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Abstract
Both gambling and trading involve risk-taking in exchange for potential financial gains. In 
particular, speculative high-risk high-frequency trading closely resembles disordered gam-
bling behaviour by attracting the same individuals who tend to be overconfident, sensation-
seekers, and attracted to quick large potential payoffs. We build on these studies via an 
incentivised experiment, in which we examine how manipulated levels of market volatility 
affected trading frequency. Gamblers (N=604) were screened based on the existence of 
household investments and recruited across the four categories of the Problem Gambling 
Severity Index. The volatility of stocks was manipulated between-participants (high vs. 
low). Participants traded fictitious stocks and were provided bonuses based on the results 
of their trading activity (M=US$4.77, range=[0, 16.99]). Participants traded more often 
in the high-volatility market, and this finding remained robust after controlling for finan-
cial literacy, overconfidence, age, and gender. Many investors trade more frequently than 
personal finance guides advise, and these results suggest that individuals are more likely to 
commit this error in more volatile markets. Exploratory analyses suggest that the effect of 
the volatility manipulation was strongest amongst gamblers who were at low-risk of expe-
riencing gambling harms. As they might be otherwise considered low-risk, these individu-
als could be overlooked by protective gambling interventions yet nonetheless suffer unmiti-
gated financial harms due to unchecked excessive trading.
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Gambling is a common activity, with around 50% of adults gambling every year in large 
Western countries where it is legal to do so (Calado and Griffiths 2016), and generating 
substantial profits for the gambling industry, equal to US$385 billion worldwide in 2016 
alone (The Economist 2017). While most gamblers do not appear to suffer harm as a 
result, between 0.1% and 3.4% of the population of European countries meet the criteria 
for disordered gambling (Calado and Griffiths 2016). Furthermore, gambling researchers 
increasingly recognise that harm can occur even for people who score below the thresh-
old for disordered gambling (Browne et  al. 2016; Livingstone and Rintoul 2020). This 
has caused policy makers to treat gambling as a public health issue and led to increasing 
research efforts to better understand the population’s risk of experiencing gambling-related 
harm (Adams and Rossen 2012; Regan et al. 2022; Wardle et al. 2019). This includes the 
increased risk of incurring harm in domains outside of gambling, such as suffering from 
substance-based addictions (Dowling et al. 2017).

This research focuses on examining an important potential risk associated with gam-
bling: personal investments (Arthur and Delfabbro 2015; Arthur et al. 2016; Mosenhauer 
et al. 2021; Williams et al. 2023). Investing is also a common and growing activity (Ara-
monte and Avalos 2021), with the popularity of personal investing having doubled in a 
decade (McCabe 2021). While investing and gambling both involve a voluntary exposure 
to risk (Neal et al. 2005) the outcomes are expected to be substantially different: gambling 
largely leads to financial losses, while investors might reasonably expect to make money 
over time (Markham et al. 2016; Muggleton et al. 2021). But this is not universally true, 
since speculative trading, such as high-frequency trading1 (Ortmann et al. 2020) and high-
risk investments (Frino et al. 2019; Kumar 2009), often result in losses, with a pattern of 
returns not dissimilar to gambling (Newall & Weiss-Cohen 2022). In short, some invest-
ment products may pose risks similar to gambling.

Similar people engage in both gambling and speculative trading (Arthur et  al. 2016; 
Philander 2023). Traders and gamblers share many cognitive similarities: overconfidence 
in their own skills, biased memory recall of past events (confirmation bias), and illusion 
of control over outcomes (Arthur and Delfabbro 2017). The two activities also share the 
same motivations: both gamblers and traders chase fun and excitement, are sensation and 
risk seekers, and are attracted by activities with payoffs skewed towards large (albeit rare) 
financial gains (Dorn and Sengmueller 2009; Dorn et  al. 2015; Grinblatt and Keloharju 
2009; Tabri et al. 2022). This conceptual overlap between gambling and speculative trading 
suggests a substitution effect between them, as documented in prior research (Chiah et al. 
2022; Dorn et al. 2015; Orujov 2023). Lopez-Gonzalez and Griffiths (2018) described how 
English Premier League football teams have established partnership and sponsorship deals 
with both sports betting and financial trading companies, exploiting the similarities and 
convergences between the two activities and their target audience.

Classic personal investment guides recommend a “buy-and-hold” approach which, by 
minimising investment and trading costs over decades, can provide the average personal 
investor with good chances of a comfortable retirement (Malkiel 1999). This is in line with 
research findings in behavioural finance that show that more frequent trading is associated 
with worse returns, due to the significant costs incurred from excessive trading (Barber and 

1  In the case of our current study, when we refer to high-frequency trading, this is where an individual is 
trading with greater frequency, often in the same day in fast succession, as opposed to algorithmic high-fre-
quency trading where professional traders in the market use computers to execute a large number of trades 
in a fraction of a second.
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Odean 2000). This is especially true for day trading (high-frequency buying and selling 
several stocks on the same day), where it has been suggested that only 5% of day traders 
earn money in the long term (Barber et al. 2020; Jordan and Diltz 2003), a rate of profit-
ability which is closer to gambling than traditional investing.

Frequent stock trading bears another similarity with characteristic features of disor-
dered gambling: high-frequency betting or short intervals between wagering and payout 
(“continuous betting”), such as electronic gambling machines, are strongly associated 
with harm (Allami et al. 2021). Stock trading frequency has been positively associated 
with rates of disordered gambling severity (Mosenhauer et al. 2021), in particular short-
term high-frequency day trading (Arthur and Delfabbro 2017), and gamblers at the high-
est-risk group on the PGSI scale are more vulnerable to harm due to excessive trading. 
Individuals who report having fun trading trade twice as much as their peers (Dorn and 
Sengmueller 2009), a behavioural pattern often seen with highest-risk gamblers. Arthur 
et al. (2016) suggested that these harmful structural features were not easily accessible 
to investors and traders in 2016, and therefore “problem investing” was extremely rare. 
However, with the subsequent development of mobile trading apps, which are now ubiq-
uitous, frequent continuous trading has been made very accessible (Angel 2021; Ort-
mann et  al. 2020), and is now common amongst retail traders (Stewart 2020). In fact, 
many trading platforms exploit behavioural patterns known to attract gamblers, such as 
frequent notifications and bonuses for volume users (Newall & Weiss-Cohen 2022). As 
a result, new mobile trading platforms see significantly higher turnover than older more 
established trading platforms (Barber et al. 2022).

How much risk investors take is another important attribute to consider in the “gamblifi-
cation” of trading. Price volatility is often used as a proxy for risk in finance, either in terms 
of an investment’s standalone volatility (Markowitz 1952) or its covariance with some 
wider basket of investments (Sharpe 1964). Price volatility is often measured as the stand-
ard deviation of changes in prices: higher price volatility (higher standard deviation) trans-
lates into less certain prices over time, with larger swings in prices both up and down, in 
other words, higher risks (i.e. higher chance of larger wins, but also of larger losses). Some 
would argue that only complex high-risk products, such as derivatives, have the highest 
potential risk and the lowest chance of allowing personal investors to make long-term prof-
its (Chague et al. 2019), due to the excessively high volatility. But risk also varies across 
more common individual stocks, with the highest-risk “lottery” stocks (so called because 
they offer high price volatility, resulting in very small odds of large wins) being amongst 
the riskiest and least likely stocks to provide investors with long-term profits (Frino et al. 
2019; Kumar 2009). Risk-taking is a key personality trait amongst gamblers (Wong and 
Carducci 1991), and as a result, investments in volatile stocks and other high-risk and high-
complexity securities have also been associated with disordered gambling severity (Abreu 
and Mendes 2018; Arthur and Delfabbro 2015; Williams et al. 2023; Philander 2023). The 
association is likely to be strongest with high-volatility stocks because disordered gamblers 
are especially attracted to (small) chances of earning big wins (Kyonka and Schutte 2018; 
Ring et  al. 2018). The link between gambling and trading of cryptocurrencies, another 
speculative high-risk type of investment, has also been established (Delfabbro et al. 2021). 
The potential impact of market volatility on trading frequency amongst gamblers as a way 
of increasing risk and excitement is therefore the focus of our study.

Given these overlapping patterns of risky behaviour across gambling and investing, we 
designed an incentivised online experiment to better understand the drivers of trading fre-
quency amongst gamblers. This methodology was chosen to advance the existing literature, 
which often uses either historical (Frino et  al. 2019; Kumar 2009) or self-reported data 
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(Arthur et  al. 2016), making it difficult to identify the true underlying drivers of behav-
iour. For example, it has been shown that disordered gambling symptom severity is corre-
lated with both self-reported trading frequency (Mosenhauer et al. 2021) and self-reported 
selection of high-risk investments (Arthur and Delfabbro 2015; Williams et  al. 2023). 
However, findings using this methodology could be susceptible to confounding effects of 
participants’ memory biases, as gamblers tend to better remember gains and forget losses 
(Braverman et al. 2014).

By contrast, our pre-registered experiment allowed participants, all identified as active 
gamblers, to buy and sell stocks in a simulated stock market, where we could objectively 
measure simulated stock trading frequency and test whether it is associated with disordered 
gambling symptomology (H1), given the similarities in motivation, behaviour, and person-
ality traits between gambling and trading. In addition, we manipulated market volatility 
between-participants, to test whether gamblers would make the costly choice to trade more 
frequently in more volatile markets (H2), as the structural characteristics of riskier markets 
more closely approximate that of gambling and appeal to the risk-taking and sensation-
seeking personality of gamblers. Although public health researchers stress that gambling-
related harm can occur across different types of gamblers (Browne et al. 2016; Livingstone 
and Rintoul 2020), disordered gamblers are often the most at-risk (Markham et al. 2016), 
so we explored whether any interaction effects would occur between manipulated volatility 
levels and disordered gambling symptomology (H3).

Finally, since many of these hypothesised relationships involve observed and not 
manipulated variables, we also tested for any observed credible (akin to “significant” in 
frequentist approaches to statistical inference) effects across these hypotheses to see if they 
would remain after controlling for other plausible drivers of investment behaviour (H4). 
Specifically, these other drivers were financial literacy, overconfidence, age, and gender. 
Past research has observed that individuals with higher financial literacy trade less often, 
identifying a negative correlation between financial literacy and portfolio turnover (Firth 
et  al. 2023; Mosenhauer et  al. 2021). This can be explained as due to less sophisticated 
investors being more prone to futilely chasing past performance, frequently buying stocks 
that have displayed recent short-term gains, while more sophisticated investors understand 
the importance of a buy-and-hold strategy for long-term profits (Weiss-Cohen et al. 2022). 
Individuals with higher financial literacy also better understand the importance of minimis-
ing recurring costs associated with investments, which can quickly accumulate with fre-
quent trading (Newall and Parker 2019). In contrast, Graham et al. (2009) find the opposite 
effect, that investors with higher financial literacy feel more knowledgeable, skilful, and 
confident, and therefore trade more often. Confident investors trade more often because 
they believe that they are more knowledgeable about the value of a stock than they actually 
are (Odean 1998); because they update their beliefs about future returns more easily and 
more strongly when considering new information (Hoffmann and Post 2016); and because 
they recall their past trading performance as better than it actually was (Walters and Fern-
bach 2021). Ultimately these sources of unwarranted confidence lead investors to select 
substantially riskier portfolios (Nosic and Weber 2010). Overconfidence is also one of the 
mechanisms why men trade more frequently than women (Barber and Odean 2001), in 
addition to males being more prone to sensation-seeking and risk-taking behaviours, such 
as trading and gambling (Grinblatt and Keloharju 2009), and males enjoying dealing with 
investments more than females (Dorn and Sengmueller 2009). A study by Grall-Bronnec 
et  al. (2017) found that all excessive traders interviewed by them in a cohort of outpa-
tients seeking treatment were male and high sensation-seekers. However, Mosenhauer et al. 
(2021) observed the opposite gender effect, with females trading more often and displaying 



International Journal of Mental Health and Addiction	

1 3

higher overconfidence. Young individuals trade more often (Dorn and Sengmueller 2009), 
as they can afford to take more investment risk than older individuals with more responsi-
bility and who are closer to retirement (Barber and Odean 2001). Young individuals might 
also be more acclimated to the fast pace of online and mobile trading platforms that induce 
frequent trading (Barber & Odean 2002). Similar correlations with gender and age have 
been observed in disordered gambling (Allami et al. 2021).

Our pre-registered hypotheses were: 

	H1.	 Participants with higher scores on the Problem Gambling Severity Index (PGSI) will 
make more trades than those with lower scores.

	H2.	 Participants will make more trades as the volatility of returns increase.
	H3.	 There will be an interaction effect between PGSI scores and the volatility of returns.
	H4.	 That any credible effects from hypotheses (1–3) will persist in models adding financial 

literacy, overconfidence, age and gender as controls.

Methods

The pre-registered experiment consisted of two stages and participants were recruited 
online using Prolific (https://​www.​proli​fic.​co/). In Stage 1, a questionnaire was used to 
identify participants who had (a) gambled in the past 12 months and (b) ever made any 
investments in financial markets (e.g. stocks, bonds, or funds). Only participants with expe-
rience in both gambling and investments were allowed to participate in Stage 2, which 
involved the main trading task. A flowchart of the recruitment process and inclusion crite-
ria across both stages can be seen in Fig. 1. The experimental materials, data, supplement 
with all analyses, and pre-registration can be found online at https://​osf.​io/​9t37g.

Stage 1

Participants

Using Prolific’s internal filtering questions, we selected only users located in the USA who 
also responded “yes” to the investment question “Have you ever made investments (either 
personal or through your employment) in the common stock or shares of a company?” and 
did not respond “none of the above” or “not applicable / rather not say” to the gambling 
question “What types of online gambling / casino games have you played?” The answers to 
the latter were combinations of baccarat, blackjack, bingo, craps, lottery, pachinko, poker, 
race and sports book, roulette, slots, video poker, and video sports betting. We started 
Stage 1 by collecting the responses of 2184 participants using these filters.

As stated on our pre-registration, because we did not reach the targeted sample size for 
Stage 1 (N=3000) within 5 days, we removed the gambling filter and collected an addi-
tional 954 Stage 1 responses from users who were located in the USA and had previous 
investments, regardless of how or whether they responded to the online gambling filtering 
question. The removal of the gambling filter did not influence our targeted participant pool 
of gamblers and investors as our questionnaire asked all participants to confirm that (a) 

https://www.prolific.co/
https://osf.io/9t37g
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they had gambled in the past 12 months, and (b) they made investments in financial mar-
kets (e.g. stocks, bonds, or funds).2

A total of N=3138 participants were collected in Stage 1. Participants were directed to 
Qualtrics, where they completed a questionnaire with two sections. Participants were paid 
US$0.90 and took 5.8 minutes on average to complete the Stage 1 questionnaire.

Gambling Questionnaire

We asked all Stage 1 participants if they had gambled in the last 12 months, in-person or 
online. Participants who answered “yes” to the gambling question were asked to complete 
the 9-question Problem Gambling Severity Index questionnaire (PGSI: Ferris & Wynne 
2001), the current gold standard measure in the field (Miller et al. 2013). Participants who 
answered “no” were excluded. PGSI scores correlate very highly with other measures of 
disordered gambling, such as gambling frequency (Howe et al. 2019), time spent gambling 
(Rockloff 2012), and gambling losses (Markham et al. 2016). PGSI scores had high inter-
nal reliability, with a Cronbach’s alpha of 0.913.

2  Note that Prolific does not require users to answer filtering questions. By removing the gambling filter we 
expanded the available pool of participants who could start Stage 1 and 57% of the additional 954 respond-
ents reported being active gamblers via our questionnaire.

Fig. 1   Flowchart of participant recruitment across Stages 1 and 2. All figures exclude one participant who 
asked for their data to be removed
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Investment Questionnaire

We asked all Stage 1 participants if they had ever made financial investments in stocks, 
bonds, funds, or derivatives. Participants who answered “yes” to the investment question 
were asked to complete the 13-question Financial Literacy questionnaire from Fernandes 
et al. (2014).3 Participants who answered “no” were excluded. This financial literacy ques-
tionnaire mostly measures investment knowledge, covering topics such as bonds, stocks, 
diversification, and mutual funds, but also includes questions on money basics and borrow-
ing, such as inflation and interest rates.

Participants were also asked an investment performance question, to check their level 
of confidence on their own investment skills: “Consider your investments for the next 12 
months, and estimate by how many percentage points you will outperform or underper-
form the general market return (for example, the S&P 500).” Higher answers to this ques-
tion indicate that the participant is more confident of their investment capabilities, as they 
believe they will be able to outperform the general market. This measure of financial over-
confidence was taken from previous work suggesting that investors who overestimate their 
actual returns are likely to have outsized expectations of their expected investment returns 
going forwards (Walters and Fernbach 2021). We used the raw percentage reported by the 
participant, which could be any positive or negative percentage value. Participants who 
responded with a percentage higher than +250% or lower than −250% were excluded, a 
pre-registered exclusion criteria also used by Walters and Fernbach (2021).

Stage 2

Participants

Out of the 3138 datasets collected for Stage 1, we excluded 1016 participants who 
responded “no” to either the investment or gambling question. We also excluded two par-
ticipants who provided incomplete datasets, 56 repeat datasets from 28 participants (due to 
a temporary mistake by Prolific that allowed returning participants), and five participants 
who provided an answer to the overconfidence question higher than the pre-registered 
threshold of +250% (no participant answered below −250%, the opposite pre-registered 
threshold). We used Prolific’s “allow-list” facility, so that only those 2059 participants who 
had successfully completed Stage 1 without being excluded were allowed to see the listing 
for Stage 2 in Prolific’s website and participate in the experiment.

Problem gambling severity is highly skewed in the population of gamblers, with very 
few individuals in the highest-risk category (PGSI = 8+), as confirmed by analysis of 
Stage 1 data (Recreational/no-risk gamblers: 43%, low-risk gamblers: 28%, medium-
risk gamblers: 19%, highest-risk gamblers: 10%). The low representation of those in the 
highest-risk category in experimental data makes it more difficult to reliably analyse their 
behavioural patterns. We fixed this data problem by allowing 1/4 (N=150) of the total sam-
ple size target (N=600) to come from each of the four categories of the PGSI for Stage 

3  Since their questionnaire was initially proposed, the correct answer to Question 8 has changed due to new 
legislation. We updated the question to reflect the legislation at the time of data collection in 2022: after 
the age of 72 (and not 701

2
 as originally worded) individuals must withdraw at least some money from their 

401(k) or IRA (Commito 2022).
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2. As pre-registered, because we did not reach our target after 5 days in the highest PGSI 
category (“highest-risk gamblers,” which is the smallest category), we increased the target 
sample size of the remaining three categories to finish data collection.

Our target of N=600 was for participants who successfully completed Stage 2. Because 
we knew that some participants would not pass the initial captcha real-effort task, and also 
to compensate for any data losses, we allowed N=671 participants to start Stage 2.4 Par-
ticipants were paid a fixed fee of US$2.00 for their participation, plus a bonus depending 
on the performance of their trades (M=US$4.77, range = [0, 16.99]), and took an average 
of 14 minutes to complete the Stage 2 trading task. Participants received an average total 
compensation (fixed + bonus) equivalent to US$29/hour.

Trading Task

During Stage 2, participants traded stocks on a simulated stock exchange. Participants 
were first presented with a captcha typing task, an example of a “real-effort” task from 
behavioural economics (Erkal et al. 2011), designed so that experimental participants feel 
a greater sense of ownership over experimental funds given to them as an endowment, so 
as to better approximate trading with one’s own money (Newall et al., 2022a, b, c, 2023). 
There were 10 captchas to be typed, randomly chosen from a full-list of 20 captchas gen-
erated in Python. Twenty-seven participants who typed fewer than 5/10 correct captcha 
codes were paid the fixed participation fee but did not proceed to the stock trading part of 
the experiment and instead their task was terminated, a pre-registered threshold. The real-
effort task therefore served a secondary purpose of a check of attentiveness, which prior 
research using crowdsourced participants have been criticised for lacking (Pickering and 
Blaszczynski 2021). Thirty-seven participants abandoned the task without finishing, and 
three responses were excluded due to server errors. A final dataset of N=604 was analysed. 
Of those, 392 were male. The average age was 38.7 years (SD = 12.4).

Fig. 2   Stage 2 screenshot on Day 5, showing participant owning shares in two different stocks

4  One participant asked for their data to be removed and is not included in any of these figures.
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Participants who correctly typed 5/10 or more captchas were presented with the stock 
trading task, a screenshot of which is shown in Fig. 2. Participants were given a starting 
loan of US$100, plus an additional US$3 bonus endowment as a reward for successfully 
completing the captchas task (therefore they started the task with a balance of US$103), 
which they could use to buy stocks. Participants were told that any balance above US$100 
at the end of the task would be paid as an additional bonus (i.e. if they ended the task 
with US$106 they earned a US$6 bonus). The loan of US$100 allowed for larger absolute 
price movements while maintaining a realistic trend of 0.1% per day.5 As a comparison, the 
mean return of individual stocks of the S&P 500 index for the preceding ten-year period 
was 0.08% per day, based on the 507 stocks constituents, as of February 2022.

The stock trading platform was designed to be a realistic, yet necessarily simplified, 
trading platform. Participants could buy and sell six fictitious stocks. Participants were told 
that they did not have to trade, and in fact, 34 participants (6%) did not trade at all. Those 
who opted to trade could buy one or more share of each stock, or keep part of their balance 
uninvested. Stocks were given randomly generated fictitious four-letter codes, similar to 
actual stock tickers format-wise, but unrelated to any real-world stocks. Initial prices were 
generated randomly using a uniform distribution between $24 and $25.4. This range was 
selected so that participants could buy up to four shares (different or the same) with their 
initial endowment. Participants were randomly allocated to one of the two experimental 
conditions (low volatility, N=303, or high volatility, N=301).

The stock trading platform was programmed to last 30 simulated days. Daily returns 
were generated independently for each stock for each day, using a normal random number 
generator implemented using the Marsaglia polar method from two independent JavaScript 
Math.random outputs, with a volatility of either 0.5% of 1.5% per day (depending on the 
experimental condition, low or high, respectively), and a fixed trend (mean) of 0.1% per 
day. The trend and volatilities were used based on realistic returns for S&P500 stocks for 
the last 10 years. The 0.1% daily trend ensured that the price of all stocks would increase 
by 3.1% during the task. We guaranteed this by normalising the randomly generated returns 
if they were above or below the target. Therefore, all individual stocks were guaranteed to 
go up by 3.1% during the full 30-day period, but with different volatility and unpredictable 
movements each day.

To increase external validity, all the fictitious stocks had two prices, a bid price and an 
ask price, with a bid-ask spread of 0.2%, calculated from the midpoint (0.1% each way). 
When participants wanted to buy a stock, they paid the higher ask price. When they wanted 
to sell stocks, they received the lower bid price. The portfolio valuation shown on screen 
at all times used the mid (average) between bid and ask. When ending the task, the balance 
used to calculate the bonus was based on the mid price.

If a participant used all their initial endowment of US$103 to buy four stocks in the 
first day and held that position for the full 30 days, without making any additional trades, 
they were guaranteed to increase their balance by 3.1%, ending the task with a balance of 
US$106 equivalent to a US$6 bonus (after taking into account the 0.1% mid-ask spread). 
Because of bid-ask spreads, a participant who traded more often would, on average, earn 
a lower average bonus. Because of random price volatility, a participant who traded more 
often also introduced more volatility to their portfolio, with no additional expected reward, 
as the daily trend was the same for all stocks in both experimental conditions.

5  Lower starting amounts without a loan would translate into very small absolute price movements and 
lower final bonuses.
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While the median final balance was very similar in both conditions (low: Md=$104.65, 
high: Md=$104.62), the standard deviation of final balances was higher in the high condi-
tion (low: SD=$1.39, high: SD=$3.38). Both the largest and lowest final balances across 
all participants were in the high condition ($116.99 and $92.68  respectively) while the 
final balances in the low condition were considerably less extreme (between $110.51 and 
$101.53). The higher volatility of prices in the high experimental condition resulted in par-
ticipants experiencing larger price swings, and provided the opportunity for large gains, but 
also for losing the endowment (bankruptcy), similar to gambling outcomes — which were 
not observed in the low experimental condition. In the high condition 19 participants ended 
with balances above $110 and 18 participants ended with balances below $100 (and there-
fore earned no bonus) while in the low condition only one participant ended with a balance 
above $110 and no participant ended with a balance below $100.

Ethics

The study received ethical approval from the University of Leeds School of Business, Envi-
ronment and Social Services Committee (LTLUBS-374). All participants were informed 
about the study’s contents, and all provided informed consent to participate.

Analyses and Results

The dependent variable was trade count: the total number of trades made by each par-
ticipant. The distribution of the dependent variable most closely approximated a negative 
binomial distribution. Therefore, we fitted negative binomial general linear regression 
models with a log link function using R 4.3.0 (R Core Team 2023). We used a Bayes-
ian framework estimated using MCMC sampling with 4 chains of 10,000 iterations and 
a warmup of 2000, with non-informative priors. Convergence and stability of the Bayes-
ian sampling have been assessed using R-hat, which were all below 1.01 (Vehtari et  al. 
2019), and Effective Sample Size (ESS), which were all greater than 1000 (Bürkner 2017). 
These numbers suggest that the models converged successfully and were stable. As pre-
registered, inferences were based on the 95% Credible Intervals (Highest Density Interval) 
excluding zero, and strength of evidence for the presence of an effect were reported using 
the probability of direction (pd).

Table 1   Median of the posterior distribution for each parameter in Model M1

PGSI was centred. 95% CrI is the highest-density Credible Interval around the median. Probability of direc-
tion (pd) is the proportion of the posterior distribution that is of the median’s sign, and can be interpreted 
as the probability that a parameter is positive or negative. R-hat is Brooks-Gelman-Rubin scale reduction 
factor. ESS is the Effective sample size, indicating the number of independent samples used to produce the 
estimates

Parameter Median 95% CrI (HDI) pd R-hat ESS

(Intercept) 2.421 [2.325, 2.520] 100% 1.000 37,570
volatility=high 0.159 [0.021, 0.296] 98.8% 1.000 35,701
pgsi (centred) 0.015 [−0.005, 0.036] 93.0% 1.000 26,827
volatility=high : pgsi (c) −0.008 [−0.036, 0.021] 70.5% 1.000 26,476
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The first model fitted (M1) was used to test for hypotheses H1-H3 and had two pre-
dictors, volatility condition (Low or High), PGSI scores (centred), and their interaction 
(Table  1). We did not observe evidence for a substantial association between PGSI and 
trade count, meaning that H1 was not supported by the data. As is indicated by Table 1, not 
only does the credible interval of 95% probable values include 0 as an effect, the range of 
probable values is narrow, suggesting only a small positive relationship (pd = 93%).

We observe credible evidence for a main effect of the volatility manipulation, which 
supports H2. Participants in the high-volatility condition made on average around 2 (17%) 
more trades than participants in the low-volatility condition (High = 13.20, Low = 11.26, 
Difference = 1.94, 95% CrI = [0.25, 3.64], pd=98.8%, ROPE=10.9%). There is 98.8% 
probability that the effect is positive, and only 10.9% probability it is negligible in size (we 
used a Region of Practical Equivalence, or ROPE, of ±0.08, equivalent to one trade dif-
ference, to identify a minimum effect size of interest). Increasing the volatility of prices, 
and allowing for larger price swings, led to a larger number of trades made by participants 
overall.

According to the regression coefficients in Table 1, there was no credible evidence for 
an interaction between PGSI and the volatility manipulation, meaning that H3 was not sup-
ported by this pre-registered model. However, an exploratory analysis in the next section 
will investigate this interaction in more detail and provide post hoc evidence to support H3.

Overall, model M1 provides evidence that all participants (who were all gamblers) had 
a tendency to trade more in the experimental condition with higher price volatility (Fig. 3).

In following the pre-registration, we proceeded to investigate the robustness of the sig-
nificant effect of the volatility manipulation on trade count, by adding measures of individ-
ual differences. As planned, this proceeded in two hierarchical steps starting from model 
M1: first, we included overconfidence (as measured by the single question on one’s own 
future investment performance from Walters and Fernbach 2021) and financial literacy (as 
measured by the questionnaire from Fernandes et al. 2014) as model M2, then we included 
age and gender as model M3.

Table 2 provides the regression coefficients with the new covariates. None of the addi-
tional covariates showed credible evidence for an influence on trade count (all new 95% 

Fig. 3   Difference in estimated trade count between low and high volatility, at the average PGSI score
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CrIs included zero). Crucially, the two 95% CrI for the effect of volatility on trade count 
(for models M2 and M3) do not include zero. These results provide evidence that the effect 
of volatility (H2) observed in M1 remains credible in M2 and M3, supporting H4: any 
effects observed remained credible after the introduction of control variables.

Exploratory Analysis

While the overall average marginal effect (AME) for the interaction of PGSI and Volatility 
manipulation, as measured by the coefficient in Table 1, did not show a large or definitive 
credible effect, we conducted a post hoc exploratory analysis looking at the effect of the 
volatility manipulation at different levels of PGSI scores. This additional analysis should 
not supersede the primary pre-registered analyses, but it reveals important differences and 
provides nuance to the findings and to future research.

The lack of an interaction may be driven by the oversampling of the highest-risk gam-
blers in comparison to their true population frequency (see Stage 1). These individuals 
seem unaffected or more inconsistently affected by the volatility manipulation. Highest-
risk gamblers may exhibit different trading behaviour from those scoring lower on PGSI. 
This heterogeneity of conditional variances in our model lends itself to our decision to 
probe the interaction in more detail, as the relationship of the moderator with the covariate 
does not seem consistent at all scale points.

We calculated marginal effects at representative values (MERs) for the effect of the 
volatility manipulation — in other words, the difference in number of trades between 
high- and low-volatility experimental conditions — for four different levels of PGSI. As 
the Bayesian framework does not necessitate dichotomous decisions nor produce problem-
atic inferences from multiple testing, we can interrogate the data based on theoretically 
meaningful values (MERs), without concerns for “error inflation.” Given the importance 
of the subject matter, we did not want to ignore patterns within the data simply due to the 
higher estimation uncertainty in the top-end of the scale. We used the observed average 
PGSI for each of the four main categories of gambling disorder (Recreational/no-risk gam-
blers: PGSI equal to 0, mean = 0; low-risk gamblers: PGSI equal to 1 or 2, mean = 1.35; 

Table 2   Model coefficients for M2 and M3. Median of the posterior distribution for each parameter

PGSI, overconfidence, financial literacy, and age were centred. 95% highest-density Credible Interval 
around the median (HDI). Probability of direction (pd) is the proportion of the posterior distribution that is 
of the median’s sign, and can be interpreted as the probability that a parameter is positive or negative

Model M2 Model M3

 Parameter Median 95% CrI pd Median 95% CrI pd

(Intercept) 2.421 [2.325, 2.521] 100% 2.375 [2.233, 2.251] 100%
volatility=high 0.157 [0.017, 0.296] 98.6% 0.146 [0.007, 0.285] 98.0%
pgsi (centred) 0.014 [−0.006, 0.035] 91.4% 0.013 [−0.008, 0.034] 88.4%
fin. lit. (centre) 0.002 [−0.026, 0.030] 56.1% −0.002 [−0.033, 0.029] 55.3%
overconfid.(c) −0.289 [−0.736, 0.171] 89.4% −0.307 [−0.735, 0.136] 91.1%
sex=male 0.084 [−0.078, 0.242] 84.6%
age (centred) −0.002 [−0.009, 0.004] 77.9%
vol=high:pgsi(c) −0.006 [−0.034, 0.023] 65.8% −0.006 [−0.035, 0.022] 66.9%



International Journal of Mental Health and Addiction	

1 3

medium-risk gamblers: PGSI between 3 and 7, mean = 4.41; highest-risk gamblers: PGSI 
between 8 and 27, mean = 12.50). The group average for highest-risk gamblers confirms 
the lack of participants at the higher end of PGSI: the mean is only 1/4 of the possible 
range of PGSI values for that category.

The results of this analysis in Table 3 show credible differences in trading frequen-
cies between high- and low-volatilities for participants in the three lowest levels of PGSI 
(0, 1.35, and 4.41), but not for the highest level (12.50). From these post hoc results, we 
see credible evidence for a potential interaction effect between PGSI and the volatil-
ity manipulation. For participants in the lowest three PGSI categories (i.e. excluding 
highest-risk gamblers), there was at least a 98.2% probability that the volatility manipu-
lation increased the number of trades, and there was a maximum of 12.7% probability 

Table 3   Result of post hoc analysis of differences in trade count between High and Low conditions for dif-
ferent levels of PGSI

95% highest-density Credible Interval around the median (HDI). Probability of direction (pd) is the propor-
tion of the posterior distribution that is of the median’s sign and can be interpreted as the probability that a 
parameter is positive or negative. Region Of Practical Equivalence (ROPE) measures the probability that an 
effect is negligible in size, here measured against a change of ±1 trade

Trade Count Marginal difference High − Low

PGSI (average score) Low High Diff. 95% CrI pd ROPE

No-risk (0.00) 10.59 12.80 2.21 [0.13, 4.30] 98.2% 10.5%
Low-risk (1.35) 10.81 12.93 2.12 [0.25, 4.01] 98.8% 9.7%
Medium-risk (4.41) 11.33 13.24 1.91 [0.20, 3.63] 98.7% 12.7%
Highest-risk (12.50) 12.81 14.07 1.25 [−2.53, 5.02] 74.9% 34.8%

Fig. 4   Post hoc differences in estimated trade count between low and high volatility, for different levels 
of PGSI scores. The dashed vertical lines identify the average PGSI scores for each of the four categories. 
The orange and blue data show the medians for high-volatility and low-volatility experimental conditions, 
respectively, while the purple data is the difference between the two
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that the effect was negligible in size (i.e. increased trading by fewer than one additional 
trade). No credible differences were observed for participants in the highest PGSI cat-
egory (highest-risk gamblers).

Accordingly, one possible post hoc speculation that arises is that volatility manipula-
tions may have an effect on trading frequency only for individuals that are not at the high-
est risk level for disordered gambling. This exploratory analysis indicates support for H3. 
Figure 4 plots these results, showing differences amongst the two experimental conditions 
for participants with lower PGSI scores, but not for those with higher PGSI scores.

Discussion

More people are investing today than ever before (Aramonte and Avalos 2021; Chiah 
and Zhong 2020). Ease of investing associated with rapidly growing mobile trading apps 
drives both increased trading activity by existing investors as well as new accounts being 
opened by first-time less sophisticated investors (Angel 2021; Ortmann et al. 2020; Ozik 
et  al. 2021). Similar harmful trends have been observed with mobile phone gambling 
(Barber et al. 2022; Hing et al. 2022). Retrospective self-report studies have linked levels 
of disordered gambling symptomology with both stock trading frequency (Mosenhauer 
et al. 2021), and higher likelihood of selecting high-risk investments (Arthur and Delfab-
bro 2015; Williams et  al. 2023). When pandemic-related lockdown restrictions halted 
sports matches and closed casinos and other betting houses in 2020, high-risk specula-
tive retail trading activity increased significantly (Chiah et  al. 2022; Håkansson et  al. 
2021; Orujov 2023). We therefore implemented an incentivised online stock trading task, 
where gamblers invested in simulated markets of different volatility levels, to further 
investigate the links between trading and gambling activity, and how trading platforms 
might be exploiting these links. As hypothesised, we found that participants trade more 
frequently in the more volatile market (H2), that this effect is potentially moderated by 
PGSI scores in exploratory analysis (H3), and these effects are not attributable to indi-
vidual differences in financial literacy, overconfidence, age, or gender (H4).

By using a simplified market with simulated stocks with two different volatility lev-
els, we were able to observe, within the same framework, two distinct behaviours amongst 
gamblers — one that was more investment-like (low volatility) with fewer trades, and 
one that was more gambling-like (high volatility) with more trades. Larger value swings 
increase the chances of making larger gains (a shot at riches) but also increase the chance 
of losing large amounts, which we replicated here in our high-volatility experimental con-
dition. Because participants who ended our study with balances below US$100 did not 
incur financial losses, the rewards in the high condition were positively skewed towards 
higher values, with a cap on losses, similar to how games of chance motivate gamblers 
(Kumar 2009). Easy availability of high-volatility high-risk investment products in existing 
trading platforms might expose gamblers to an alternative way to seek similar sensations as 
can be found in gambling, by trading excessively, at the same time enabling trading plat-
forms to profit from higher trading volumes (Rooney and Fitzgerald 2020; Philander 2023).

We did not observe a credible main association between disordered gambling symp-
tomology and trading frequency (H1). Despite our best efforts to recruit participants 
with higher PGSI scores, because of the relatively low prevalence of at-risk individu-
als in the overall population, our experiment lacked participants with the highest-risk 
group on the PGSI scale. This increased the variance and uncertainty of the results and 
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reduced the ability of the model to make reliable predictions for individuals with high 
PGSI. Nevertheless, our post hoc exploratory analysis showed tentative evidence for 
a credible interaction between PGSI and our volatility manipulation (H3). We present 
some evidence that participants in the lower end of PGSI, or those with little to no 
gambling risk, were the most likely to increase their trading activity when exposed to 
higher price volatility. While the focus of our current study was the ongoing “gamblifi-
cation” of trading, and all our participants were gamblers, future studies should explore 
how non-gamblers engage with trading platforms, and if they also trade excessively and 
could be exposed to potential financial losses as a result. It is possible that comparing 
gamblers against non-gamblers would provide further evidence for our hypothesis com-
paring gambling symptomology with trading frequency (H1).

Our results show that increasing the volatility in a market, for example by providing access 
to riskier products, can be particularly detrimental to those who are lower-risk gamblers. Tra-
ditional approaches to minimising gambling-related harm have focused on those at the high-
est level of risk: disordered gamblers (Petry et al. 2017). However, the more recent public 
health approach recognises that harm can occur across the population of gamblers, and that 
it is more appropriate to try and reduce population levels of risk, for example via marketing 
or product restrictions (Adams and Rossen 2012; Newall et al., 2022b; Regan et al. 2022; 
Wardle et al. 2019). The present results are perhaps more consistent with this public health 
approach, as they show how being provided with high-volatility products affects in particular 
those who would be considered as low-risk and would not be targeted by traditional harm-
reduction campaigns. Since this effect remained credible when controlling for overconfidence 
and financial literacy, this further suggests that individual-based interventions, such as teach-
ing investors the basics of financial literacy, may not be effective at teaching investors to trade 
less frequently (Fernandes et al. 2014). For example, restrictions on the speed and ease with 
which online gambling products can be used is one proposed public health intervention in 
gambling (Newall et al., 2022b), and a similar approach could one day be considered to miti-
gate potential harms from online trading platforms.

These interpretations are subject to the various limitations of the present study. No 
experimental task can be as realistic or engaging as real-life investing is, nor offer incen-
tives comparable to an investor’s actual wins or losses. While on average participants 
earned US$29/hour with some participants surpassing US$100/hour, the starting bal-
ance of US$103 was relatively low in comparison with a typical mobile trading account 
size of US$2000 (Welch 2022). In fact, observing behavioural differences with relatively 
small amounts speaks to the allure of market volatility. It is not difficult to envisage that 
an increase in stakes would increase risk, excitement, and potential for gains, enticing par-
ticipants in the higher categories of PGSI to trade more often, providing more evidence 
to support H1. One must also balance the ethical implications of allowing participants to 
trade their own funds, and the risk of financial harm in case of losses. Nevertheless, our use 
of a real-effort task has been shown to increase the ownership that participants feel of the 
money provided during the task, increasing engagement and effort (Erkal et al. 2011), with 
realistic patterns of behaviour when used in gambling experiments (Newall et al., 2022a, b, 
c, 2023). The platform used was made to look and feel as realistic as possible, given the 
constraints of a controlled experimental setup. Other researchers have created “trading 
addiction” measures, based on existing gambling screening instruments (Cox et al. 2020; 
Youn et al. 2016), and those measures might have stronger associations with trading fre-
quency than PGSI. Future research could investigate allowing participants to choose in 
which markets they want to trade, as it is likely that highest-risk gamblers would actively 
prefer the excitement of high-volatility trading.
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Our study adds to a growing body of knowledge of the intersection between investing 
and gambling, and highlights the importance of regulatory intervention to ensure that indi-
viduals are not exposed to gambling disguised as trading, for example by allowing easy 
access to high-volatility products such as cryptocurrencies. We show how even within the 
world of stock trading, which does not initially attract the same societal associations as 
high-risk speculative trading, gambling-like behaviour can surface via the simple introduc-
tion of more volatile stocks. In particular, individuals at the lower-risk end of the PGSI 
scale were the most likely to be detrimentally affected by the easy availability of such 
high-risk trading products. Policy makers and researchers should not ignore recreational 
and low-risk gamblers in their initiatives, as our research shows that these individuals are 
more susceptible to market manipulations, and could suffer financial harm as a result of the 
recent expansion in trading platforms offering easy access to high-volatility products.

Funding  This work is funded by NCH-NU Research and Learning Development Initiative Grant “Regula-
tion of Betting Exchanges”.

Declarations 

Informed Consent  All procedures followed were in accordance with the ethical standards of the responsible 
committee on human experimentation (institutional and national) and with the Helsinki Declaration of 1975, 
as revised in 2000 (5). Informed consent was obtained from all patients for being included in the study.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article 
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly 
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Abreu, M., & Mendes, V. (2018). The investor in structured retail products: Advice driven or gambling oriented? 
Journal of Behavioral and Experimental Finance, 17, 1–9. https://​doi.​org/​10.​1016/j.​jbef.​2017.​12.​001

Adams, P. J., & Rossen, F. (2012). A tale of missed opportunities: Pursuit of a public health approach to 
gambling in New Zealand. Addiction, 107(6), 1051–1056. https://​doi.​org/​10.​1111/j.​1360-​0443.​2012.​
03800.x

Allami, Y., Hodgins, D. C., Young, M., Brunelle, N., Currie, S., Dufour, M., Flores-Pajot, M.-C., & Nadeau, 
L. (2021). Meta-analysis of problem gambling risk factors in the general adult population. Addiction, 
116(11), 2968–2977. https://​doi.​org/​10.​1111/​add.​15449

Angel, J. J. (2021). Gamestonk: What happened and what to do about it. SSRN Electronic Journal, 3782195. 
https://​doi.​org/​10.​2139/​ssrn.​37821​95

Aramonte, S., & Avalos, F. (2021). The rising influence of retail investors. BIS Quarterly Review (March 
2021) 

Arthur, J. N., & Delfabbro, P. (2017). Day traders in South Australia: Similarities and differences 
with traditional gamblers. Journal of Gambling Studies, 33(3), 855–866. https://​doi.​org/​10.​1007/​
s10899-​016-​9659-x

Arthur, J. N., Delfabbro, P. H., & Williams, R. J. (2015). Is there a relationship between participation in 
gambling activities and participation in high-risk stock trading? The Journal of Gambling Business 
and Economics, 9(3), 34–53. https://​doi.​org/​10.​5750/​jgbe.​v9i3.​1034

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.jbef.2017.12.001
https://doi.org/10.1111/j.1360-0443.2012.03800.x
https://doi.org/10.1111/j.1360-0443.2012.03800.x
https://doi.org/10.1111/add.15449
https://doi.org/10.2139/ssrn.3782195
https://doi.org/10.1007/s10899-016-9659-x
https://doi.org/10.1007/s10899-016-9659-x
https://doi.org/10.5750/jgbe.v9i3.1034


International Journal of Mental Health and Addiction	

1 3

Arthur, J. N., Williams, R. J., & Delfabbro, P. H. (2016). The conceptual and empirical relationship between 
gambling, investing, and speculation. Journal of Behavioral Addictions, 5(4), 580–591. https://​doi.​org/​
10.​1556/​2006.5.​2016.​084

Barber, B. M., & Odean, T. (2000). Trading is hazardous to your wealth: The common stock investment 
performance of individual investors. The Journal of Finance, 55(2), 773–806.

Barber, B. M., & Odean, T. (2001). Boys will be boys: gender, overconfidence, and common stock invest-
ment. Quarterly Journal of Economics, 116(1), 261–292. https://​doi.​org/​10.​1162/​00335​53015​56400

Barber, B. M., & Lee, Y,-T., Liu, Y.-J., Odean, T., & Zhang, K,. (2020). Learning, fast or slow. The Review 
of Asset Pricing Studies, 10(1), 61–93. https://​doi.​org/​10.​1093/​rapstu/​raz006

Barber, B. M., & Odean, T. (2002). Online investors: Do the slow die first? Review of Financial Studies, 
15(2), 455–487. https://​doi.​org/​10.​1093/​rfs/​15.2.​455

Barber, B. M., Huang, X., Odean, T., & Schwarz, C. (2022). Attention-induced trading and returns: Evidence 
from Robinhood users. The Journal of Finance, 77(6), 3141–3190. https://​doi.​org/​10.​1111/​jofi.​13183

Braverman, J., Tom, M., & A., & Shaffer, H. J. (2014). Accuracy of self-reported versus actual online gam-
bling wins and losses. Psychological Assessment, 26(3), 865–877. https://​doi.​org/​10.​1037/​a0036​428

Browne, M., Langham, E., Rawat, V., Greer, N., Li, E., Rose, J., Rockloff, M., Donaldson, P., Thorne, H., 
Goodwin, B., Bryden, G., & Best, T. (2016). Assessing Gambling-Related Harm in Victoria. Victorian 
Responsible Gambling Foundation

Bürkner, P.-C. (2017). Brms: An R package for Bayesian multilevel models using Stan. Journal of Statisti-
cal Software, 80, 1–28.

Calado, F., & Griffiths, M. D. (2016). Problem gambling worldwide: an update and systematic review of 
empirical research (2000–2015). Journal of Behavioral Addictions, 5(4), 592–613. https://​doi.​org/​10.​
1556/​2006.5.​2016.​073

Chague, F., De-Losso, R., & Giovannetti, B. (2019). Day trading for a living? SSRN Electronic Journal, 
3423101,. https://​doi.​org/​10.​2139/​ssrn.​34231​01

Chiah, M., & Zhong, A. (2020). Trading from home: The impact of COVID-19 on trading volume around 
the world. Finance Research Letters, 37, 101784. https://​doi.​org/​10.​1016/j.​frl.​2020.​101784

Chiah, M., Tian, X., & Zhong, A. (2022). Lockdown and retail trading in the equity market. Journal of 
Behavioral and Experimental Finance, 33, 100598. https://​doi.​org/​10.​1016/j.​jbef.​2021.​100598

Commito, T. F. (2022). SECURE act 2.0 to enhance retirement savings. Journal of Financial Service Pro-
fessionals 76(4), 10–13.

Cox, R., Kamolsareeratana, A., & Kouwenberg, R. (2020). Compulsive gambling in the financial markets: 
Evidence from two investor surveys. Journal of Banking & Finance, 111, 105709. https://​doi.​org/​10.​
1016/j.​jbank​fin.​2019.​105709

Delfabbro, P., King, D., Williams, J., & Georgiou, N. (2021). Cryptocurrency trading, gambling and prob-
lem gambling. Addictive Behaviors, 122, 107021. https://​doi.​org/​10.​1016/j.​addbeh.​2021.​107021

Dorn, D., & Sengmueller, P. (2009). Trading as entertainment? Management Science, 55(4), 591–603. 
https://​doi.​org/​10.​1287/​mnsc.​1080.​0962

Dorn, A. J., Dorn, D., & Sengmueller, P. (2015). Trading as gambling. Management Science, 61(10), 2376–
2393. https://​doi.​org/​10.​1287/​mnsc.​2014.​1979

Dowling, N. A., Merkouris, S. S., Greenwood, C. J., Oldenhof, E., Toumbourou, J. W., & Youssef, G. J. 
(2017). Early risk and protective factors for problem gambling: A systematic review and meta-analysis of 
longitudinal studies. Clinical Psychology Review, 51, 109–124. https://​doi.​org/​10.​1016/j.​cpr.​2016.​10.​008

Erkal, N., Gangadharan, L., & Nikiforakis, N. (2011). Relative earnings and giving in a real-effort experi-
ment. American Economic Review, 101(7), 3330–3348. https://​doi.​org/​10.​1257/​aer.​101.7.​3330

Fernandes, D., Lynch, J. G., & Netemeyer, R. G. (2014). Financial literacy, financial education, and downstream 
financial behaviors. Management Science, 60(8), 1861–1883. https://​doi.​org/​10.​1287/​mnsc.​2013.​1849

Ferris, J. A., & Wynne, H. J. (2001). The Canadian problem gambling index. Canadian Centre on Substance 
Abuse

Firth, C., Stewart, N., Antoniou, C., & Leake, D. (2023). The effects of personality and IQ on portfolio out-
comes. Finance Research Letters, 51, 103464. https://​doi.​org/​10.​1016/j.​frl.​2022.​103464

Frino, A., Lepone, G., & Wright, D. (2019). Are paper winners gamblers? Evidence from Australian retail 
investors. Accounting & Finance, 59(S1), 593–614. https://​doi.​org/​10.​1111/​acfi.​12296

Graham, J. R., Harvey, C. R., & Huang, H. (2009). Investor competence, trading frequency, and home bias. 
Management Science, 55(7), 1094–1106. https://​doi.​org/​10.​1287/​mnsc.​1090.​1009

Grall-Bronnec, M., Sauvaget, A., Boutin, C., Bulteau, S., Jiménez-Murcia, S., Fernández-Aranda, F., Chal-
let-Bouju, G., & Caillon, J. (2017). Excessive trading, a gambling disorder in its own right? A case 
study on a French disordered gamblers cohort. Addictive Behaviors, 64, 340–348. https://​doi.​org/​10.​
1016/j.​addbeh.​2015.​12.​006

https://doi.org/10.1556/2006.5.2016.084
https://doi.org/10.1556/2006.5.2016.084
https://doi.org/10.1162/003355301556400
https://doi.org/10.1093/rapstu/raz006
https://doi.org/10.1093/rfs/15.2.455
https://doi.org/10.1111/jofi.13183
https://doi.org/10.1037/a0036428
https://doi.org/10.1556/2006.5.2016.073
https://doi.org/10.1556/2006.5.2016.073
https://doi.org/10.2139/ssrn.3423101
https://doi.org/10.1016/j.frl.2020.101784
https://doi.org/10.1016/j.jbef.2021.100598
https://doi.org/10.1016/j.jbankfin.2019.105709
https://doi.org/10.1016/j.jbankfin.2019.105709
https://doi.org/10.1016/j.addbeh.2021.107021
https://doi.org/10.1287/mnsc.1080.0962
https://doi.org/10.1287/mnsc.2014.1979
https://doi.org/10.1016/j.cpr.2016.10.008
https://doi.org/10.1257/aer.101.7.3330
https://doi.org/10.1287/mnsc.2013.1849
https://doi.org/10.1016/j.frl.2022.103464
https://doi.org/10.1111/acfi.12296
https://doi.org/10.1287/mnsc.1090.1009
https://doi.org/10.1016/j.addbeh.2015.12.006
https://doi.org/10.1016/j.addbeh.2015.12.006


	 International Journal of Mental Health and Addiction

1 3

Grinblatt, M., & Keloharju, M. (2009). Sensation seeking, overconfidence, and trading activity. Journal of 
Finance, 64(2), 549–578. https://​doi.​org/​10.​1111/j.​1540-​6261.​2009.​01443.x

Håkansson, A., Fernández-Aranda, F., & Jiménez-Murcia, S. (2021). Gambling-like day trading during the 
COVID-19 pandemic - need for research on a pandemic-related risk of indebtedness and mental health 
impact. Frontiers in Psychiatry, 12, 715946. https://​doi.​org/​10.​3389/​fpsyt.​2021.​715946

Hing, N., Thorne, H., Russell, A. M. T., Newall, P. W. S., Lole, L., Rockloff, M., Browne, M., Greer, N., & 
Tulloch, C. (2022). Immediate access ... everywhere you go: A grounded theory study of how smart-
phone betting can facilitate harmful sports betting behaviours amongst young adults. International 
Journal Mental Health Addiction. https://​doi.​org/​10.​1007/​s11469-​022-​00933-8

Hoffmann, A. O. I., & Post, T. (2016). How does investor confidence lead to trading? Linking investor return 
experiences, confidence, and investment beliefs. Journal of Behavioral and Experimental Finance, 12, 
65–78. https://​doi.​org/​10.​1016/j.​jbef.​2016.​09.​003

Howe, P. D. L., Vargas-Sáenz, A., Hulbert, C. A., & Boldero, J. M. (2019). Predictors of gambling and 
problem gambling in Victoria, Australia. PLOS ONE, 14(1), e0209277. https://​doi.​org/​10.​1371/​journ​
al.​pone.​02092​77

Jordan, D. J., & Diltz, J. D. (2003). The profitability of day traders. Financial Analysts Journal, 59(6), 
85–94. https://​doi.​org/​10.​2469/​faj.​v59.​n6.​2578

Kumar, A. (2009). Who gambles in the stock market? Journal of Finance, 64(4), 1889–1933. https://​doi.​
org/​10.​1111/j.​1540-​6261.​2009.​01483.x

Kyonka, E. G. E., & Schutte, N. S. (2018). Probability discounting and gambling: A meta-analysis. 
Addiction, 113(12), 2173–2181. https://​doi.​org/​10.​1111/​add.​14397

Livingstone, C., & Rintoul, A. (2020). Moving on from responsible gambling: a new discourse is needed 
to prevent and minimise harm from gambling. Public Health, 184, 107–112. https://​doi.​org/​10.​
1016/j.​puhe.​2020.​03.​018

Lopez-Gonzalez, H., & Griffiths, M. D. (2018). Betting, forex trading, and fantasy gaming sponsorships-
a responsible marketing inquiry into the ’Gamblification’ of english football. International Journal 
of Mental Health and Addiction, 16(2), 404–419. https://​doi.​org/​10.​1007/​s11469-​017-​9788-1

Malkiel, B. G. (1999). A Random Walk Down Wall Street. W.W: Norton.
Markham, F., Young, M., & Doran, B. (2016). The relationship between player losses and gambling-

related harm: Evidence from nationally representative cross-sectional surveys in four countries. 
Addiction, 111(2), 320–330. https://​doi.​org/​10.​1111/​add.​13178

Markowitz, H. (1952). Portfolio selection. Journal of Finance, 7, 77–91.
McCabe, C. (2021). It isn’t just AMC. Retail traders increase pull on the stock market. Wall Street Journal. 

www.​wsj.​com/​artic​les/​it-​isnt-​just-​amc-​retail-​trade​rs-​incre​ase-​pull-​on-​the-​stock-​market-​11624​008602
Miller, N. V., Currie, S. R., Hodgins, D. C., & Casey, D. (2013). Validation of the problem gambling 

severity index using confirmatory factor analysis and rasch modelling. International Journal of 
Methods in Psychiatric Research, 22(2), 245–255. https://​doi.​org/​10.​1002/​mpr.​1392

Mosenhauer, M., Newall, Philip W. S., & Walasek, L. (2021). The stock market as a casino: Associations 
between costly excessive stock market trading and problem gambling. Journal of Behavioral Addic-
tions, 10(3), 683–689. https://​doi.​org/​10.​1556/​2006.​2021.​00058

Muggleton, N., Parpart, P., Newall, P., Leake, D., Gathergood, J., & Stewart, N. (2021). The association 
between gambling and financial, social and health outcomes in big financial data. Nature Human 
Behaviour, 5(3), 319–326. https://​doi.​org/​10.​1038/​s41562-​020-​01045-w

Neal, P. N., Delfabbro, P. H., & O’Neil, M. G. (2005). Problem gambling and harm: Towards a national 
definition. Victorian Government Department of Justice: Office of Gaming and Racing.

Newall, P. W. S., & Parker, K. N. (2019). Improved mutual fund investment choice architecture. Journal 
of Behavioral Finance, 20(1), 96–106. https://​doi.​org/​10.​1080/​15427​560.​2018.​14644​55

Newall, P. W. S., & Weiss-Cohen, L. (2022). The gamblification of investing: how a new generation 
of investors is being born to lose. International Journal of Environmental Research and Public 
Health, 19(9), 5391. https://​doi.​org/​10.​3390/​ijerp​h1909​5391

Newall, P. W. S., Byrne, C. A., Russell, A. M. T., & Rockloff, M. J. (2022a). House-edge information and 
a volatility warning lead to reduced gambling expenditure: Potential improvements to return-to-player 
percentages. Addictive Behaviors, 130, 107308. https://​doi.​org/​10.​1016/j.​addbeh.​2022.​107308

Newall, P. W. S., Weiss-Cohen, L., Singmann, H., Paul Boyce, W., Walasek, L., & Rockloff, M. J. (2022b). 
A speed-of-play limit reduces gambling expenditure in an online roulette game: Results of an online 
experiment. Addictive Behaviors, 127, 107229. https://​doi.​org/​10.​1016/j.​addbeh.​2021.​107229

Newall, P. W. S., Weiss-Cohen, L., Singmann, H., Walasek, L., & Ludvig, E. A. (2022c). Impact of 
the “When the Fun Stops, Stop” gambling message on online gambling behaviour: A randomised, 
online experimental study. The Lancet Public Health, 7(5), e437–e446. https://​doi.​org/​10.​1016/​
S2468-​2667(21)​00279-6

https://doi.org/10.1111/j.1540-6261.2009.01443.x
https://doi.org/10.3389/fpsyt.2021.715946
https://doi.org/10.1007/s11469-022-00933-8
https://doi.org/10.1016/j.jbef.2016.09.003
https://doi.org/10.1371/journal.pone.0209277
https://doi.org/10.1371/journal.pone.0209277
https://doi.org/10.2469/faj.v59.n6.2578
https://doi.org/10.1111/j.1540-6261.2009.01483.x
https://doi.org/10.1111/j.1540-6261.2009.01483.x
https://doi.org/10.1111/add.14397
https://doi.org/10.1016/j.puhe.2020.03.018
https://doi.org/10.1016/j.puhe.2020.03.018
https://doi.org/10.1007/s11469-017-9788-1
https://doi.org/10.1111/add.13178
http://www.wsj.com/articles/it-isnt-just-amc-retail-traders-increase-pull-on-the-stock-market-11624008602
https://doi.org/10.1002/mpr.1392
https://doi.org/10.1556/2006.2021.00058
https://doi.org/10.1038/s41562-020-01045-w
https://doi.org/10.1080/15427560.2018.1464455
https://doi.org/10.3390/ijerph19095391
https://doi.org/10.1016/j.addbeh.2022.107308
https://doi.org/10.1016/j.addbeh.2021.107229
https://doi.org/10.1016/S2468-2667(21)00279-6
https://doi.org/10.1016/S2468-2667(21)00279-6


International Journal of Mental Health and Addiction	

1 3

Newall, P. W. S., Hayes, T., Singmann, H., Weiss-Cohen, L., Ludvig, E. A., & Walasek, L. (2023). Eval-
uation of the ’Take Time to Think’ safer gambling message: A randomised, online experimental 
study. Behavioural Public Policy First View. https://​doi.​org/​10.​1017/​bpp.​2023.2

Nosic, A., & Weber, M. (2010). How riskily do I invest? The role of risk attitudes, risk perceptions, and 
overconfidence. Decision Analysis, 7(3), 282–301. https://​doi.​org/​10.​1287/​deca.​1100.​0178

Odean, T. (1998). Volume, volatility, price, and profit when all traders are above average. The Journal of 
Finance, 53(6), 1887–1934. https://​doi.​org/​10.​1111/​0022-​1082.​00078

Ortmann, R., Pelster, M., & Wengerek, S. T. (2020). COVID-19 and investor behavior. Finance Research 
Letters, 37, 101717. https://​doi.​org/​10.​1016/j.​frl.​2020.​101717

Orujov, A. (2023). Trading as gambling during Covid-19 lockdown. SSRN Electronic Journal, 4423095. 
https://​doi.​org/​10.​2139/​ssrn.​44230​95

Ozik, G., Sadka, R., & Shen, S. (2021). Flattening the illiquidity curve: Retail trading during the 
COVID-19 lockdown. Journal of Financial and Quantitative Analysis, 56(7), 2356–2388. https://​
doi.​org/​10.​1017/​S0022​10902​10003​87

Petry, N. M., Ginley, M. K., & Rash, C. J. (2017). A systematic review of treatments for problem gam-
bling. Psychology of Addictive Behaviors, 31(8), 951–961. https://​doi.​org/​10.​1037/​adb00​00290

Philander, K. S. (2023). Meme asset wagering: Perceptions of risk, overconfidence, and gambling problems. 
Addictive Behaviors, 137, 107532. https://​doi.​org/​10.​1016/j.​addbeh.​2022.​107532

Pickering, D., & Blaszczynski, A. (2021). Paid online convenience samples in gambling studies: Question-
able data quality. International Gambling Studies, 21(3), 516–536. https://​doi.​org/​10.​1080/​14459​795.​
2021.​18847​35

R Core Team (2023). R: A language and environment for statistical computing. R Foundation for Statistical 
Computing. http://​www.r-​proje​ct.​org/

Regan, M., Smolar, M., Burton, R., Clarke, Z., Sharpe, C., Henn, C., & Marsden, J. (2022). Policies and inter-
ventions to reduce harmful gambling: An international delphi consensus and implementation rating study. 
The Lancet Public Health, 7(8), e705–e717. https://​doi.​org/​10.​1016/​S2468-​2667(22)​00137-2

Ring, P., Probst, C. C., Neyse, L., Wolff, S., Kaernbach, C., van Eimeren, T., Camerer, C. F., & Schmidt, U. 
(2018). It’s all about gains: Risk preferences in problem gambling. Journal of Experimental Psychol-
ogy: General, 147(8), 1241–1255. https://​doi.​org/​10.​1037/​xge00​00418

Rockloff, M. J. (2012). Validation of the consumption screen for problem gambling (CSPG). Journal of 
Gambling Studies, 28(2), 207–216. https://​doi.​org/​10.​1007/​s10899-​011-​9260-2

Rooney, K., & Fitzgerald, M. (2020). Here’s how robinhood is raking in record cash on customer trades-
despite making it free. CNBC. https://​www.​cnbc.​com/​2020/​08/​13/​how-​robin​hood-​makes-​money-​on-​
custo​mer-​trades-​despi​te-​making-​it-​free.​html,

Sharpe, W. F. (1964). Capital asset prices: A theory of market equilibrium under conditions of risk. The 
Journal of Finance, 19(3), 425–442. https://​doi.​org/​10.​1111/j.​1540-​6261.​1964.​tb028​65.x

Stewart, E. (2020). Who gets to be reckless on wall street? Vox. www.​vox.​com/​busin​ess-​and-​finan​ce/​2020/7/​
9/​21314​119/​stock-​market-​day-​tradi​ng-​reddit-​dave-​portn​oy-​barst​ool-​robin​hood

Tabri, N., Xuereb, S., Cringle, N., & Clark, L. (2022). Associations between financial gambling motives, 
gambling frequency and level of problem gambling: A meta-analytic review. Addiction, 117(3), 559–
569. https://​doi.​org/​10.​1111/​add.​15642

The Economist (2017). The World’s biggest gamblers. The Economist. https://​www.​econo​mist.​com/​graph​
ic-​detail/​2017/​02/​09/​the-​worlds-​bigge​st-​gambl​ers

Vehtari, A., Simpson, D. P., Yao, Y., & Gelman, A. (2019). Limitations of limitations of Bayesian leave-
one-out cross-validation for model selection. Computational Brain & Behavior, 2(1), 22–27. https://​
doi.​org/​10.​1007/​s42113-​018-​0020-6

Walters, D. J., & Fernbach, P. M. (2021). Investor memory of past performance is positively biased and pre-
dicts overconfidence. Proceedings of the National Academy of Sciences of the United States of Amer-
ica, 118(36), e2026680118. https://​doi.​org/​10.​1073/​pnas.​20266​80118

Wardle, H., Reith, G., Langham, E., & Rogers, R. D. (2019). Gambling and public health: We need policy 
action to prevent harm. British Medical Journal, 365, 1807. https://​doi.​org/​10.​1136/​bmj.​l1807

Weiss-Cohen, L., Newall, P. W. S., & Ayton, P. (2022). Persistence is futile: Chasing of past performance 
in repeated investment choices. Journal of Experimental Psychology: Applied, 28(2), 341–359. https://​
doi.​org/​10.​1037/​xap00​00358

Welch, I. (2022). The wisdom of the Robinhood crowd. The Journal of Finance, 77(3), 1489–1527. https://​
doi.​org/​10.​1111/​jofi.​13128

Williams, J. N., Williams, R. J., Gooding, N. B., & Mix, J. (2023). Financial speculation in Canada: Preva-
lence, correlates and relationship to gambling. International Gambling Studies, 23(1), 1–14. https://​
doi.​org/​10.​1080/​14459​795.​2022.​20417​02

https://doi.org/10.1017/bpp.2023.2
https://doi.org/10.1287/deca.1100.0178
https://doi.org/10.1111/0022-1082.00078
https://doi.org/10.1016/j.frl.2020.101717
https://doi.org/10.2139/ssrn.4423095
https://doi.org/10.1017/S0022109021000387
https://doi.org/10.1017/S0022109021000387
https://doi.org/10.1037/adb0000290
https://doi.org/10.1016/j.addbeh.2022.107532
https://doi.org/10.1080/14459795.2021.1884735
https://doi.org/10.1080/14459795.2021.1884735
http://www.r-project.org/
https://doi.org/10.1016/S2468-2667(22)00137-2
https://doi.org/10.1037/xge0000418
https://doi.org/10.1007/s10899-011-9260-2
https://www.cnbc.com/2020/08/13/how-robinhood-makes-money-on-customer-trades-despite-making-it-free.html
https://www.cnbc.com/2020/08/13/how-robinhood-makes-money-on-customer-trades-despite-making-it-free.html
https://doi.org/10.1111/j.1540-6261.1964.tb02865.x
http://www.vox.com/business-and-finance/2020/7/9/21314119/stock-market-day-trading-reddit-dave-portnoy-barstool-robinhood
http://www.vox.com/business-and-finance/2020/7/9/21314119/stock-market-day-trading-reddit-dave-portnoy-barstool-robinhood
https://doi.org/10.1111/add.15642
https://www.economist.com/graphic-detail/2017/02/09/the-worlds-biggest-gamblers
https://www.economist.com/graphic-detail/2017/02/09/the-worlds-biggest-gamblers
https://doi.org/10.1007/s42113-018-0020-6
https://doi.org/10.1007/s42113-018-0020-6
https://doi.org/10.1073/pnas.2026680118
https://doi.org/10.1136/bmj.l1807
https://doi.org/10.1037/xap0000358
https://doi.org/10.1037/xap0000358
https://doi.org/10.1111/jofi.13128
https://doi.org/10.1111/jofi.13128
https://doi.org/10.1080/14459795.2022.2041702
https://doi.org/10.1080/14459795.2022.2041702


	 International Journal of Mental Health and Addiction

1 3

Wong, A., & Carducci, B. J. (1991). Sensation seeking and financial risk taking in everyday money matters. 
Journal of Business and Psychology, 5(4), 525–530. https://​doi.​org/​10.​1007/​BF010​14500

Youn, H., Choi, J.-S., Kim, D.-J., & Choi, S.-W. (2016). Development and validation of a stock addiction 
inventory (SAI). Annals of General Psychiatry, 15, 16. https://​doi.​org/​10.​1186/​s12991-​016-​0105-3

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

https://doi.org/10.1007/BF01014500
https://doi.org/10.1186/s12991-016-0105-3

	When Vegas Comes to Wall Street: Associations Between Stock Price Volatility and Trading Frequency Amongst Gamblers
	Abstract
	Methods
	Stage 1
	Participants
	Gambling Questionnaire
	Investment Questionnaire

	Stage 2
	Participants
	Trading Task

	Ethics

	Analyses and Results
	Exploratory Analysis

	Discussion
	References


