to only 0.3 % of the investors in the other classes (p < .001). Addi-
tionally, 61.6 % (95 % CI: 51.5-70.7 %) of crypto-traders and 45 % (95 %
CI: 33.1-57.4 %) of stock-traders reported never or not daily monitoring
of markets, while the proportion in the gambling-traders class was
significantly lower (13.8 % [95 % CI: 5.7-29.7 %]).

Moreover, 40.5 % (95 % CI: 19.9-65 %) of individuals in the
gambling-traders class met the criteria for disordered trading (i.e.,
Trading Disorder Scale score >5), compared to 3.6 % in the other two
classes (p < .001). This group also exhibited the most severe trading
behaviors, with an average of 4.4 (SE = 0.7) of the criteria met (p <
.001). Complete data on cross-class comparisons of variables related to
trading behaviors are presented in Table 4.

Public Health 244 (2025) 105742

3.5. Differences in gambling involvement and gambling-related risk
factors between latent classes

While gambling- and stock-traders classes showed similar past-year
gambling participation rates (nearly 100 %), their preferred gambling
modalities differed significantly (p = .002). While 83.8 % (95 % CI:
59.4-94.8 %) of gambling-traders primarily mostly participated in online
gambling, only 36.2 % (95 % CI: 25.2-48.9 %) of stock-traders reported
this modality as their preferred gambling mode. Moreover, gambling-
traders engaged in more gambling activities (mean = 3.6, SE = 0.4) and
with a greater frequency, including a 7 % prevalence of daily gambling.
This class also reported the highest levels of problem gambling severity
(mean PGSI scores = 4.3, SE = 1.3, p < .001), with fewer rates of non-
problem gambling (39.7 % [95 % CI: 16.1-69.4 %]) compared to crypto-
traders (90 % [95 % CI: 83.5-94.1 %]; see Table 4). This latter class
exhibited the lowest prevalence of engagement in gambling and
gambling-like activities (41.6 % [95 % CIL: 32.7-51 %], p < .001), and
also exhibited a significantly lower prevalence of online gambling (38.8
% [26.6-52.6 %]) in comparison to gambling-traders.

A similar pattern of differences between latent classes was observed
in the context of impulsivity scores and gambling-related cognitive
biases (Table 5). Gambling-traders exhibited higher scores on all cogni-
tive distortions assessed (p < .01), except for the erroneous beliefs
regarding the self-correcting nature of chance, which scored similarly
across three latent classes (p=.398). This group also reported higher
levels of impulsivity compared to crypto- and stock-traders (p < .01), as
indicated by the total UPPS-P score and scores in the following di-
mensions: negative urgency, lack of perseverance, and positive urgency.
Additionally, lack of premeditation was also significantly higher in
gambling-traders when compared to stock-traders (p=.008).

Rates of past-year alcohol, tobacco, and cannabis use were found to
be similar across all three latent classes of retail investors (p > .05).
However, the highest rates of cocaine and hallucinogen use were re-
ported by those in gambling- and crypto-traders classes (p < .01). The
prevalence of cocaine and hallucinogen use was 7 % (95 % CI: 2.9-15.7)
and 3 % (95 % CIL: 1.1-7.8), respectively, among crypto-traders, while 7
% of gambling-traders reported using both substances. In contrast, the
proportion of stock-traders endorsing the use of these substances was
almost zero (Table 5 presents complete data with weighted prevalences

Past-year substance use

Alcohol 86.6 (70.3-94.6)
Tobacco 38.8 (19.1-62.9)
Cannabis 18.6 (7.1-40.7)
Cocaine 7.1 (1.9-22.8)
Hallucinogens 7.6 (2.2-23.1)

89.4 (83.4-93.4)
22.3 (14.9-32)

93.6 (86.3-97.1)
17.7 (11-27.3)

Table 5
Gambling-related risk factors (weighted estimates) across latent classes (N = 403).
Variables Gambling-traders (n = 63) Crypto-traders (n = 211) Stock-traders (n = 129) Statistic (p)
Gambling-related cognitive distortions
Total score 19 (0.6)° 15.4 (0.4)° 15.1 (0.6)° 8.166 (<0.001)**
Tllusion of control 3.8 (0.2)° 2.9 (0.1 29 (0.1 5.656 (<0.001)**
Tlusory correlation 3.9 (2.6) 3.0 (0.1)° 3(0.1)° 3.215 (0.004)**
Luck as responsible for outcomes 4.8 (0.2)* 4.1 (0.1)° 3.9 (0.2)° 4.145 (0.003)**
Self-correcting chance 2.3(0.2) 2.2 (0.1) 2.1 (0.1) 0.660 (0.398)
Biased evaluation of outcomes 2.1 (0.1)* 1.5 (0.1)° 1.6 (0.1)° 4.589 (0.005)**
Outcome prediction 2.1 (0.1)* 1.7 (0.7)° 1.6 (0.1)" 3.191 (0.009)**
Impulsivity (UPPS-P)
Total score 47.61 (1.4)° 41.5 (0.7)° 40.4 (0.9)° 8.221 (<0.001)**
Negative urgency 11 (0.5) 9.2(0.3)° 9.3 (0.4)° 3.170 (0.018)*
Lack of premeditation 7.4 (0.3 6.8 (0.2)*° 6.4 (0.2)° 3.711 (0.008)**
Lack of perseverance 8 (0.4)° 7 (0.2)° 6.7 (0.2)° 3.803 (0.005)**
Sensation seeking 10.6 (0.5) 9.5 (0.3) 9.1 (0.3) 2.160 (0.051)
Positive urgency 10.6 (0.4)* 9 (0.2)° 8.9 (0.3)° 4.807 (0.001)**

1.049 (0.345)
1.691 (0.185)

11.3 (6.6-18.8) 7.5 (3.2-16.4) 1.059 (0.344)
7 (2.9-15.7) 0.2 (0-1.3) 8.228 (<0.001)**
3(1.1-7.8) 0.2 (0-1.3) 5.923 (0.005)**

Data are weighted means (standard errors) in continuous outcomes, and weighted percentages (95 % confidence intervals) in non-continuous outcomes. Weighted

percentages are rounded and may not add up to 100 %.

Note: Different superscripts letters in the same row indicate significant differences in pairwise comparisons. Bold type indicates significant differences according to z-

tests on the adjusted residuals (all based on Bonferroni-adjusted p-values).
*Significant at p < 0.05, **Significant at p < 0.01.
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and 95 % confidence intervals).
4. Discussion

This study employed latent class analysis to examine trading and
gambling behaviors among retail investors, identifying three distinct
profiles: crypto-traders, stock-traders, and gambling-traders.

The majority of the sample was classified as crypto-traders (52.4 %),
engaging primarily in cryptocurrency trading with minimal involvement
in gambling, except for participation in lotteries. The stock-traders class
(32 %) comprised amateur investors who primarily traded stocks and
ETFs, with a high probability of participating in lotteries. The group of
investors classified as gambling-traders (15.6 %) exhibited a diverse
range of trading behaviors, engaging in high-risk assets such as Forex,
commodities, and stocks, while also participating in a wide variety of
gambling activities, including lottery, sports betting, bingo, and casino
games. Notably, this was the only group that also reported participating
in in-game activities with gambling components (e.g., loot boxes, skin
betting), albeit with low probabilities. These findings align with previ-
ous research that identified cryptocurrencies and stocks as the most
commonly traded assets among private investors.*’

The gambling-traders group exhibited the most severe trading and
gambling behaviors. While stock-traders reported the highest mean trade
sizes, gambling-traders traded more frequently, preferred shorter holding
periods, and monitored markets more intensively. Notably, despite their
higher trading frequency, gambling-traders reported lower mean trade
sizes, mirroring a behavior observed among frequent gamblers, who
often place more frequent bets with smaller amounts of money.*®*’
Analogous trading patterns have also been observed amongst retail in-
vestors who fulfil the criteria for disordered trading, characterized by
compulsive engagement and impaired control over trading activities,
despite psychosocial and financial negative consequences. Consistent
with this, almost 41 % of gambling-traders in our study met the criteria
for disordered trading,'%>* compared to fewer than 4 % in the other two
classes.

Moreover, in line with previous studies, younger males were more
prevalent in classes with higher probabilities of cryptocurrency trading
and shorter holding periods.'**®*° Day trading was common across
all three classes, but gambling-traders were the most likely to engage in
this practice, with 97 % of individuals in this group reporting holding
positions for less than one day. This short-term trading modality has
been linked to problem gambling,”>"' and recent research by Leslie
et al.'® concluded that many day traders are heavily involved traditional
gamblers who combine day trading with their gambling activities. Our
findings contribute to this body of literature by showing that gam-
bling-traders, the group with the highest proportion of day traders, also
reported the most intense and severe gambling behaviors.

The hypothesis that investors in this class are predominantly heavy
gamblers who engage in an array of trading activities is further sup-
ported by other key findings. Although both gambling- and crypto-traders
primarily engaged in cryptocurrency trading, their trading and
gambling patterns differed, as did their rates of problem gambling.
Previous research indicates that cryptocurrency traders are more likely
to experience problem gambling than traders of other financial in-
struments.>>? However, our results suggest that there is no consistent
correlation between cryptocurrency trading and problem gambling. The
proportion of problem gamblers (PGSI scores >8) was significantly
higher among gambling-traders (24.9 %) than crypto-traders (0.5 %),
suggesting that the risk is greater when cryptocurrency trading is com-
bined with other gambling activities. This aligns with previous findings
where individuals who engaged in both cryptocurrency trading and
sports betting were at a higher risk of problem gambling than those who
engaged in only one of these activities.'”

Interestingly, our study also demonstrates that higher rates of
problem gambling cannot be exclusively attributed to the concurrent
participation in both trading and gambling activities. While the
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proportion of gamblers was similar between stock- and gambling-traders
(100 % and 96.5 %, respectively), stock-traders engaged in fewer
gambling activities and with less frequency, exhibiting lower rates of
problem gambling (3.5 %). Furthermore, stock-traders were predomi-
nantly land-based gamblers (63.8 %), similar to crypto-traders (61.2 %),
while 83.8 % of gambling-traders preferred online gambling. These re-
sults align with previous studies suggesting that participation in online
gambling may be an indicator of greater gambling involvement in
general.”® Our findings further support prior research suggesting that,
akin to traditional gambling studies,”**° the number of gambling ac-
tivities is associated with moderate-risk and problem gambling among
day traders.'® It also aligns with research suggesting that trading stocks
had a lower addictive effect compared to cryptocurrencies, which
gambling-traders primarily used."”

Additionally, gambling-traders reported lower income and higher
gambling biases, and the highest levels of impulsivity and risky behav-
iors, such as illegal substance use. These findings are consistent with
studies identifying elevated levels of these variables among high-risk
and pathological traders.>'%'®°® Characteristics such as impulsivity
and cognitive distortions are also well-known features of gambling
disorder'®*>*” and could potentially explain the higher prevalence of
problem gambling in this group. Moreover, gambling-traders were the
only group likely to engage in strategic gambling (e.g., sports betting,
poker), which has been associated with younger age groups, and higher
levels of impulsivity and cognitive biases.””*°® Finally, it is noteworthy
that both crypto- and stock-traders showed similar levels of cognitive
distortions and impulsivity, despite stock-traders participating in more
trading and gambling activities. In fact, stock-traders displayed the
lowest average values in these gambling-related risk factors and
exhibited more controlled gambling behaviors, which could also be
partially explained by their older age.”**%® This leads to the question
of whether retail investors trading more traditional financial in-
struments, such as stocks, might employ more rational strategies and
make lower-risk decisions, while those with risk-seeking tendencies and
irrational beliefs might be more attracted to ‘gamblified” financial
products, such as cryptocurrencies, with higher levels of risk and vola-
tility.*”>°! Future research on the rationality and decision-making of
speculative investors, using instruments such as the Iowa Gambling
Task, may be useful in addressing this subject.

This study has several limitations that warrant consideration. The
cross-sectional design of the study precludes causal inferences about the
relationship between problem gambling and trading behaviors. More-
over, given the volatility of financial markets and the fluctuations in the
popularity of specific financial assets, longitudinal research is needed to
explore whether the profiles identified in this study are influenced by
market conditions or the timing of data collection. Self-reported data
may also be influenced by recall and social desirability biases. Addi-
tionally, participants were recruited from an online panel, which may
differ from non-panel members in terms of higher Internet use, educa-
tion levels and socioeconomic status.’? Nevertheless, respondents were
weighted to match the Spanish population and national proportions of
trading and gambling behaviors, based on the findings of a previous
population-based random telephone survey.”’ Finally, the smaller
sample size of the gambling-traders group resulted in wider confidence
intervals and large standard errors, highlighting the need for replication
with larger samples to increase the precision of estimates.

To our knowledge, this is the first study to identify distinct profiles of
retail investors engaging in trading and gambling behaviors, using a
representative sample. Despite the structural parallels between trading
and gambling, not all investors seem to approach trading in a manner
resembling gambling.!” Investors who exhibited such behavior primar-
ily combined cryptocurrency trading with multiple gambling activities,
and showed differences in cognitive factors, personality traits, and de-
mographic characteristics compared to other investors. Further longi-
tudinal studies are necessary to confirm these findings, but our results
provide robust evidence to help characterize investors who gamble in
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financial markets and to identify those at heightened risk of problem
gambling.
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