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1 Chapter 1: Introduction 

 

Economists have traditionally taken a prescriptive approach to understanding how people 

make financial decisions.  Prescriptive models of financial decision making tend to 

assume that humans make decisions by optimally evaluating the value associated with the 

different options available to them and choosing the one that represents the highest 

expected value. Psychologists, however, have generally taken a descriptive approach to 

understanding human behaviour. The descriptive approach replaces assumptions of 

rational decision making with the observation of individual behaviour in order to form 

theories of how people generally behave under different conditions. Recently behavioural 

economists have attempted to bridge the gap between these approaches by observing 

individual economic behaviour and identifying the types of situations in which humans 

systematically deviate from rational decision making strategies. This movement was 

arguably initiated by Herbert Simon (1951, 1983, 1997). Simon theorised that decision 

makers should be viewed as generally following the rational, utility maximising 

behaviour that prescriptive economic theories suggest. However he also argued that they 

are 'bounded' in their rationality, meaning there are certain conditions under which 

humans can be expected to systematically deviate from rational decision making 

behaviour.  

Daniel Kahneman’s work (2003), often alongside Amos Tversky (1979, 1981, 1992) has 

been hugely influential in the field of behavioural economics, culminating in Kahneman’s 

2002 Nobel Prize for economic sciences. The starting point for this work was meant as a 

contribution to psychology, in which theories regarding rational economic behaviour 

were to be tested using psychological methods and potentially integrated into existing 

psychological theories of human decision making behaviour (Kahneman, 2003). 

However, the results from the early studies (Kahneman and Tversky, 1979), highlighted 

systematic deviations from the economic decision making behaviour expected by existing 

economic theories, in which humans were regarded as consistently rational economic 

decision makers. Kahneman (2003) formalised the findings from the field of behavioural 

economics by mapping out an influential theory of human decision making behaviour 

which integrated the findings from a host of studies in the area.  



9 

 

Kahneman’s (2003) theory identifies two distinct types of thinking involved in decision 

making behaviour – reasoning and intuitive thinking. Reasoning is described as the type 

of thinking that is employed when consciously thinking through a difficult task, take for 

example, mentally calculating a complicated mathematical operation in your head. 

Intuition is described as the type of spontaneous thinking that often does not involve 

conscious thought or effort – e.g. the thinking used to work out whether a joke is funny.  

Kahneman (2003) suggests that intuition is the most common type of thought used in 

decision making, as well as being the type of thought that is most prone to errors. This 

type of thought is the subject of many studies in this area and is argued to be the reason 

why irrational decision making is displayed within many of the studies in the behavioural 

economics literature. For example, intuitive thought is argued to be responsible for the 

finding that people are generally unwilling to eat a chocolate if it is shaped as something 

distasteful e.g. a cockroach (Rozin and Neneroff, 2002). In other work in the field of 

psychology, this type of thought has also been labelled as ‘mindless behaviour’ (e.g. 

Langer et al., 1978). Langer et al., (1978) provided an example of ‘mindless behaviour’ in 

the context of social interactions. Their experiment involved an actor asking whether they 

could skip a queue for a photocopying machine with a number of differently phrased 

‘excuses’. They found that merely the presence of some form of explanation as to why 

they needed to skip the queue (e.g. ‘Excuse me, may I use the Xerox machine because I 

want to make copies?’) was significantly more effective in influencing people to allow 

queue skipping than just asking, ‘Excuse me, may I use the Xerox machine’. The 

presence of an explanation was effective, even though it was meaningless. Kahneman’s 

(2003) theory explains this as an instance of those in the queue using intuition to decide 

whether to allow someone to skip the queue. The intuitive brain simply listens for an 

explanation, rather than analysing the content of an explanation and using reasoning to 

determine whether it is a valid. 

Kahneman’s (2003) theory states that intuitive thinking is often associated with poor 

performance. Kahneman (2003) also argues, however, that it has the potential to be very 

powerful and time saving. It is argued that intuitive thinking can be trained and that high 

skill can be gained with prolonged experience. Kahneman (2003) uses the example of an 

experienced chess player who, after years of experience, can walk past an active chess 

game and instantly declare ‘white mates in three’. This type of fast-paced intuitive 

thinking was in fact evidenced by a study of professional chess players by Simon and 

Chase (1988). Kahneman (2003) states that the differentiating factor between intuitive 
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thinking and reasoning is the amount of effort employed to make the ‘calculation’. 

Intuitive thinking is characterised as requiring less effort than reasoning. Intuitive 

thinking, which is also known as ‘System 1 Cognition’ (Stanovich and West, 2000), is 

defined as ‘fast, automatic, effortless, associative and often emotionally charged’ 

(Kahneman, 2003, p. 1451). Reasoning, or ‘System 2 Cognition’ (Stanovich and West, 

2000), is defined as being, ‘slower, serial, effortful, and deliberately 

controlled…relatively flexible and potentially rule-governed’ (Kahneman, 2003, p. 1451). 

Intuitive thinking is necessary in order to deal with the large amount of stimuli that 

humans deal with in their day to day lives. There is simply not enough time or mental 

capacity to use slower, more effortful reasoning in every decision made throughout a day. 

Kahneman (2003) hypothesises that the slower cognition system (System 2) monitors the 

thoughts of the intuitive system. This theory is tested by a series of experiments assessing 

the extent to which calculations are disrupted when laboratory participants’ System 2 

Cognition is disrupted. The findings presented by Kahneman (2003) support the 

assumption that ‘System 2 monitors System 1’ in that performance is lowered when 

attention is diverted to System 1 thinking.  

The bulk of the work used to support Kahneman’s (2003) theory relies on laboratory 

studies in which participants are asked to make hypothetical financial decisions. A range 

of studies have attempted to highlight the types of financial decision making situations in 

which deviations from rational decision making behaviour can be regularly observed. 

Initial studies began by engaging participants in financial decision making tasks where 

the context is manipulated in order to observe the rationality of decisions made under 

different conditions. A popular Kahneman and Tversky (1979) study, for example, asked 

participants to choose between lotteries; one option offered a guarantee of $800, whereas 

the second lottery offered an 85% chance of winning $1000. The rational, risk neutral 

decision maker should opt for lottery B with an expected value of $850; however, it was 

found that the participants showed a persistent preference for lottery A, with an expected 

value of only $800. The participants preferred a guarantee of a lower value outcome to a 

risky option with a higher value. This tendency for risk averse behaviour deviated from 

the value optimising principles that are at the foundation of prescriptive models of 

economic decision making. More recent studies in the field of neuroeconomics have 

shown a specific neural representation of how the brain behaves when making risk-averse 

decisions (Rick, 2011). Studies in the field of behavioural economics have attempted to 

identify other contexts in which individuals are likely to deviate from rational decision 

making strategies, mainly through the use of laboratory experiments.  
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One of the most widely researched concepts in behavioural economics is that of ‘loss 

aversion’. Loss aversion is the tendency for people to feel the negative effects of loss 

more than they feel the positive effects of gains. It has been evidenced in numerous 

laboratory studies and stems from the same theory that explains risk aversion - ‘prospect 

theory’ (Kahneman and Tversky, 1979; Tversky and Kahneman, 1992). Loss aversion is a 

complex trait of human decision making behaviour in which individuals have the ability 

to express both risk seeking and risk averse decision making behaviour. Although loss 

aversion is the tendency to reduce risk, this tends to be reversed when dealing with losses. 

Humans are so keen to avoid the mental pain associated with experiencing losses that 

they will likely take risks in order to recover losses. This is displayed by the consistent 

evidence of the disposition effect (e.g. Chen et al., 2007) – which is the tendency for 

investors to hold on to losing stocks significantly longer than they are likely to hold on to 

winning stocks. Montier (2010) quantifies this as investors being 1.7 times more likely to 

sell a stock that is in profit than to sell a stock that is in loss. This is argued to be caused 

by investors willing to increase risks (i.e. hold fluctuating stocks longer) when in a losing 

position. Loss aversion predicts that the negative emotions experienced when feeling a 

loss will lead normally risk averse individuals to increase their risk taking. Further to the 

disposition effect, loss aversion has been used as the theoretical basis to explain a wide 

range of anomalies in financial behaviour such as the equity premium puzzle (Benartzi 

and Thaler, 1995) and status-quo bias (Samuelson and Zeckhauser, 1988). The factors 

that drive loss aversion are not fully understood, however research in the field of 

neuroeconomics has been somewhat successful in mapping the brain activity relating to 

the experience of loss and gains (Tom et al., 2007).  

The majority of the work that supports the existence of loss aversion has also taken place 

in the laboratory, however work in behavioural finance has started to provide evidence of 

the existence of loss aversion in real-world traders with high-stakes (Haigh and List, 

2005). The vast majority of the work across both the laboratory and field experiments in 

this area has provided evidence for the existence of loss aversion, but there have been 

arguments against the methods used in some of the laboratory studies. Gal (2006) argues 

that the types of hypothetical lotteries often used in laboratory studies are not necessarily 

indicative of real-world loss averse behaviour. One study (Ert and Erev, 2013) showed 

some evidence of how the framing of certain lotteries can lead to behaviour that is not 

loss-averse.  
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A number of laboratory studies have been used within the field to identify systematic 

deviations from rational decision making. Thaler and Johnson (1990) asked participants 

in a laboratory study to make gambling decisions with money given to them under a 

number of different gambling scenarios. This study showed another deviation from 

rational decision making behaviour; it was found that participants were significantly more 

likely to increase their risk taking following profitable periods. This is termed the 'house 

money effect' as it is seen as an irrational bias in decision making to take more risk with 

the 'house money' i.e. money that has been won, compared to money that has originally 

belonged to an individual. From a rational choice perspective, prior outcomes should be 

irrelevant in determining an individual’s future decisions – however, it seems this is not 

the case.  

The house money effect (HME) has been extensively studied in laboratory-based research 

that has built upon Thaler and Johnson’s (1990) work. Participants in these studies have 

been given a range of tasks including spending decisions (Keasey and Moon, 1996), 

investment decisions (Ackert et al., 2006), lottery decisions (Weber and Zuchel, 2005) 

and ‘trust’ decisions in which investment spending is compared across a participants’ own 

money and money that is ‘found’ (Houser and Xiao, 2015). These studies have all offered 

evidence for the existence of the HME and there has been little evidence to the contrary – 

participants have routinely taken more risk with the ‘house money’ in these experiments. 

However, there has been criticism of these laboratory studies in that it has been argued 

that when studying the HME, it is vital that the participant’s behaviour when dealing with 

their own money versus ‘house money’ is compared. Due to ethical reasons, the money 

used in these laboratory studies is always either money given to the participants at the 

beginning of a laboratory experiment, or ‘imaginary’ money in hypothetical financial 

decisions. Few of these laboratory-based studies have been able to ask the participants to 

make risky decisions with money they have had to work for – which calls into question 

the validity of the results.  

The use of monetary incentives in laboratory-based research has long been a point of 

issue in both psychological and economic research – and is especially relevant in work 

that falls in the middle and attempts to measure how individuals make economic 

decisions under laboratory conditions. Due to the nature of measuring the HME of 

individuals – it is necessary for participants to make either hypothetical or real decisions 

involving money within these laboratory experiments. The issue with hypothetical 

choices is that they are generally understood to be unrealistic and can result in unreliable 
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data (Cox and Grether 1996; Harrison 1994, 2006). For this reason, performance-based 

procedures have generally been favoured since Thaler and Johnson’s (1990) initial work 

(e.g. Ackert et al., 2006; Houser and Xiao, 2015). These experiments have generally 

endowed participants with some money (either real or imaginary) and then measured how 

they use the money in subsequent economic decisions. For example, Ackert et al. (2006) 

created a laboratory-based trading environment in which participants were asked to make 

‘trades’ across a number of artificial markets. At the beginning of the experiment, 

participants were given either a low endowment of $60 or a high endowment of $75. 

They were free to use this money to make trades in the artificial markets. They found 

support for the existence of the HME in that the participants’ bids, price predictions, and 

market prices were influenced by the amount of money provided to them prior to trading. 

This type of experimental design is typical of the laboratory experiments used to research 

the HME, in which endowments were often given to the participants, rather than the 

participants making decisions with their own money.  

The use of these types of endowments in laboratory-based studies of the HME could 

potentially have influenced the results of these studies, as it is possible that the 

participants may have acted differently if the money they were investing with was money 

they had earned themselves. Further to this, there is the recurring issue brought up in 

psychological research regarding these types of laboratory experiments – that the action 

of paying someone to take part in a study will likely influence how they behave. The 

argument for using payments to incentivise participants to take part in laboratory studies, 

stems from the perception of humans as ‘homo economicus’, which is the belief that 

humans are rational decision makers who will not take an action unless they receive some 

type of benefit from doing so (Gibbons 1997). This school of thinking argues that even if 

they do take part in a study without payment, it is unlikely they will employ the same 

levels of effort or brainpower that they do when engaging in tasks in their day-to-day 

lives (Etchart and l’Haridon, 2011).  

Etchart and L’Haridon (2011) argue that when endowing a participant with any money at 

all, the experimenter is inducing the HME. In line with Thaler and Johnson’s (1990) 

theory, the participant is likely to exhibit more risk with the money endowed to them by 

the researcher than they would with their own money. However, Etchart and L’Haridon 

(2011) make the interesting point that this kind of issue could be somewhat avoided by 

creating a situation within the experiment in which the participants can ‘earn’ the money 

rather than have it given to them. Although, this wouldn’t be quite as realistic as having to 
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earn money in the real world, the use of a skill-based game to earn the original money 

would arguably dampen the extent to which participants view the money as the ‘house 

money’. Nonetheless, money that originates in the laboratory can never be equivalent to 

that which is earned in the real world, and there are a host of pressures that could come 

with it. For example, participants may feel that after being given some reward within the 

context of a laboratory that they should go along with any subsequent economic decisions 

(e.g. investments) offered to them. There would be some social pressure to not leave the 

experiment as soon as earning any money in the original skill game. However, this 

approach has not been employed in laboratory studies of the HME so it is hard to draw 

any conclusions on whether it would yield different results. 

One recent study has taken an interesting approach to avoid the pitfalls of studying the 

HME under laboratory conditions. Rüdisser et al. (2017) created an experimental field 

study, in which 907 customers of a casino were given ‘free money’ to use in the casino on 

entry. The behaviour of these gamblers was compared to those who were not given any 

money on entry. The results were surprising in that the customers who were given free 

money on entry showed significantly less risk taking (as measured by average wagers 

while in the casino) than those who were gambling solely with their own money. This is 

one of the few experimental studies, which has shown results that do not support the 

existence of the HME. However, this study does fail to compare the behaviour of 

individuals in conditions when they are gambling with money that they have won, rather 

than money they have earned. For this reason, it is arguable that it is not measuring the 

‘house’ money effect, but rather the ‘free’ money effect. A more appropriate method of 

measuring the HME may have been to follow the behaviour of gamblers in the casino and 

measure how much risk they take when first entering the casino and using their own 

money, against the decisions made directly after experiencing gambling wins, when they 

are playing with the ‘house’ money. However, due to ethical issues it would be important 

to make the gamblers aware that their behaviour is going to be followed before they begin 

gambling, which could also have an influence on the results. It is also an issue with this 

type of experiment that there may be a certain type of person who visits casinos and they 

may not be representative of the wider population. Further to this, it could be argued that 

the action of giving away free money at a casino may attract a type of person who is 

willing to travel to a casino to obtain free money, which might mean the people endowed 

with free money may be thriftier than the normal population. However, these types of 

issues come with any experimental field experiment in this area and are a reason why 
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more research is needed to back up the evidence across different economic decision 

making domains.  

 

Recently, there have been further attempts in the behavioural finance literature to provide 

evidence for deviations from rational decision making in the behaviour of decision 

makers’ real-world financial decisions. For this purpose, studies of trader behaviour have 

often been of interest to behavioural economists. There are growing arguments that 

understanding situations in which traders deviate from rational decision making 

behaviour can help lead to the goal of understanding market wide phenomena. For 

example, the economics literature has argued that bubbles arise in markets when investors 

over-extrapolate past returns to predict future prices (Lakonishok, Shleifer, Vishny, 1994; 

Barberis, Shleifer, Vishny, 1998; Greenwood and Hanson, 2010). The assumption that 

individuals are susceptible to the tendency of over-extrapolating from small samples of 

data is outlined by Kahneman and Tversky (1979) as the 'representativeness heuristic'. In 

this sense, the economics literature describes what is happening at a market level, while 

the psychology literature offers models and theories of the processes that govern decision 

making behaviour at an individual level. In understanding the systematic biases in 

decision making that individuals are susceptible to, we are better able to understand 

market-wide phenomena such as price bubbles.  

 

Recent studies have shown evidence for the existence of systematic biases in trader 

behaviour in a number of different areas. Analysis of trader decision making has shown 

persistent susceptibility to the HME  (Massa and Simonov, 2005; Hsu and Chow, 2013; 

Duxbury et al., 2015). Other similar studies have shown the existence of the disposition 

effect, which is a tendency for traders to sell winning positions early and hold losing 

positions too long (Weber and Camerer, 1988), as well as studies which have shown 

traders to be persistently overconfident in their own trading abilities (Barber and Odean, 

2001; Hirshleifer and Luo, 2001). 

One shortfall in this area of research has been in identifying individual differences in 

these biases. This kind of information can be extremely useful in building models that can 

identify which individuals are at risk of being susceptible to decision making biases and 

when they are most at risk. There is potential commercial value in this, companies can 

gain a competitive advantage by understanding which of their customers are likely to 

exhibit biased decision making (e.g. sports betting companies may wish to use this 
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information to aid targeted marketing). For similar reasons, this understanding can be 

useful from a policy perspective, as it can help to identify who the most at-risk sections of 

society are and then tailor regulation and campaigns to help those who are vulnerable to 

biases in their financial decision making.  

Although there have been some studies which have shown individual differences in 

susceptibility to decision making biases, the evidence has been limited. In psychology, 

the attempt to explore differences in cognition between people who belong to different 

categories such as different cultures (e.g. Ekman et al., 1987), genders (Geary, 1998) or 

age groups (Salthouse and Babcock, 1991) as well as the factors that can influence 

cognitive performance is a long standing part of the discipline. However, in the area of 

behavioural finance, there have been few efforts to explore differences between 

categories of financial decision makers. Some studies have attempted to categorise traders 

by demographic features and show differences in their susceptibility to biases in decision 

making. However, more nuanced categorisations of traders and explorations of the factors 

which can influence susceptibility to biases have either not been explored or have been 

flawed either in their methodology or their data.  

This thesis aims to fill the gap in the literature by examining the factors which make 

individuals more likely to exhibit decision making biases, in particular the HME 

(although a variety of measures of decision making behaviour are explored in the third 

paper). This is achieved through a series of three papers that employ individual level 

financial trading data in order to analyse decision making biases in the real world 

behaviour of traders. The data used in these studies are ideal for assessing measures of 

financial decision making across a number of categorisations of traders, as it allows 

measurement of the trading records of individuals across categorisations such as age, 

gender, experience and method of trading (e.g. mobile app or desktop). Further to this, in 

having historical trading records of individual traders, spanning a period of up to nine 

years, it is possible to identify when traders deviate from their own normal trading 

behaviour. It is therefore possible to observe when traders show house money effects (i.e. 

increases in stakes following high profits), relative to their own trading histories. This 

allows accurate measurement of the house money effect, compared across a number of 

trader categorisations, improving upon previous attempts in the literature.  

One categorisation which would be expected to have some influence on whether a trader 

is susceptible to biases in decision making is their level of trading experience. In terms of 

the aforementioned HME, a common bias in decision making behaviour, there has only 
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been one study which has attempted to measure any association with trader experience 

(Locke and Mann, 2001). However, Locke and Mann’s study was limited to a group of 

already highly experienced traders meaning that conclusions could not be drawn 

concerning differences in the HME between inexperienced and experienced traders. 

There is little empirical evidence that is able to address whether the HME persists with 

experience. 

Research in behavioural economics literature has shown evidence of systematic 

deviations from rational decision making behaviour; such as the HME (Thaler and 

Johnson, 1990), loss aversion (Kahneman and Tversky, 1979) and the disposition effect 

(Chen et al., 2007). Within economics literature, a number of researchers have expressed 

the opinion that these types of biases in decision-making may not persist in markets over 

time (e.g. Levitt and List, 2008). Scepticism has also been expressed as to whether the 

biases that are often found in laboratory experiments, are applicable to real-world 

financial decision-making behaviour in which there are high stakes involved. This is 

potentially rooted in the assumption that people learn from their mistakes and tend to 

improve in their decision making behaviour over time, but the empirical evidence has 

generally shown this not to be the case in regards to biases in decision making behaviour. 

A striking example of the persistence of a decision making bias over time, as well as the 

severity of its consequences comes in the form of an innovative study by Pope and 

Schweitzer (2011) regarding high-stakes decision making in the domain of professional 

golf. This study confronted the assertion that biases such as loss aversion do not apply to 

experienced agents in high stakes competition. The study used behavioural data relating 

to the putting behaviour of professional golfers in a high-stakes golf tournament. Pope 

and Schweitzer (2011) created a natural experiment by analysing the success rate of 

comparable putts for birdie and par. They found that professional golfers hit birdie putts 

less accurately than otherwise comparable par putts. After testing for a number of 

potential explanations for their result, they conclude that this difference in putting 

accuracy is due to loss aversion. It is suggested that golfers put more effort and focus on 

not missing a par putt and achieving an undesirable bogey than they do it completing a 

birdie putt – due to the mental reference point of the par score. This unique field 

experiment helps to answer the critics of the laboratory experiments traditionally used to 

gather insights regarding decision-making biases, and suggests that behavioural biases 

can persist even in the face of high-stakes competition and experienced decision makers. 

There is surprisingly little research that has taken advantage of natural datasets in order to 
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assess the existence of behavioural biases in real world decision-making behaviour. The 

papers in this thesis are able to build on this by employing a large-scale natural dataset in 

order to gain insights regarding the individual decision making behaviour and technology 

adoption.  

The first paper in this thesis employs a dataset of individual trading records from a spread 

trading market to address the relationship between trader experience and the house money 

effect. Unlike data used in previous studies, the data used in this study offers the 

advantage of containing a range of inexperienced to very experienced traders.  It is 

therefore possible to assess whether there are differences in the house money effect across 

the spectrum of trader experience. Models of trader overconfidence predict a non-linear 

relationship between trader experience and the likelihood that the trader is influenced by 

prior outcomes in their subsequent decisions (Gervais and Odean, 2001). This model 

predicts that traders ‘learn’ to be overconfident in their trading skill over the early stages 

of their trading experience, however as they become more experienced they slowly 

reassess their confidence levels to a point that is more accurate.  The findings from the 

study show a similar pattern, in that the traders most influenced by their prior returns in 

their subsequent decision making (i.e. those who exhibit the house money effect) are the 

moderately experienced traders. A linear relationship is shown, between experience and 

susceptibility to the house money effect, only when not including the most experienced 

traders in the analysis. Within the most experienced traders, a negative relationship is 

found between further experience and susceptibility to the house money effect. Gervais 

and Odean (2001) predict that overconfident traders are more likely to be influenced by 

their prior results (i.e. show the house money effect). For this reason, the findings can be 

used as evidence for the model, making this the first paper to offer empirical evidence for 

this model based on the analysis of actual trading data which examines both 

inexperienced and experienced traders.  

Further to adding to the understanding of the development of overconfidence, the results 

from the first paper expand on the limited current literature regarding individual 

differences in the HME (Thaler and Johnson, 1990). Previous work in this area tended to 

focus on highlighting the existence of the HME across different decision making 

domains, such as; monetary laboratory experiments (Cárdenas et al., 2014), casinos 

(Rüdisser et al., 2016) and individual investors (Hsu and Chow, 2013). The few studies 

that have looked at individual differences in the HME have focused on the influence of 

basic demographic variables such as gender (Lam and Ozorio, 2013) and age (Vroom and 
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Pahl 1971; Shum and Faig. 2006) and have shown mixed results. The first paper finds 

relationships between demographic variables (age and gender) and the HME – but only 

within less experienced traders. This finding helps to build on the understanding of 

complex nature of behavioural biases. It seems that they do not affect everyone equally. 

This goes against the description of these biases as ‘systematic’, as they are often 

described (e.g. Mannion and Thompson, 2014) and opens the door to further research 

which could identify why certain groups of people are more likely to exhibition biases in 

decision making.  

The results from the first paper can also be interpreted from a psychological perspective. 

The existence and the persistence of the HME fits well with the long-standing 

psychological theory of self-attribution bias (Miller and Ross, 1975). Self-attribution bias 

is the tendency for people to attribute positive outcomes to their own skill or ability, 

whereas they tend to attribute negative outcomes to external factors, such as bad luck. It 

therefore makes sense from this perspective that people would persist to show the HME 

when gaining experience in trading – as they are likely attributing losses to chance and 

gains to successes, and therefore not learning from their mistakes. Another psychological 

driver of the results in the first paper could be the Dunning-Kruger effect (Dunning et al., 

2003; Kruger and Dunning, 1999). This is defined as the tendency for those who are 

unskilled and incompetent to be the most likely to erroneously attribute positive outcomes 

to their own skill – further inflating biased self-assessments of their competence. This 

theory has been supported by laboratory-based studies involving survey research (e.g. 

Pennycook et al., 2017), however the results of the first paper offer an example of how a 

natural experiment could be of value in identifying the Dunning-Kruger effect in real-

world behaviour. The interpretations of the results from the first paper suggest that future 

studies should look to use mixed methods to explicitly identify the self-attributions of 

decision makers, alongside their real-world decision making behaviour in order to bridge 

this gap in the literature. 

The findings from the first paper, in particular the evidence of the persistence of the HME 

with additive experience (up to a point) fits with the trend of current research. This 

research suggests that decision making biases are surprisingly resistant to experience (e.g. 

Chen et al., 2007; Pope and Schweitzer, 2011) and high stakes (e.g. Pope and Schweitzer, 

2011). These results have important implications for those who regulate activities 

involving financial decision making. For example, an understanding of the factors that 

lead to a consumer making a biased or irrational decision should be of great importance to 
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regulators of the gambling industry. Gambling regulators may wish to use this 

information as a starting point to help identify which categories of gamblers are most ‘at 

risk’ of experiencing common biases in their decision making. The results of the first 

paper would suggest that those gamblers with moderate levels of experience would be 

most likely to exhibit the HME. If this finding could be replicated with consumer 

gambling records then this could benefit regulators in designing appropriate harm 

prevention policies and targeting groups of gamblers appropriately when creating harm 

prevention campaigns.  

These results could also be of use to any company that employs people who make 

financial trades on a day-to-day basis, such as banks and investment firms. It would be 

important to firstly replicate these types of findings in the relevant domain before 

applying interventions, however the results from the first paper would suggest that certain 

groups of moderately experienced traders could be identified as being at higher risk of 

exhibiting the HME. This knowledge could be hugely valuable if it was used to help 

prevent incidences of excessive risk taking in traders who have recently experienced 

highly profitable periods i.e. the HME. There have been a number of highly publicised 

cases in which experienced banking sector employees have taken excessive risks with 

their employer’s money and lost huge sums of money. It is possible that these kind of 

scenarios could be avoided by incorporating early warning systems into trading software, 

or by helping to inform policies regarding the education of employees at times when they 

are at most risk of exhibiting the HME.  

 

Software already exists to support the decisions of traders, Lai et al., (2005) designed and 

tested a decision support system that helped traders effectively compare foreign exchange 

options. More recent research (e.g. Islam et al., 2018) has integrated the analysis of large-

scale text corpora in order to aid traders in stock market prediction. This field of research 

is growing, and is likely being incorporated in industry, however it looks as if no 

published work has implemented the knowledge of common decision making biases into 

these types of systems. This seems like a missed opportunity now that the field of 

behavioural economics is firmly established. A wealth of research has examined the 

existence of a range of decision making biases across all sorts of decision making 

domains, particularly within finance. It is reasonable to suggest that we now understand a 

number of ways that people tend to deviate from rational economic decision making 

behaviour. However, the results of the first paper suggest that these biases may not affect 

everyone equally. For this reason, future decision support systems may wish to account 
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for this by tailoring advice to individuals. In the context of the first paper this would 

involve increasing warnings relating to the likelihood of a trader experiencing the HME 

as they gain experience. Much in the same way that the first paper builds models to 

predict when a trader is likely to exhibit the HME, the same types of models could be 

used by banks to calculate when their traders are most likely to exhibit the HME. Banks 

could use this information either to feed through alerts within trading software or in other 

ways that may help to reduce the likelihood of their traders exhibiting a decision making 

biases (e.g. offering training). More research would be needed to discover the most 

effective interventions that could be offered to traders to avoid them being influenced by 

the HME. In fact, this is a field of research that has had little to no attention. Although 

there is a wealth of research that has shown the existence and individual differences in 

decision making biases, there is no work that explored how to stop people from 

experiencing them. This area has great potential for future research and answers to these 

questions, combined with effective knowledge of the situations in which people are likely 

to exhibit decision making biases, could be of great value to financial institutions.  

 

The results reported in the first paper improve the knowledge of the impact of experience 

on decision making biases in the domain of financial trading decisions. However, future 

research may wish to examine whether similar relationships exist across other financial 

domains. With the rise of e-banking and FinTech, more and more data is being collected 

about how we make every day financial decisions on internet-connected devices. This 

data could be put to use to help understand the factors, including experience that 

encourages consumers to make biased or unbiased decisions. The current literature in this 

area is lacking, and this type of data could be of great use in understanding biases in 

human decision making. The benefits of better understanding how and why we make 

biased financial decisions are not only useful from a theoretical point of view, but have 

the potential to help consumers as well as professional traders to avoid making irrational 

and potentially costly financial decisions. 

 

The second and third papers in this thesis both focus on the influence of the platform used 

by a trader on any biases in their decisions. We live in an age where more and more of 

our everyday decisions are being made online, either through desktop or mobile devices, 

yet we have little understanding of the effects of the use of these platforms on decision 

making quality. It is possible that the inherent differences in these devices, such as the 

screen size and location independence of mobile devices, can influence our decision 
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making. An understanding is built over these two papers of whether the use of different 

platforms is an important factor in determining whether an individual is susceptible to the 

house money effect, as well as if there are any differences in decision making biases 

across the type of people who adopt new technology, and how early they adopt it.  

The second paper explores relationships between trading platform choice and 

susceptibility to a decision making bias - the HME. The first part of the paper categorises 

traders by whether they have or have not adopted a mobile trading app offered by their 

broker. It assesses whether there are any differences in the house money effect across 

those who do and do not adopt the app. Secondly, it looks specifically at the adopters of 

the mobile app. It assesses whether traders are more likely to show the house money 

effect when they use the app to execute their trades as compared to when they non-mobile 

devices. Categorising traders by a measure of innovativeness (i.e. mobile app adoption) is 

a novel approach as no previous research has used measures of either platform choice or 

trader innovativeness to help predict biases in decision making. I find evidence that these 

are useful measures, in that mobile adopters are shown to be more susceptible to house 

money effects, even when they are not using mobile devices to trade. Further to this, I 

show that adopters are even more likely to show house money effects when executing 

trades with mobile devices than non-mobile devices. This finding offers a unique insight 

into how device choice can influence our decision making behaviour, and arguments are 

made as to why these effects may exist, in the context of theories concerning technology 

adoption (e.g. Rogers, 1983; 2003).  

Rogers’ (1983; 2003) work around the ‘Diffusion of Innovations’ model is used to frame 

the research conducted in the second paper as well as being the focal point of the third 

paper. It is a highly influential model that is arguably the most commonly used for 

studying the adoption of computer-based technologies in recent years (e.g. Moore and 

Benbasat, 1991; Venkatesh et al., 2012; Zhang et al., 2015). Rogers’ (1983; 2003) theory 

is wide ranging, and his book covers many aspects relating to how innovations are 

adopted by both individuals and societies. It highlights the characteristics of innovations, 

individuals and societies that lead to the adoption of innovations. Diffusion is described 

as the process by which innovations, or information regarding to innovations flow 

between individuals and societies.  

Rogers (1983; 2003) argues that there are four key drivers of technology adoption. The 

attributes of the innovation, the attributes of the adopter, the available communication 

channels and the attributes of the society. There has been a great deal of subsequent 
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research that has built on the model over the last 35 years, across fields such as IT, 

marketing, psychology and sociology. However, due to the broad scope of the theory, the 

literature does not follow an easily traceable path and branches off in many directions. 

Often the work will be related to one of these four key drivers of technology adoption, but 

applied to one of a high number of disparate domains.  

Communication channels that exist at a societal level and at an interpersonal level are 

predicted by Rogers (1983; 2003) to be of importance in determining the pace at which a 

new technology is adopted in a society. Although there had been little research to test this 

assumption in the 20th century, there has been more research in recent years as the 

possibility of measuring the use of communication channels has become more achievable 

due to the emergence of widespread use of digital communication channels. Take for 

example, Valente et al.’s (2015) study, which attempted to measure the association 

between a country’s use of an online forum, and it’s time taken to adopt an innovative 

treaty related to tobacco regulation. They found that countries that participated in 

‘GLOBALLink’ – an online forum designed as a communication channel to share 

thoughts on the treaty, were more likely to adopt the treaty quickly. However, research in 

this area by Aral et al. (2009) identified a problem with the type of interpretation used in 

Valente’s (2015) work. Valente et al. (2015) argue that it is the use of the communication 

channel that encourages the adoption of an innovation; an interpretation that is in 

accordance with Rogers’ model (1983; 2003). However, Aral et al., (2009) argue that the 

reason why those who happen to communicate together will be likely to adopt 

innovations at similar times is that people tend to communicate with those that they are 

similar to – a tendency known as ‘homophily’, and it is this homophily that drives 

similarity in patterns of adoption. Aral et al. (2009) were able to test this by measuring 

communication in an Instant Messaging (IM) network alongside the adoption of a new 

mobile application offered by the company who owned the IM service.  They found that 

although people who tended to communicate together more were likely to adopt the new 

application at similar times, the communication was not necessarily the reason for this. 

They found that the similarity in characteristics between those who communicated 

together (e.g. age, gender and browsing behaviour) were the main predictive factors of 

whether an individual would adopt the new application. The results showed that more 

than half of the variation in adoption times could be explained by the characteristics of 

individuals, with very little variance explained by the level of communication between 

individuals. This finding emphasises the importance of understanding the relationships 

between the characteristics of individuals and technology adoption.  
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Understanding the relationships between early adoption of technology and psychological 

and demographic characteristics of individuals is not only useful in that it can test the 

assumptions made in Rogers’ hugely influential model (1983; 2003) but there is likely to 

be great commercial value in understanding these relationships properly. Take for 

example the importance of understanding the demographics of early adopters when 

marketers are creating targeted advertising campaigns. This type of knowledge will allow 

marketers to create content and products, specifically suited to the characteristics of those 

who are most likely to adopt novel items.  

 The value in this type of understanding has also been suggested by the vast literature 

which seeks to identify demographic relationships with early adoption of new technology; 

such as the relationships regarding wealth, gender (Mattila et al. (2003) and age (Hidrue 

et al. (2011). Roger’s model (1983; 2003) made detailed predictions regarding the 

demographic and psychological characteristics expected of earlier and later adopters of 

innovations. For example, Rogers states that ‘Earlier adopters are no different from later 

adopters in age.’ (Rogers, 2003. p. 288). The literature relating to this suggests that this 

prediction has not stood the test of time. For example, recent research in the domains of 

interactive TV (Leung and Wei, 1998), electronic banking (Lee and Lee, 2000) and 

electric cars (Hidrue et al., 2011) have consistently shown early adopters to be younger in 

age than later adopters. It is possible that the relationships between demographics and 

technology adoption could have shifted in the time since Rogers’ model (1983; 2003) was 

introduced. This could be expected due to the fact that new digital technologies (e.g. 

mobile apps) often have a low financial barrier to entry, compared to the more expensive 

agricultural innovations used in the studies that Rogers’ model was initially built upon 

(e.g. Rogers, 1962). For this reason, it is important to provide new empirical evidence for 

both the psychological and demographic assumptions made in the diffusion of 

innovations that is relevant to the type of digital innovations that are now more 

commonplace.  

Despite the vast amount of research that has stemmed from the diffusion of innovations 

model, there are some key assumptions of the model that have lacked empirical evidence. 

The reason for this is that within the subsequent literature that has cited the original work 

by Rogers, the model is often used as a theoretical framework to help explain results in 

some field rather than to explicitly test the assumptions of the model. Take for example a 

recent study in e-health by Zhang et al. (2015). This study attempted to tackle the 

problem that patients are often unwilling to adopt new e-health technologies, such as 
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online appointment booking services. The aim of the study was to identify the factors that 

influence patients’ adoption of e-health innovations. In order to achieve this, as is 

common with a great deal of the research citing Rogers’ work (1983; 2003) – the 

diffusion of innovations model was used as a ‘theoretical lens’ (Zhang et al., 2015, p. 1) 

by which to study healthcare patients. The model allowed the researchers to help design 

the study in order to capture information relating to the four key drivers of technology 

adoption outlined by Rogers (1983; 2003) - the attributes of the innovation, the attributes 

of the adopter, the available communication channels and the attributes of the society. 

This approach allowed the researchers to categorise users into the adoption categories 

outlined in the model, and help them understand the factors that were blocking people 

from adoption the new healthcare technologies. This kind of research is a typical example 

of an effective implementation of Rogers’ model (1983; 2003) in order to address a 

research question. However, the purpose of this type of work is not to test the underlying 

assumptions of the original model – rather to help tackle a research question in a given 

domain. This trend of research has left a number of assumptions inherent to the diffusion 

of innovations lacking empirical evidence.  

There has been a particular lack of research that has looked at relationships between 

psychological characteristics and early adoption since Roger’s predictions were first 

introduced (1983; 2003), in spite of the centrality of these assumptions to Rogers’ model. 

Understanding the psychological make-up of early adopters can be of great value in both 

product creation and in marketing. The value in understanding and profiling early 

adopters is clear when it comes to marketing a product. Take the successful psychological 

profiling of American voters in recent elections (Carlisle and Patton, 2013; Grassegger 

and Krogerus, 2017) as an example to see the value in understanding your audience – 

especially when one accounts for the wealth of data available to marketers with the rise of 

social media. In much the same way, understanding the psychological make-up of early 

adopters can help marketers to create content that appeals specifically to these personality 

types. 

Rogers’ model (1983; 2003), makes assumptions regarding relationships between a host 

of psychological characterises of individuals and their likelihood to adopt innovative 

technologies. Take for example the predicted relationship between intelligence and 

adoption. Rogers states that, ‘Earlier adopters have greater intelligence than later 

adopters.’ (Rogers, 1983. p. 258). There has been little work that has attempted to directly 

test this prediction. The work that has attempted to test this assertion has either been 
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survey based (Dickerson and Gentry, 1983) or used level of education as a proxy measure 

(Houston et al., 2004). Both of these studies have supported the idea that early adopters 

are more intelligent than later adopters. However, these studies have been flawed in that 

they have relied on small samples, as well as relying on self-report measures of 

intelligence or adoption styles, which are typically prone to self-attribution bias (Miller 

and Ross, 1975). A recent literature review of studies focusing on team dynamics in work 

environments has found that the cognitive intelligence of a group tends to be associated 

positively with measures of team innovativeness (Goyal and Akhilesh, 2007), but there is 

little research concerning links between individual intelligence and innovativeness. An 

understanding of any differences in the intelligence of early adopters may help marketers 

who wish to tailor their campaign to early adopters.  

The same would be true of a thorough understanding of the other psychological 

characteristics that Rogers (1983; 2003) predicts to have associations with technology 

adoption (e.g. rationality and risk attitude). However, no studies have tested these 

assumptions in the context of the adoption of modern digital technologies with large-scale 

natural datasets. In fact, there has been a complete lack of research that has attempted to 

empirically test the relationship between risk-attitude or rationality and technology 

adoption – likely due to the difficulty in measuring these variables. With the current 

availability of large-scale data relating to online behaviour there is a great deal of 

opportunity to empirically test the assumptions of Rogers’ hugely influential model 

(1983; 2003). Other fields have already taken advantage of this type of online data to 

great success; take for example Bollen et al.’s (2011) work regarding social media content 

and aggregated stock buying behaviour that has updated traditional theories relating to the 

relationship between mood and financial behaviour. There is clearly room for this type of 

research in the context of understanding the characteristics that influence technology 

adoption.  

The work in the second paper categorises traders by whether they are mobile app users 

(i.e. ‘adopters’), and identifies behavioural differences between adopters and non-

adopters of a new mobile trading application. The third paper builds upon its findings by 

attempting to identify and quantify a number of the demographic and psychological 

characteristics proposed in Rogers’ model. This is achieved by identifying differences 

between 'early adopters' and 'late adopters’ of the same mobile trading app, within the 

dataset of spread traders. As previously discussed, Rogers (1995; 2003) hypothesises that 

there are differences in intelligence, rationality and risk taking of those who adopt new 
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technologies earlier and later. It is possible to test for the existence of these differences by 

forming proxy variables based on the trading behaviour of individuals that are argued to 

relate to their intelligence, rationality and risk taking, as well as forming a variable which 

indicates how long they took to adopt the mobile app (i.e. whether they are early or late 

adopters).  

Rogers (1983) acknowledged at the time of creating the diffusion of innovations model 

that 'personality variables associated with innovativeness have not yet received much 

research attention, in part because of difficulties of measuring personality dimensions in 

field interviews' (Rogers, 1983. p. 257). However, few attempts since have studied 

psychological or behavioural differences across early and late adopters of new 

technologies. The dataset used in the third paper provides measures of both the 

innovativeness of a large group of individuals as well as providing a host of demographic 

and behavioural variables that relate to the predictions made in the model. This allows a 

unique observation of natural data that helps empirically test claims made in Rogers’ 

(1983; 2003) hugely influential model.  

The little evidence there has been concerning associations between innovativeness and 

decision making behaviour has historically been survey based rather than examining real 

world decision making. The few studies which have been conducted measure differences 

in risk preferences using self-reported measures of risk taking that tend to be extremely 

context specific (e.g. Morrison, 2005; who asked farmers whether they believed a certain 

type of irrigation system was of high risk). This is in spite of the high level of popularity 

of Roger’s (1983; 2003) model, which has been used to help categorise users of a huge 

variety of innovations from high tech products (Guan and Chen, 2010) to healthcare 

services (Barnett et al., 2011). The model is cited over 90,000 times in the scientific 

literature, yet there has been little work to provide evidence for its assumptions, 

especially regarding the psychological characteristics of adopter groups. By comparing 

adopters versus non-adopters in the second paper, and early versus late adopters in the 

third, the paper offers a rare evaluation of Rogers’ (1983; 2003) predictions. This 

evaluation is gleaned from the behaviour of real world financial decision makers, which 

helps to overcome the survey based nature of previous research in the field as well as 

being a novel application of the model, which has never previously been used to help 

understand trader behaviour.  

The analysis from the third paper finds mixed results concerning the demographic 

features of early and late adopters of the mobile trading app. Whereas the model predicts 
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that ‘Earlier adopters are no different from later adopters in age’ (Rogers, 2003. p. 288) 

and that ‘Earlier adopters have higher social status than later adopters.’ (Rogers, 1983. p. 

251), the results show that early adopters are likely to be younger than later adopters and 

that there is only a weak relationship between early adoption and wealth. Further to this 

the results do not offer support for Rogers’ predictions relating to the proposed 

psychological differences between early and late adopters, with results showing that 

adoption stage is not predictive of any of the measures relating to trader rationality, risk 

taking or intelligence. The paper makes arguments as to why these findings have occurred 

and comments on the implications for the diffusion of innovations model as well as 

offering suggestions for how these types of models can be improved.  

This thesis provides evidence that human decision making behaviour can be better 

understood by categorising decision makers by both their experience levels, and by their 

technology adoption and use. The findings from the studies in this thesis serve to 

empirically assess influential models of human decision making. The first paper fills a 

gap in the literature concerning how the likelihood of traders exhibiting house money 

effects changes with experience. The findings from the second and third paper, help to 

build a clearer picture of the links between technology adoption and decision making 

behaviour that are hypothesised in the influential diffusion of innovations model (Rogers, 

1995; 2003) but have so far been poorly researched. The findings from these studies 

provide important advancements in our theoretical understanding of human decision 

making, as well as offering actionable insights which can be of use from both a 

commercial and a policy perspective.  

The results of the second and third papers can be of value in a number of ways. Firstly, 

there is the competitive advantage that can be gained by companies who understand the 

early adopter well. This understanding can be used to help purposefully create products 

and marketing that are designed to suit the characteristics of early adopters. A less 

obvious usage of the findings could be to help to understand the ‘digital divide’. The 

‘digital divide’ is the economic and social inequality in access to and the ability to use 

new digital technology (Norris, 2001). This is becoming more commonly viewed as an 

important societal issue and is argued to be negatively effecting the prospects of certain 

groups (Bélanger and Carter, 2009). Current research mainly focuses on the demographic 

factors that influence people to not use new digital technologies (e.g. Livingstone and 

Helsper, 2007). More recent research has hinted that the digital divide is starting to 

disappear, as more and more people across income and class categories gain regular 
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access to the internet and digital technologies (Van Deursen and Van Dijk, 2014). 

However Van Deursen and Van Diik’s (2014) survey found that although differences in 

access to the internet have started to decrease, there are still clear differences in types of 

usage of the internet across certain groups. The findings of the third paper in particular 

will help to shed some light on the psychological factors that may encourage or limit 

certain groups to adopt innovative technologies, whilst the second paper offers insight 

into the subtle differences in behaviour exhibited by those who do and do not adopt novel 

digital technologies. This understanding should help future policy makers in building 

research-based policy that helps to limit the digital divide.   

The findings presented across the three papers, regarding the behaviour of individual 

investors, should be of value to governments and indeed, anyone who has an interest in 

limiting the harmful effects of gambling and investing (e.g. gambling problem charities 

like GamCare). Although the results relate to individuals making spread bets on whether 

stock prices or currency values will rise or fall, the line between this type of spread 

betting/trading and traditional gambling is blurry. The only difference is the content of the 

event that a bet that is being placed on (e.g. a football team versus a stock price). Further 

to this, the nature of spread betting means that the losses that individuals can experience 

are essentially unlimited. There are countless stories online of normal people with 

average salaries losing hundreds of thousands of pounds spread betting on financial 

instruments. Take for example the UK teacher with a salary of £18,000 a year losing 

£280,000 spread trading on currencies (Lynch, 2015). For this reason, it is important for 

regulators to understand the behaviour of investors and gamblers as well as the 

psychological forces that shape their behaviour. This understanding should be used to 

inform the creation of policies to limit the possible harmful effects of gambling.  

The findings from the second paper are particularly poignant in this respect. The finding 

that traders are significantly more likely to exhibit the HME when using a mobile app to 

trade (cf. desktop web browser) is unique in that it is the first study to identify this type of 

pattern. No other published work has examined the effects of mobile app use on quality of 

individual decision making. This is in spite of the huge amount of money staked through 

mobile gambling in the UK. A Deloitte study (2015) found that 29% of the UK 

population has at some point used a mobile device to gamble, and expects the use of 

mobile devices to overtake retail betting in the coming years. Deloitte estimate that the 

worldwide gaming and gambling industry is worth $417 billion, with online channels 

currently accounting for $33.8 billion. It seems from this that mobile and online gambling 
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is a relatively small part of the overall gambling landscape, but they also identify the UK 

as one of the biggest adopters of online gambling – making up for 8% of revenues from 

online gambling worldwide. Delloite (2015) reported that William Hill (a major UK 

gambling operator) saw a 110 per cent rise in sports bets made using their mobile app in 

2013 and that 47 per cent of Paddy Power’s 2013 online revenue came from mobile 

channels and two thirds of their customers had made at least one transaction on a mobile 

device. The use of mobiles for gambling is clearly on the rise and Deloitte (2015) predict 

that mobile gambling will ‘cannibalise’ traditional retail gambling over the coming years, 

as has been the case in other industries.  

The UK gambling market is made up of relatively few operators who have a large market 

share – the five largest UK gambling companies account for half of the market. This 

means there is a lot of opportunity for implementing regulatory change in this industry by 

adapting the behaviour of a relatively small number of companies. It could be argued that 

the regulatory landscape has not kept up with the fast-paced changes in the industry. 

Online gambling in the UK only began being officially regulated in 2005, with the 

introduction of the Gambling Act (Light, 2007). Current UK law states that online 

gambling is regulated by the ‘place of supply’ (Deloitte, 2015). This means that offshore 

gambling operators are able to serve UK customers, without having to comply with UK 

policy. This is highlighted with the visual differences seen between the regulations of 

online and offline gambling in the UK. Physical bookmakers are required to clearly signal 

the dangers of gambling on the front of their stores, this is often seen in large yellow 

adverts that are placed on the windows of high street betting shops. The purpose of this is 

to remind gamblers of the addictive nature of gambling and the harms that can be 

associated with it. However, there are often no such warnings on the front of web pages 

and betting apps created by offshore gambling companies that serve UK customers.  

The mobile app gambling market is growing and it is important that the policies formed 

to protect from the harmful effects of traditional gambling are able to translate to this new 

form of gambling. The findings from the second paper suggest it is not sufficient to treat 

mobile app gambling as equivalent to traditional retail gambling, particularly as there 

seems to be a higher risk of irrational decision making behaviour associated with it. 

Further to this, the line of research in the third paper aims to better understand the 

characteristics of those who adopt mobile apps for spread trading. This type of knowledge 

can be used not only to inform policy, but also to effectively target advertising campaigns 
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that are aimed to better inform the people that are most at risk from the dangers of mobile 

gambling.  

The second and third papers aim to highlight the characteristics of mobile app adopters 

and the behavioural differences associated with mobile app use through large scale data 

analysis of spread traders. The results suggest that mobile app use is associated with 

higher instances of irrational decision making behaviour, however the methods and data 

used are not sufficient to explain the reasons behind this phenomenon. Unfortunately 

there is little work in this area that helps explain why humans behave differently across 

different digital devices. However, it has been suggested that the speed, memory and 

functionality differences attributable to mobile devices have an effect on the way they are 

used to access information when compared to other device types (Napoli and Obar, 

2014).  This could be a reason why differences are found in decisions made across 

devices in the second paper.  

The fact that mobile devices are characterised by smaller screens may mean that the 

tendency for thorough information searching prior to executing a decision is reduced 

compared to the type of searching behaviour used on a desktop Arguably, desktops, with 

their larger screens, are better suited for viewing multiple streams of information (e.g. 

through multiple tabs on a web browser) simultaneously. This could lead to more 

thorough and thought out decision making processes being associated with desktop use. 

Further to this, the fact that mobile devices are generally used while a person is on the 

move may encourage quicker and potentially more impulsive decisions to be made 

compared to those made while in a stationary location. Potentially mobile apps, with their 

small screens and limited ability for thorough information search, could be prone to the 

use of the more spontaneous ‘System 1’ thinking that is described as, ‘fast, automatic, 

effortless, associative and often emotionally charged’ (Kahneman, 2003, p. 1451).  If this 

is the case it could help explain the higher instances of irrational decisions made on 

mobile devices in the results of the second paper. However, this is hard to conclude 

purely from the results presented in the study. More work needs to be done in this area in 

order to understand the reasons behind the differences in mobile and non-mobile decision 

making. This could potentially be achieved through mixed-methods research in which 

laboratory experiments or surveys are used to understand the thinking processes 

associated with mobile versus non-mobile information searching behaviour, alongside the 

types of real-world decision making data analysis used in the studies in this thesis.  
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A key characteristic of mobile app use is the tendency for users to engage in sporadic 

‘checking’ behaviour throughout the day (Bohmer et al., 2011). Smartphone users tend to 

use apps for about 1-2 minutes at a time over multiple sessions throughout a day, totalling 

around 1 hour in total per day. Psychological research concerning gambling argues that a 

sporadic reward schedule with longer time periods between experiencing rewards can 

lead to addiction and ‘habitual or problematic’ behaviours (James et al., 2016.). In this 

sense, it could be that the use of a mobile trading app can encourage longer delays 

between rewards and therefore foster some level of impulsivity, which leads the trader to 

make less informed decisions. This could be another explanation for the results seen in 

this thesis and should be a point of further study in the field. This is especially relevant 

with the growing research concerning ‘smartphone addiction’ (Lin et al., 2017; Samaha 

and Hawi, 2016).  

The growing trend of research exploring the phenomenon of smartphone addiction has 

been formalised with the recent creation of a Smartphone Addiction Scale (Kwon et al., 

2013), used to test individuals who may be experiencing harm from excessive smartphone 

use. This scale accounts for, daily-life disturbance, positive anticipation, withdrawal, 

cyberspace-oriented relationship, overuse, and tolerance. It treats the self-destructive 

overuse of smartphones in a similar manner to how drugs are treated in similar self-

testing scales within psychological research. This is an emerging area of research and no 

work has yet been done to assess whether there is an intersection between smartphone 

addiction and problem gambling. Due to the nature of problem gambling and the type of 

sporadic checking behaviour associated with smartphone use, and particularly smartphone 

addiction, it seems mobile gambling has the potential to be particularly problematic. The 

results from the second paper help support this argument. Future research in the field of 

smartphone addiction could integrate the type of methods used in these papers in order to 

better understand the types of harmful effects that may stem from excessive smartphone 

use.   

 

Sporadic checking and use of a gambling app may have the potential for increased harm 

when compared to traditional retail gambling. Understanding the differences in how 

people interact with content across different devices is particularly important for helping 

to understand the growing issues surrounding excessive smartphone use. Although there 

is a wealth of evidence that suggests that excessive smartphone use can be harmful to 

individuals (e.g. Lin et al., 2017; Samaha and Hawi, 2016) there has been no work that 

has looked at the effects of excessive smartphone use regarding financial decision making 
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quality. This is of particular importance with the rise of ‘FinTech’ or financial 

technology. Financial technology, often in the form of mobile apps that are used for 

banking, investing or tracking finances is becoming an integral part of our financial 

system (Arner et al., 2015). As mobile banking and FinTech becomes more widespread, it 

is important to understand any persistent behavioural differences that are associated with 

the use of different online platforms for financial decisions.  

 

The studies across all three papers in this thesis are exploratory in that they are unique 

attempts to validate psychological theories of decision making through analysis of large 

scale financial consumer data. The papers exhibit that this type of natural data can be 

extremely useful for examining theories that have traditionally been limited to support 

from laboratory or survey based studies, as well as helping to inform policy in areas that 

are lacking empirical evidence. From this perspective, there are many opportunities for 

the use of large-scale commercial data to explore not only financial trading, but also for 

forming and evaluating theories of decision making behaviour in general. This has 

already started to happen, take for example Bollen et al.’s (2011) seminal work 

examining the link between public mood, as measured by sentiment analysis of a nation’s 

tweets, and prices in the stock index of that nation. The results of which helped to 

improve the current understanding of the link between human mood and decision making 

behaviour. This kind of use of large-scale online data allows the measurement of 

variables that were previously either impossible to measure, or were limited to surveys 

with small sample sizes. It should be noted however that these new methods come with 

their own limitations. Often, the most valuable data gathered from online behaviour is 

owned by large companies who have little to no interest in sharing the data with 

researchers (e.g. Google and Facebook). This will likely be emphasised after the recent 

scandals regarding Facebook’s recent (2017) alleged exploitation of data that they 

allowed a UK researcher to gather on their system (Adams, 2018). It is likely that these 

large corporations will be making use of some of the largest datasets ever collected 

regarding human characteristics and interpersonal behaviour and will gain great 

commercial reward from doing so. It is important that academics don’t get left behind in 

this process and make their own efforts to gather their own data from online applications 

or collaboration with large organisations who hold these datasets. Otherwise large 

companies will form a ‘monopoly’ of psychological insight.  

In an age of big data where many companies are sitting on huge amounts of consumer 

data, there are surely possibilities for these types of data to be used more effectively to 
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help aid in testing and building scientific theories relating to human behaviour, as has 

been shown in this thesis. It would be unfortunate if these datasets were only used to 

gather commercial knowledge to help create better-targeted advertising campaigns and 

product development for example. There are huge opportunities to leverage these new 

large-scale datasets of human behaviour to help improve public knowledge and shape 

policy and interventions through empirical evidence gleamed through large scale data 

analysis.  

The work in this thesis highlights how analysis of consumer trading records can gather 

insight about human decision making behaviour which can be potentially valuable 

commercially as well as valuable from a policy making perspective. Equally, data from 

social media companies, banks and government organisations could be used for similar 

research initiatives that could benefit policy making. Although the use of corporate data 

by academics is rare, the UK government has made great strides in providing ‘Open Data’ 

from a wide variety of governmental sectors through the data.gov.uk portal. Datasets 

from across a range of governmental departments are collated on the online portal in 

machine-readable formats. These data sets range from Food Standards Agency data 

concerning the hygiene ratings of restaurants across the country, to data describing road 

traffic across London. It is free and the datasets are available for anyone to download. 

The data from this portal has been analysed by individuals, academics and private 

institutes to generate new knowledge and applications in fields such as energy, education 

and the environment (Krishnamurthy and Awazu, 2016). It has been successful in 

‘liberating’ previously inaccessible data. There have been similar movements across the 

world and currently more than 44 countries have similar portals (Krishnamurthy and 

Awazu, 2016). McKinsey estimate that the commercial value in releasing this type of 

government data for use by anyone could have a global economic benefit of $3 trillion 

(Newcombe, 2015). This valuation is based on the hugely valuable applications that can 

be built on top of the type of data that governments typically hold. 

Unfortunately there hasn’t been a similar ‘open data’ movement to liberate commercial 

data held by private companies, which could arguably be much more useful for 

generating valuable scientific insight. There are obviously economic and privacy-based 

reason for this – it would be both unprofitable and dangerous for a large bank to release 

all of their customers’ banking records for example. However, there is some hope that in 

the future, anonymised parts of these types of data could be made accessible to help 

analyse private data in a way that can be valuable to both the companies who release it 
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and the academics who could use it. This would hopefully generate many more 

opportunities for academics to produce novel research with large-scale data, as has been 

the case with the work in this thesis.  
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2 Chapter 2: The role of trader experience in the house 

money effect 

 

2.1 Abstract 

The tendency to increase risk taking following profitable periods has been termed the 

‘house money effect’ (HME). A key question surrounding the HME that has not been 

adequately addressed is how it is influenced by trading experience. No studies have so far 

been able to assess differences in the HME between inexperienced and experienced 

traders, largely due to difficulties in acquiring longitudinal individual trading records. The 

study benefits from a dataset of over 5,000,000 real world trading decisions made by 

14,407 individuals over a nine year period. This paper is able to compare the degree of 

the HME amongst individuals who have various levels of trading experience, ranging 

from beginners to highly experienced traders. It provides evidence for a non-linear 

relationship between trading experience and the HME. This relationship between 

experience and HME is similar to the relationship predicted by Gervais and Odean (2001) 

in their theory of the development of trader overconfidence. 
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2.2 Introduction 

2.2.1 House money effect 

The tendency for decision makers to increase risk taking after experiencing profits was 

termed the 'house money effect' (HME) by Thaler and Johnson (1990). In providing 

evidence for the HME, Thaler and Johnson (1990) ran laboratory studies which explored 

the gambling behaviour of participants following profits and losses. They found that after 

experiencing profits, participants were more likely to increase their risk taking in 

subsequent gambling decisions. This is argued to be an irrational response as there is no 

reason why previous outcomes should increase the likelihood of the subsequent gamble 

being successful. More recent studies have shown the existence of the HME in laboratory 

studies (e.g. Ackert et al., 2006) and in studies of real world financial decision making 

behaviour (Massa and Simonov, 2005; Hsu and Chow, 2013; Duxbury et al., 2015).  

 

Thaler and Johnson (1990) explain the HME as being due to a form of mental accounting 

in which money belonging to an individual can be mentally separated into different 

‘accounts’ depending on the source of income.  Individuals that exhibit the HME are 

argued to consider money that has been won differently to money that has been earned 

and thus are willing to take more risk with the former. Thaler and Johnson (1990) argue 

that this tendency fits in with prospect theory (Kahneman and Tversky, 1979), and the 

concept of ‘hedonic editing’ in which risk tolerance can be context dependant.   

  

There have been some attempts to assess how the HME varies across different groups. 

Lam and Ozorio (2013) assessed the betting choices made by male and female 

participants in a laboratory-based gambling environment and found differences in the 

HME, with males being more likely than females to increase risk following periods of 

gains. However, in comparison to other biases, such as overconfidence (Gervais and 

Odean, 2001), individual differences associated with the HME have received relatively 

little attention. Other than gender, trading experience is the only other factor which has 

been examined and, as discussed in the next section, the existing research has serious 

limitations. 
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2.2.2 The influence of experience on decision making 

The intuition that individuals improve the quality of their financial decisions with 

experience has been challenged by findings that have shown a tendency for more 

experienced decision makers to perform worse than their less experienced counterparts. 

There has been evidence that has shown less experienced mutual fund managers to 

perform as well as or better than their more experienced counterparts (Chevalier and 

Ellison, 1999; Boyson, 2003). However, these findings are limited, in that they do not 

identify the ways in which decision-making behaviour is altered with experience; rather 

they simply identify the differences in outcomes (i.e. profits). Some studies in the 

behavioural finance literature have attempted to assess whether financial traders become 

less susceptible to common decision-making biases as they become more experienced. 

Again, the results have shown an unexpected pattern in that experience has generally not 

helped to reduce the extent to which individuals are susceptible to these biases. For 

example, there have been mixed results concerning whether trading experience decreases 

the tendency to hold losing positions too long and to close profitable positions too quickly 

i.e. the disposition effect. Chen et al. (2007) found no influence of trading experience on 

the disposition effect and Da Costa et al. (2013) showed a non-linear relationship in 

which only highly experienced traders were likely to show lower than average disposition 

effects. Chen et al. (2007) also showed that trading experience does not decrease the 

representativeness bias i.e. the false belief that past returns are indicative of future 

performance.  

 

Gervais and Odean's influential (2001) model of the development of trader 

overconfidence makes the prediction that traders initially increase in overconfidence (i.e. 

the skewed belief that past profits were attributable more to their own skill than by 

chance) with experience. However, their model predicts that further trading experience 

leads traders to become more realistic in their trading abilities and, as a result, they make 

more rational trading decisions. Evidence to support this theory has been limited and 

studies have reported mixed results. In particular, some studies have found that 

overconfidence decreases with trading experience (Locke and Mann, 2001; Christoffersen 

and Sarkissian, 2002; Gloede and Menkhoff, 2014) and others have found that it increases 

(Deaves, Lüders and Schröder, 2010).  

  

Many of the studies that have attempted to explore the association between trader 

experience and behavioural biases such as overconfidence have been unable to assess 
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whether the effects reported apply to groups of individuals with varying experience of 

real-world trading activity. For example, these studies have either been survey-based  

(e.g. Deaves, Lüders and Schröder, 2010; Gloede and Menkhoff, 2014) and/or they have 

only analysed already experienced traders (Locke and Mann, 2001; Christoffersen and 

Sarkissian, 2002; Chen et al., 2007) and/or they have been conducted in laboratory 

situations under artificial trading conditions (e.g. Glaser et al., 2007).  

 

Only one study has explored the effects of trader experience on the HME (Locke and 

Mann, 2001). However, the study was limited to decisions made by 334, largely 

experienced, professional traders over a period of 1 year and grouped traders by the 

number of days they traded in that period. Locke and Mann (2001) found little evidence 

of the HME amongst their sample and suggested that it was difficult to discern 

differences in the HME amongst more and less experienced traders due to the nature of 

their dataset which consisted of mainly experienced traders. However, they did find that 

the most experienced within this group were the least likely to exhibit the HME. This 

finding fits with Gervais and Odean’s (2001) predictions that highly experienced traders 

seem to become less susceptible to overconfidence with increasing experience. However, 

this finding is not able to offer support for Gervais and Odean’s (2001) prediction of a 

reversed relationship between experience and the HME within less experienced traders. 

 

Locke and Mann's (2001) study focused on professional futures traders. There has been 

evidence that there are differences in the ways that professional and retail traders 

experience psychological biases in decision making   (Menkhoff et al., 2013). It is 

possible, for example, that because professional futures traders often trade with others 

money, that this may limit observation of differences in the HME. In particular, trading 

with other's money could arguably be viewed in a similar way to trading with house 

money. As Thaler and Johnson (1990) point out, the loss of ‘house money’ is not 

mentally accounted for in the same way as personal money which has been accumulated 

via other activities. This may explain the lack of HME displayed in Locke and Mann’s 

(2001) study compared to that found in most studies of individual retail traders (e.g., 

Massa and Simonov, 2005; Hsu and Chow, 2013; Duxbury et al., 2015). In summary, the 

Locke and Mann (2001) study does not present convincing evidence concerning the effect 

of experience on the HME. This paper sets out to fill this gap in the existing knowledge.  
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2.3 Hypotheses 

One could expect that traders become less susceptible to decision-making biases with 

trading experience. However, several studies do not support this assumption. For 

example, Chen et al. (2007) showed that more (cf. less) experienced Chinese investors 

show similar susceptibility to the representativeness bias and overconfidence. Further to 

this, Da Costa et al. (2013) showed that trading experience does not decrease the 

occurrence of the disposition effect within less experienced traders, although they did find 

highly experienced traders to show decreases in the disposition effect.   To some extent, 

Gervais and Odean’s (2001) model of the development of trader overconfidence predicts 

these counter-intuitive results. Their model predicts that traders will initially show 

increases in overconfidence with trading experience. However, it also predicts that after a 

certain level of experience, the relationship will reverse and traders will show less 

overconfidence with further experience.  

  

It is expected that similarly to recent studies examining other decision biases, there will 

be a positive relationship between trader experience and susceptibility to the HME, at 

least within the less experienced traders as predicted by Gervais and Odean’s (2001) 

model.  The model predicts that individuals are most psychologically susceptible to their 

own previous profits in the earlier stages of their trading career. They predict that over the 

early stages of a trading career profits are mentally accounted for differently to losses, 

allowing a false impression of trading skill to grow. To explore this view this paper tests 

the following hypothesis: 

 

Hypothesis 1: There is a positive relationship between trader experience and the 

likelihood of traders exhibiting the HME. 

 

Hypothesis 2 attempts to characterise the relationship between experience and HMEs 

within the most experienced traders. Gervais and Odean’s model of overconfidence 

predicts that there is a negative relationship between experience and overconfidence 

within the most experienced traders. From this it is predicted that there will be a negative 

relationship between experience and HMEs within the most experienced traders in the 

dataset.  

 

Hypothesis 2: There will be a negative relationship between trader experience and the 

HME amongst highly experienced traders.  
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2.4 Methodology 

2.4.1 Source and Nature of data 

The data employed to test the hypotheses consists of the trading records of 14,407 clients 

of a UK spread trading company over a nine-year period (2004-2013). Spread trading 

companies offer a spread of prices (a buy and a sell price) on a variety of financial 

indices. Traders gain or lose money according to the change in the value of the index. For 

example, if a trader believes that the value of an index will rise, they open a position by 

‘buying the index’, if the price rises then their investment will be worth their initial stake 

multiplied by the number of points the index value has risen.  The trader can close their 

position and take a profit or a loss depending on the direction the price has moved. The 

dataset includes the date and time each trade was opened and closed, as well as how much 

was staked and how much profit or loss was made. 

 

Trades in the dataset cover three currency exchange markets (EUR/GBP, GBP/USD, 

USD index) as well as two indices (DAX and FTSE). Trades from all of these markets are 

included as the focus of this study is on measuring the extent to which traders are 

influenced in subsequent trading by any prior outcomes during a given session. 

Consequently, trades made in different markets by the same trader are treated equally. 

The full dataset covers 8,404,359 trades made between 2004 and 2013. A subset of 

5,637,469 relevant trades is employed in this study by selecting only ‘active traders’ as 

described later in this section. 

 

2.4.2 Definition of daily trading sessions 

Each trader’s daily trading activity is separated into an observation period and a 

consecutive measurement period, as is common in literature exploring the effects of 

previous profits on subsequent decision-making (Locke and Mann, 2001; Wen et al., 

2014). In particular, the profits (losses) that a trader experienced on trades closed in a 

period of time (observation period) are aggregated as well as the total amount staked in a 

consecutive period (measurement period) during a single day. This is necessary in order 

to assess whether the amount a trader stakes in a given period is affected by profits or 

losses in a previous time period.  

 

Most retail spread traders close positions on the same day that they open them. In the 

current dataset 93% of trades are closed on the same day as they are opened. It is likely, 
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therefore, that spread traders’ mental accounting is largely confined to a single day. 

Consequently, in line with previous studies (e.g., Locke and Mann, 2001; Wen et al., 

2014), each individual’s trading records are split into daily sessions and it is determined 

whether they exhibited the HME in a given session. Results are reported based on daily 

observation and measurement periods of 8am to 2pm and 2pm to 5pm, respectively. 

However, in the interest of robustness all of the analyses are repeated with two further 

observation/measurement combinations: 8am to 10 am/10am to 12pm and 8am to 

12pm/12pm to 5pm. Any qualitatively different results are reported.    

2.4.3 Active traders 

The aim of this paper is to observe the influence of experience on the HME and, therefore 

the dataset is restricted to include only individuals who traded actively, defined as those 

who executed trades in at least ten separate daily trading sessions. This enabled reliable 

measures to be gathered of average profits/stakes for each trader and avoided 

contamination of results via the inclusion of traders who opened an account and then 

discontinued trading after only a few trades.  

 

In order to assess the HME, daily trading sessions for a selected trader were only included 

in the sample if one or more closed trade(s) were executed in the observation period. If an 

individual did not open any trades in the subsequent measurement period, this was treated 

as a zero stake when measuring the trader’s median stakes in measurement periods.  

 

As a result of applying these criteria, it was possible to analyse 907,683 trading sessions, 

containing a total of 5,637,469 trades by 14,407 unique traders.  

 

2.4.4 The house money effect 

Thaler and Johnson (1990) suggest that a decision maker displays the HME if they 

increase from their normal risk taking after experiencing high profits. There are large 

individual differences in mean observation period profits between traders in the dataset 

(SD=272.12). For this reason, a benchmark is created for each trader of what constitutes a 

‘highly profitable’ observation period relative to his/her own trading history. To create 

this benchmark the method of Locke and Mann (2001) is followed. Locke and Mann 

identified the top quintile (20%) of each traders’ history of observation periods as highly 

profitable periods (HPPs) in terms of profits secured. This method allows the assessment 
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of whether a given trader increased their risk taking in the measurement periods that 

follow these HPPs.   

 

The definition of the HME is, therefore, an increase from normal levels of risk taking 

(stakes) following periods of abnormally high profits. For this reason the analysis is 

limited to focus only on those observation periods that were highly profitable (HPPs) and 

their corresponding measurement periods.  

 

For each measurement period following a HPP of an individual included in the sample, it 

is identified whether the stakes risked on new trades by the individual in the subsequent 

measurement period were greater than the average stakes they had placed in previous 

measurement periods. The median is employed as an average measure rather than the 

mean in order to limit the influence of days of extraordinary trading. A binary measure is 

derived (HM), that takes the value 1 if the total value of the stakes risked on trades 

opened in the measurement period exceeded the median stakes they had placed in 

previous measurement periods, and 0 otherwise. An HM value of 1 is, therefore, an 

indication that the trader has exhibited the HME.  

 

2.4.5 Definition of Experience 

An ‘experience indicator’ is determined for each daily trading session of each individual. 

As a proxy for experience, the total number of trades executed with the spread trading 

company by this individual is used. This covers their first trade recorded in the database 

up to the commencement of a given daily trading session. It is important to note that it is 

possible that individuals will have gained experience from other sources of trading for 

which we do not have records of (e.g. with other companies). Clearly, this cannot be 

accounted for. However, the longitudinal nature of the study makes it possible to see the 

effect of increases in trading experience of a given trader with this company over a nine 

year period. This represents a significant improvement on studies which have been 

limited to less accurate measures of trading experience. For example, Locke and Mann, 

(2001) were limited to total number of trades within only one year as a measure of trader 

experience and were only able to measure the records of professional, experienced 

traders. This was justified as appropriate as the authors were happy to focus on this group 

in order to test specific assumptions of a certain model, however the data used in the 
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current study allows the analysis of individuals who trade both irregularly and regularly. 

This means that the effects of very small amounts of additive experience can be measured 

as well as the effects of much higher amounts of extra experience.   

 

There was a large variation in trader experience across the trading sessions in the dataset 

(Mean = 2770.96, SD = 4509.07). Further to this, there was a heavy negative skew, with 

many traders being at the lower end of the experience scale. Consequently, the log of the 

number of trades executed is used as the measure of trading experience (Exp, Mean = 

7.16, SD = 1.28). This enables a clearer interpretation of results whilst still maintaining 

the relative differences in experience between traders  

In order to test the second hypothesis, the analysis focuses only on the most experienced 

traders in the dataset. For this reason, in all analysis relating to the second hypothesis 

(Model 2 and Null Model 2) analysis is limited to only include sessions in which the 

traders Exp values are in the top 20% of all the sessions in the dataset. In the interests of 

robustness, Model 2 is estimated again, with the data restricted to the next most 

experienced group of traders i.e. those who fall in the next 20% of Exp values. The results 

of this robustness check are reported in the appendices.  

 

2.4.6 Models 

To test the first hypothesis, models are built to represent the relationship between trader 

experience and the probability of a trader increasing stakes following high profits in a 

given trading session (i.e. HME). An individual can have multiple trading sessions across 

different days. This data format lends itself to the use of linear mixed models (LMMs). 

LMMs allow the use of intercept terms to allow for the possibility of different baseline 

response values for each factor. In the context of this study, this means that it is possible 

that the effects of additive experience on a trader exhibiting the house money effect can 

differ depending on the day’s trading conditions and the usual trading behavior of the 

individual. By including an intercept term specific to the trading day, a new baseline for 

the likelihood of a trader exhibiting the HME can be generated specific to that day. This 

is useful as it allows for the effect of experience to be isolated over and above the effects 

of any prevailing market conditions that may have influenced the set of traders on a given 

trading day. Further to this an intercept term specific to the individual trader is included to 
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assess the extent to which a trader deviates from their usual behavior on a given day. 

Again, this allows the effects of additive experience to be isolated, separate to any 

baseline differences in HME likelihood between traders.    

 

The first set of models attempts to address whether there is a positive relationship 

between the experience of trader j at day d prior to trading session i (Expijd) and the 

probability that they exhibit the HME in d’s measurement period (following a highly 

profitable observation session). The dependent variable, therefore, is the binary measure 

HMijd.  

 

Two additional fixed effects are included in order to account for findings concerning 

differences in risk taking between genders (Lam and Ozorio, 2013) and age groups 

(Vroom and Pahl 1971; Shum and Faig. 2006). The fixed effect for gender is a binary 

indicator, Gen, taking the value 1 if the trader is male and 0 if female. The fixed effect for 

age (Age) is also a binary indicator, taking the value 1 if the trader is older than the 

median age (51 years old) of all traders in the data set, as measured at the last day of the 

dataset, and 0 otherwise. Age is treated as a binary variable in order to limit the extent to 

which experience and age overlap in the model, as it is likely that older traders are more 

likely to have executed more trades than younger traders. This approach accounts for age 

differences in the risk-taking behavior of traders, whilst allowing for a main effect of 

trader experience. 

 

The first hypothesis is tested by estimating the following linear mixed model (Model 1), 

which attempts to quantify the influence of trading experience (Exp) on the likelihood 

that a trader will exhibit the HME (HM) for trader j in session i, on day d. The mixed 

linear model assumes that intercepts can vary between traders and trading days. This is 

accounted for by the error term 𝜀𝑖𝑗𝑑 which allows baseline HM measures to differ 

depending on the trading day and the trader. This allows for the additive effects of 

experience to be isolated while controlling for the both the impact of variations in daily 

trading conditions and individual differences in HM likelihood between traders. Further 

to this, predictor variables relating to the age (Age) and gender (Gen) are included in the 

model in order to account for the associations found in previous research between these 

variables and the likelihood of a trader exhibiting the HME.  
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2.4.6.1 Model 1 

𝐻𝑀𝑖𝑗𝑑 =  𝛼𝑗𝑑 + 𝛽1 𝐸𝑥𝑝𝑖𝑗𝑑 + 𝛽2 𝐴𝑔𝑒𝑖𝑗𝑑 + 𝛽3𝐺𝑒𝑛𝑖𝑗𝑑 + 𝜀𝑖𝑗𝑑  

 

In order to evaluate whether experience influences the degree of HME displayed, a nested 

model is estimated that does not include experience as a fixed effect (Null Model 1). An 

ANOVA is then used to compare how well Models 1 and 2 fit the data, which allows the 

importance of the experience variable to be assessed. 

 

2.4.6.2 Null Model 1 

𝐻𝑀𝑖𝑗𝑑 =  𝛼𝑗𝑑 + 𝛽2 𝐴𝑔𝑒𝑖𝑗𝑑 + 𝛽3𝐺𝑒𝑛𝑖𝑗𝑑 + 𝜀𝑖𝑗𝑑 

 

In order to test hypothesis 2, namely, that there is a negative relationship between 

experience and HMEs amongst the most experienced traders, a second set of models is 

estimated. The dataset for these models (Model 2 and Null Model 2) is limited to only 

include trading sessions of the most experienced traders (i.e. those whose executed trades 

up to the current trading session at the point of analysis i.e. (session i), indicate that they 

are in the top 20% most experienced traders)2. Gervais and Odean’s (2001) model 

regarding the development of overconfident reactions to previous trading outcomes 

argues that overconfidence will increase early in a trader’s career and then gradually 

decrease with further experience. Therefore by isolating a section of the most experienced 

traders and assessing the effects of further experience on their chance of showing 

overconfident reactions to previous outcomes (i.e. the house money effect), this 

assumption can be tested. Model 1 is re-estimated using the restricted dataset and the 

resulting model is presented as Model 2. A null model is also estimated that does not 

include a fixed effect for experience (Null Model 2) using this restricted dataset. This 

allows the possibility of using an ANOVA to compare which of these models best fits the 

restricted dataset, enabling judgement of whether experience is a significantly important 

predictor of HMEs amongst the most experienced traders.  

                                                   
2 Trading sessions executed by traders in the top 20% are those in which the trader has executed more 

than 5114 trades in their trading history. 
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2.5 Results 

 

2.5.1 Descriptive Statistics  

 

Table 1 displays the mean profits/stakes across all observation and measurement periods 

and Table 2 displays the mean stakes/profits in measurement periods which immediately 

preceded highly profitable observation periods (HPP). Means are presented across all 

traders as well as means for sessions involving the most and least experienced traders. 

The ‘most experienced’ traders are defined as those traders whose experience is in the top 

20% of the distribution of number of trades (>5114 previous trades) and the ‘least 

experienced’ as those in the bottom 20% of the distribution of number of trades (<121 

previous trades).  The results of t-tests are presented alongside, showing the comparisons 

of means for the most and least experienced traders for each measurement.  

2.5.1.1 Table 1 – Means across HPP and non-HPP sessions 

                                                   
3 Independent 2-group t -test comparing observations from the most and least experienced traders  

Means across all sessions Overall Most 

experienced 

traders 

Least 

experienced 

traders 

t-test results 3  

Profit/loss per observation period 

(GBP)   

-9.07 -15.11 -7.55 t = -2.67, p < 

0.05 

Stakes per measurement period 

(GBP)   

8.94 18.22 2.77 t  = 57.08, p < 

0.05 

No. of closed trades per 

observation period 

3.92 6.79 2.16 t  = 154.14, p < 

0.05 



49 

 

 

 

2.5.1.2 Table 2 – Means from HPP sessions only  

Means in HPP sessions 4 

 

Overall Most 

experienced 

traders 

Least 

Experienced 

traders 

t -test results 5 

Profit/loss per 

observation period (GBP) 

226.33 294.83 148.28 t  = 24.24, p < 

0.05 

Stakes per measurement 

period (GBP) 

14.89 31.66 4.10 t  = 31.35, p < 

0.05 

No. of closed trades per 

observation period 

5.06 9.61 2.47 t  = 77.07, p < 

0.05 

No. of opened trades per 

measurement period 

2.66 5.01 1.40 t  = 63.48, p < 

0.05 

 

The descriptive statistics and t -tests in Tables 1 and 2 show that more experienced 

individuals tend to trade significantly more often and with significantly higher stakes. 

Further to this, more experienced traders experience higher losses across observation 

periods, as well as higher profits in HPP sessions than less experienced traders. These 

consistent differences in the staking and profit levels of more and less experienced 

traders, highlight the importance of measuring ‘abnormal’ total stakes and total profits 

based on individual trading histories, in order to accurately identify the extent to which 

experience is influencing HME likelihood. This paper’s method for assessing HMEs 

                                                   
4 Sessions in which the observation period was in the top 20 per cent most profitable observation 

periods that the trader had experienced up to the point of analysis  
5 Independent 2-group t -test comparing observations from the most and least experienced traders  

No. of opened trades per 

measurement period 

2.29 3.93 1.33 t  = 136.15 , p < 

0.05 
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allows for this by measuring a historical median for individual stakes that is updated with 

each trading session. Consequently, it is possible to isolate any changes in median staking 

behaviour following abnormal profits (relative to an individual’s trading history) and to 

examine the relationship with experience.   

2.5.2 Model Results 

Model 1 and Null Model 1 were estimated using all the data in the dataset. A comparison 

of how well the models fit this data is achieved through conducting a log-likelihood ratio 

(LLR) test. The results presented in Table 3 demonstrate that Model 1, which includes 

trader experience as a fixed effect,  is significantly better at accounting for differences in 

the dependant variable (HME) than  Null Model 1 χ2(1)=486.95, p< 0.01. This implies 

that Model 1 better accounts for differences in the probability of different trader’s 

displaying the HME, demonstrating that trader experience is a significantly important 

variable in modelling HME likelihood.    

2.5.2.1 Table 3 – LLR comparing Model 1 and Null Model 1  

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square 

Chi 

DF 

Significance 

(p) 

Null Model 

1 5 231456 -115723       

Model 1 6 230971 -115480 486.95 1 <0.0001*6 

 

The estimates for the fixed effects derived from Model 1 are shown in Table 4. This 

allows assessment of the direction and extent of the influence that trader experience (Exp) 

has on HMEs (HM). The results indicate a positive relationship between experience and 

HME (β=0.14, p < 0.01) meaning that further trading experience increases HME 

likelihood. We account for age and gender showing that younger traders are more likely 

to exhibit the HME (β=0.24, p < 0.01), and show a non-significant effect of gender, 

although finding males to be less likely to exhibit the HME (β = -0.07, p =0.03). Variance 

Inflation Factor (VIF) scores of the three predictor variables were all less than 5 

(Experience VIF = 1.007, Age VIF = 1.00; Gender VIF = 1.00), suggesting that there are 

no issues of multicollinearity between the predictor variables. Consequently, the results of 

                                                   
6 * Indicates P-value is <0.01 
7 Minimum VIF score is 1.00, suggests very low level of multi-collinearity 
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estimating Model 1 suggest that there is a positive relationship between trader experience 

and the likelihood that traders exhibit HMEs, thus providing support for Hypothesis 1.  

2.5.2.2 Table 4 – Coefficients from Model 1  

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept -1.47 0.05 <0.0001* 

Experience 0.14 0.01 <0.0001* 

Age = Younger 0.24 0.02 <0.0001* 

Gender = Male -0.07 0.03 0.03 

 

In order to test Hypothesis 2, Model 1 and Null Model 1 are re-estimated (Model 2 and 

Null Model 2) whilst restricting the dataset to the trades of the most experienced traders.  

The results of a LLR test, reported in table 5, show that Model 2 is significantly more 

predictive of HMEs than Null Model 2 (χ2 (1) =49.84, p< 0.0001) within the 20% most 

experienced traders. This allows the conclusion that within the most experienced traders, 

experience is a significant predictor of HMEs.  

 

2.5.2.3 Table 5 – LLR comparing Model 2 and Null Model 2  

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square 

Chi 

DF 

Significance 

(P) 

Null Model 2 5 44851 -22421       

Model 2 6 44803 -22396 49.839 1 <0.0001* 

 

The results of estimating Model 1 using the trading data related to the most experienced 

individuals (i.e. Model 2) are presented in Table 6. These results show that amongst the 

most experienced traders, there is a negative relationship between experience and HMEs. 

This provides support for Hypothesis 2 and the predictions of Gervais and Odean (2001). 

In addition, amongst experienced traders, neither age (β=0.11, p <0.08) nor gender (0.01, 

P = 0.84) appear to be significant predictors of HMEs. Variance Inflation Factor (VIF) 

scores for the three predictor variables were all less than 5  (Experience VIF = 1.00, Age 

VIF = 1.00; Gender VIF = 1.00), suggesting that there are no issues of multicollinearity 

between the predictor variables.  
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2.5.2.4 Table 6 – Coefficients from Model 2  

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept 1.79 0.27 <0.0001* 

Experience -0.23 0.03 <0.0001* 

Age = Younger 0.11 0.06 0.08 

Gender = Male 0.01 0.09 0.84 

 

It is possible that decreases in HMEs within experienced traders could be due to general 

decreases in measurement period stakes (across HPPs and non-HPPs) as traders become 

more experienced. To test this possibility a further model is estimated (Model 3) which 

tests whether there is a relationship between experience and total stakes per measurement 

period in experienced traders across all levels of previous profits. If no negative 

relationship exists in this model then this acts as further support for Hypothesis 2, as it 

can be confirmed that experienced traders are changing the way they react to profitable 

periods with further experience. In Model 3 a linear mixed model is estimated in which 

the total amount staked (Stake) by a trader (j) on a day (d) is represented by Stakeijd. The 

variables that have been used in Model 1 and 2 are kept in order to control for baseline 

differences in observation period stakes between traders and individual trading days. The 

results from model 3 are presented in table 7.  

2.5.2.5 Model 3 

𝑆𝑡𝑎𝑘𝑒𝑖𝑗𝑑 =  𝛼𝑗𝑑 + 𝛽1 𝐸𝑥𝑝𝑖𝑗𝑑 + 𝛽2 𝐴𝑔𝑒𝑖𝑗𝑑 +  𝛽3𝐺𝑒𝑛𝑖𝑗𝑑 +  𝜀𝑖𝑗𝑑  

 

2.5.2.6 Table 7 – Coefficients from Model 3 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept 12.99 11.54 0.26 

Experience -1.06e-04 8.97e-05 0.23 

Age = Younger 16.49 8.63 0.06 

Gender = Male 7.69 11.54 0.51 

 

Table 7 shows that, across sessions involving all levels of observation period profits, 

there is no significant relationship between trader experience and measurement period 

stakes within the most experienced traders. Tests to assess multicollinearity between the 
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predictor variables used in the model showed that all three predictor variables exhibited 

Variance Inflation Factor (VIF) scores of less than 5 (Experience VIF = 1.00, Age VIF = 

1.00; Gender VIF = 1.00) allowing the conclusion that there are no issues with 

collinearity in the model. 

The first hypothesis predicted a positive relationship between trader experience and 

HMEs and the results of estimating Model 1 support this prediction. Trader experience is 

found to be a significant predictor of the likelihood of traders taking greater risk 

following profitable periods. In fact, it is found that for a one unit increase in trader 

experience (log transformed) there is a predicted 0.14 increase in probability that a trader 

will increase stakes (p < 0.01).   

 

The second hypothesis predicts that there is a negative relationship between trader 

experience and probability of HMEs amongst the most experienced traders. The results 

support this hypothesis. The findings show that amongst the 20 per cent most experienced 

traders there is a predicted 0.23 decrease in probability of HMEs with a one unit increase 

in log transformed trader experience (p <0.01). Furthermore, the results of Model 3 

showed there to be no significant relationship between experience and amount staked per 

trading session, amongst the most experienced traders (across HPP and non-HPP 

periods). This finding, combined with the results from Models 1 and 2, suggests that 

trading experience increases HME likelihood within less experienced traders whilst it 

decreases HME likelihood within experienced traders.   

 

2.5.3 Robustness of results 

 

The results presented up to this point have been based on observation periods of 8am to 

2pm and measurement periods of 2pm to 5pm.  In the interest of robustness, all of the 

models are re-estimated with two further time window combinations, namely 8am to 10 

am (observation period) with 10am to 12pm (measurement period) and 8am to 12pm 

(observation period) with 12pm to 5pm (measurement period).  

 

The results of these analyses are presented in the appendices. All the models estimated 

give similar results to those reported above. In particular, LLR tests for each of these 

additional time window combinations presented, indicate Model 1 to be significantly 
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better at predicting the HMEs than Null Model 1. This finding is also true for Model 2 

and its relationship with Null Model 2; confirming the importance of a trader’s 

experience in predicting their tendency to be subject to HMEs.  

 

For each of the models estimated using these two further combinations of time windows, 

the predictor variables that were significant in the results presented above are again 

significant. In addition, the directions of the coefficients of these variables is consistent 

with that reported in the above results.  

 

In order to further check the robustness of results relating to Model 2 and the second 

hypothesis – that there is a negative relationship between experience and HMEs only 

within the most experienced traders, a further test is conducted with a group consisting 

only of moderately experienced traders. Whereas Model 2 was initially built upon data 

relating to the 20% most experienced traders in the dataset, these tests apply the same 

model to data relating only to traders whose experience levels sit in the next 20% of 

experience values. It is shown that a significant negative relationship does not exist within 

this group of moderately experienced traders, adding further support to the theory that it 

is only the most experienced traders who tend to show a negative relationship between 

further trading experience and the HME.  

 

In summary, these further tests confirm support for both Hypotheses 1 and 2. 

 

2.6 Discussion 

 

A positive relationship is shown between experience and HMEs over the full dataset of 

inexperienced to highly experienced traders. However, amongst the most experienced 

individuals in the dataset, there is a negative relationship between further trading 

experience and the HME. From this, it is concluded that there is a non-linear relationship 

between trading experience and the likelihood that traders exhibit the HME. 

 

This study is the first to assess the HME across traders with a wide spectrum of trading 

experience.  Locke and Mann (2001) found that the most experienced traders were the 

least likely to exhibit the HME within a sample of already highly experienced traders. 
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The findings in this paper support this conclusion but are able to show that this 

relationship is only true amongst the most experienced.  

 

The results echo the predictions of Gervais and Odean’s (2001) model concerning the 

development of trader overconfidence. Gervais and Odean (2001) predict that attribution 

bias (Miller and Ross, 1975) drives traders to build an increasingly skewed representation 

of their own ability with each successful trade they make. Attribution bias is a 

psychological theory that involves the tendency for decision makers to attribute periods of 

success to their own skill or ability, whilst attributing negative outcomes to external 

forces or bad luck (Miller and Ross, 1975). Further to this, the psychology literature has 

shown self-enhancing attributions of previous successes to be more common than self-

protective attributions for failure – meaning that people will more often overweight their 

own successes than they will underweight their own failures (Fiske and Taylor, 1991). 

However, the psychology research surrounding this phenomenon is limited in that it does 

not explain individual differences in the attribution bias, or the factors that can influence 

it.  

 

Gervais and Odean’s (2001) model offers the rationale for why experience may influence 

incorrect self-attributions in the context of financial decision making. Building on the 

existing psychological findings in the area of self-attribution biases, they predicted that 

within the early stages of trading experience individuals are most influenced by prior 

outcomes and that they attribute these outcomes to their own skill or ability. Over their 

early career, they continually overweight profits compared to losses and this leads to a 

growing overconfidence. However, they predict that experienced traders eventually learn 

to attribute previous outcomes more accurately, leading to a drop off in overconfidence 

within the most experienced traders. This theory offers an explanation for the results of 

the current study, in that the dynamics of biases in self-attribution predicted by Gervais 

and Odean may be driving the relationship that is shown in this paper between experience 

and the HME. If an individual is liable to over-attribute their own perception of their 

trading skill based on the outcomes of their prior trades, then they should be more likely 

than others who do not over-attribute positive prior outcomes to exhibit the HME. 

Therefore if the tendency for biases in self-attribution are related to the amount of 

experience a trader has, then it would be reasonable to predict that experience shares a 

similar relationship with the HME.  
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HMEs can arguably be used as a proxy for overconfidence, in that both of these 

phenomena are theorised to be driven by errors in the attribution of previous outcomes 

(Thaler and Johnson, 1990; Gervais and Odean, 2001). From this perspective the results 

presented in this paper can add to the so far inconclusive empirical evidence concerning 

the relationship between experience and trader overconfidence. Previous studies that have 

attempted to assess how trader overconfidence develops with experience have shown 

mixed findings. This is arguably due to the difficulties in measuring overconfidence as a 

psychological trait (cf. an observable behaviour). For example, Deaves et al. (2010) used 

surveys of market forecasters and found increases in overconfidence with experience, 

whereas Goede and Menkhoff’s (2014) survey of market forecasters found an opposite 

relationship. This paper’s findings, being based on a measurable signal of overconfident 

behaviour (increased staking following a profitable session), therefore provide valuable 

real-world evidence supporting Gervais and Odean’s (2001) model of the development of 

trader overconfidence. 

 

Further to adding to the understanding of the development of overconfidence, the current 

study expands on the limited current literature regarding individual differences in the 

house money effect (Thaler and Johnson, 1990). Previous work in this area has tended to 

focus on highlighting the existence of the house money effect across different decision 

making domains, such as; monetary laboratory experiments (Cárdenas et al., 2014), 

casinos (Rüdisser et al., 2016) and in individual investors (Hsu and Chow, 2013). The few 

studies that have looked at individual differences in the house money effect have focused 

on the influence of basic demographic variables such as gender (Lam and Ozorio, 2013) 

and age (Vroom and Pahl 1971; Shum and Faig, 2006) and have shown mixed results. 

The current study finds relationships between demographic variables (Age and Gender) 

and the HME – but only within the less experienced group of traders (Table 4). No 

significant results regarding demographic factors are shown within the most experienced 

traders (Table 6). This could arguably be due to the smaller sample size associated with 

the highly experienced group; however it is possible that trading experience mediates the 

relationship between these demographic factors and the HME. Further work could look at 

segmenting traders by experience level, and further testing whether demographic effects 

persist. This could be applied to the datasets used in existing studies in the field (Lam and 

Ozorio, 2013; Vroom and Pahl 1971; Shum and Faig. 2006), assuming trading experience 

variables are accessible. 
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By focusing on how experience influences the house money effect, the results of this 

study add to the argument that the house money effect is not a bias that systematically 

influences the decision making behavior of everyone equally, but instead seems to be 

mediated by a number of other factors, including domain experience and certain 

demographic variables. However, this is by no means an exhaustive list of all the 

variables that may be of value in understanding the house money effect; further research 

should look to explore what other factors are involved in this process, as well as 

identifying whether these factors are equally important in understanding other biases in 

decision making. Further to this, it is important to understand the reasons why factors like 

experience influence the HME. Although the theoretical literature offers reasoning for the 

why psychological traits such as self-attribution bias would lead to a relationship between 

experience and the HME, further work may wish to test these assumptions further, 

potentially through surveys and laboratory experiments that can measure individual’s 

propensity for the attribution bias, as well as the HME side-by-side.  

 

These findings are part of a wider movement that seeks to better understand the reasons 

why people make biased decisions, moving forward from the original research in this area 

which mostly aimed to identify deviations (i.e. biases) from the rational choice 

perspective on decision making that was popular in economics. Behavioral economists 

have shifted the prevailing knowledge in this field, and there is clearly further work to be 

done in understanding individual differences in these decision making biases.  

 

2.7 Conclusion 

No previous studies have observed how the HME varies between more and less 

experienced traders. This paper takes advantage of a dataset of over five million trades, 

executed by traders with a wide range of experience levels, in order to understand the 

association between trader experience and the HME. Previous work in this area (Locke 

and Mann, 2001) was limited in that it was only able to analyse the HMEs of a small 

group of already experienced, professional traders over a one year period. However, the 

current study was able to examine the HMEs of large group of individual traders, with a 

range of low and high levels of trading experience, over a period of nine years.  

 

The results of this study enable the conclusion that HMEs increase with experience in 

general but that amongst the most experienced traders, these effects decrease with further 
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experience. These findings offer a novel insight into how psychological biases develop 

with experience and fit with previously inadequately evidenced theories concerning the 

development of other psychological biases i.e. overconfidence (Gervais and Odean, 

2001). The current empirical evidence relating to individual differences in decision 

making biases, such as the HME, is severely lacking. The findings presented in this paper 

serve to improve this literature, and offer explanations as to why certain individuals are 

more prone to the HME than others.  

 

The findings have important implications for those who regulate activities involving 

financial decision making. For example, an understanding of the factors that lead to a 

consumer making a biased or irrational decision should be of great importance to 

regulators of the gambling industry. Gambling regulators may wish to use this 

information as a starting point to help identify which categories of gamblers are most ‘at 

risk’ of experiencing common biases in their decision making. The results of this paper 

would suggest that those gamblers with moderate levels of experience would be most 

likely to exhibit the HME. If this finding could be replicated with consumer gambling 

records then this could benefit regulators in designing appropriate harm prevention 

policies and targeting groups of gamblers appropriately.  

 

These results could also be of use to any company that employs people who make 

financial trades on a day-to-day basis, such as banks. It would be important to firstly 

replicate the findings of this paper in the relevant domain, however the results from the 

current study would suggest that certain groups of moderately experienced traders could 

be identified as being at higher risk of exhibiting the HME. This knowledge could be 

hugely profitable if it was used to help prevent incidences of excessive risk taking in 

traders who have recently experienced highly profitable periods i.e. the HME. This could 

be implemented by incorporating early warning systems into trading software, or by 

helping to inform policies regarding the education of employees at times when they are at 

most risk of exhibiting the HME.  

 

The results reported here certainly improve the knowledge of the impact of experience on 

HMEs in the domain of financial trading decisions. However, future research may wish to 

examine whether similar relationships exist across other financial domains. With the rise 

of e-banking and FinTech, more and more data is being collected about how we make 

every day financial decisions on internet-connected devices. This data could be put to use 



59 

 

to help understand the factors, including experience, that encourage consumers to make 

biased or unbiased decisions. The current literature in this area is lacking, and this type of 

data could be of great use in understanding biases in human decision making. The 

benefits of better understanding how and why we make biased financial decisions are not 

only useful from a theoretical point of view, but have the potential to help consumers as 

well as professional traders to avoid making irrational and potentially costly financial 

decisions.  
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3 Chapter 3: The influence of platform choice on decision-

making quality: Mobile trading apps and the house 

money effect. 

 

3.1 Abstract 

In 2014, mobile devices overtook desktop computers as the primary source of people's 

digital media consumption in the U.S. (Lella and Lipsman, 2014). However, it is unclear 

what effect the movement of activities to mobile devices has on user behaviour. This 

question is addressed through the analysis of trading decisions made by over 14,000 

traders, who have the option to execute trades with mobile and non-mobile devices.  This 

paper examines the effect that trading using a mobile app has on the quality of decisions 

made by financial traders.  We first find differences in a decision making bias, the house 

money effect, between those who do and do not use a mobile trading app. Secondly, we 

find that users of the mobile app are more susceptible to the house money effect when 

they use the mobile app to trade. This is a unique finding which shows that the type of 

device used to trade can influence the quality of financial decision making and raises 

further questions about what effects mobile device use can have on other forms of 

decision making. 
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3.2 Introduction  

 

Mobile internet use has rapidly increased in recent years. A ComScore study (Lella and 

Lipsman, 2014) found that mobile devices account for 52% of the digital media 

consumption of Americans. Digital media accessed through PCs now accounts for only 

40% of digital media consumption. Since 2013, the share of total digital media time spent 

on PCs has been declining, whereas the share of time spent on mobile devices has 

increased (Lella and Lipsman, 2014). Siwicki (2014) analysed recent growth of mobile 

ecommerce and predicted that by 2018 there will be 1.09 billion people making purchases 

using mobile devices worldwide.   

The move to mobile devices raises questions concerning what effect the change of device 

type can have on our online behaviour. Mobile internet allows users to conduct online 

activity independent of location, yet typically on a smaller screen and with some 

limitations in information retrieval based on the speeds which they can process data 

(Chae and Kim, 2004; Ghose et al., 2012). Napoli and Obar’s (2014) comparative 

analysis of mobile and PC-based internet access finds that ‘speed, memory, and interface 

functionality’ is limited on mobile devices. It is possible that these differences between 

mobile and PC use affect the way that people behave when carrying out online activities. 

This has been supported by Xu et al. (2016) who argue that mobile devices are associated 

with more impulsive behaviour, as shown by results indicating users of a Alibaba (a 

popular ecommerce site) to be more likely to purchase 'impulse products' when using 

mobile devices compared to when using a PC. This type of finding fits with psychological 

research that has shown that the context in which information is presented to people can 

influence the quality of their decision making (Wu and Lin, 2006). In terms of assessing 

the effects of mobile use on decision making behaviour, however, there is limited current 

research. No current studies have measured the role of mobile devices on decision making 

quality.  

In this paper the focus is on financial market spread trading, which has until fairly 

recently been carried out predominantly on non-mobile devices. The analysis looks at the 

effect of mobile use in this domain. The role of device type on decision making quality is 

examined by measuring the house money effect (Thaler and Johnson, 1990); a common 
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decision making bias that has already been shown to exist in financial traders (Ackert et 

al., 2006).  

3.2.1 Early adopters of new technology 

 

Although there are few studies which analyse the effects of technology on decision 

making, models of technology adoption have predicted that there will be persistent 

differences between the types of people who do and do not adopt new technologies. This 

is important to consider when assessing the influence of a new technology on decision 

making, as we must separate any behavioural differences which are attributable to the 

different types of people that choose to adopt new technologies, rather than the influence 

of technology itself.  

According to Everett Roger's influential 'Diffusion of Innovations' model (Rogers, 1995; 

2003) early adopters of technology are psychologically different to later adopters in a 

number of ways. The model claims that they are, for example, more likely to cope well 

with uncertainty and risk, more favourable towards science, possess greater self-efficacy 

and have higher aspirations. Rogers argues that ‘Innovators’ who are the earliest adopters 

of technology, ‘desire the hazardous, the rash, the daring and the risky’ (Rogers, 1995). It 

is therefore expected that there may be differences in the decision making behaviour of 

the types of people who do and do not adopt new technologies.  

Predicted psychological differences in technology adopters are to some extent supported 

by empirical evidence. Personality type was shown to be a strong predictor of attitudes 

towards new computer technology by Abler and Sedlacek (1987), with ‘investigative’ 

personalities shown to be more positive towards new technology than ‘enterprising and 

artistic’ types. Chau and Hui (1998) showed demographic and psychological differences 

between early and late adopters of technology, finding that early adopters of a new 

desktop operating system were more likely to be young and male and were more likely to 

be an 'opinion leadership' type of person, meaning that they have the ability to influence 

others. From these studies it is clear that there is some link between personality types and 

the likelihoods of people adopting new technologies, however there remains very little 

research in this area. 

Existing research shows that there are differences in the psychology and personality types 

of those who generally do and do not adopt new technologies. However, there are often 
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difficulties in separating the influences of demographic factors which tend to mediate 

technology adoption. Venkatesh et al. (2012) evidenced the important role played by 

demographic characteristics in predicting technology adoption in the domain of mobile 

internet use. They found that age and gender are important in moderating other effects 

which influence whether a person is likely to adopt a new technology, such as 

behavioural intention and general technology use. For this reason it is important to 

separate any differences between adopters and non-adopters of new technologies that 

could be attributable to these demographic differences from any proposed psychological 

differences between these groups that are predicted by Rogers’ model (1995; 2003). The 

current study controls for the age and gender of traders in the dataset in order to account 

for Venkatesh et al.’s (2012) findings, while building on these findings by analysing 

differences in a measurable aspect of decision making behaviour across those who have 

and have not adopted a new technology. 

3.2.2 Device use and decision making quality 

In addressing the question of the role of the device on decision making, the current study 

separates the investigation into two strands. The first, attempts to assess any differences 

between those who do and do not adopt a mobile app, as would be suggested by the 

literature in the previous section. The second strand focuses on whether the actual use of a 

mobile device can influence decision making behaviour (i.e. whether those who have 

adopted new technology show differences in their decision making behaviour when using 

the new technology).  

Both mobile and non-mobile devices allow people to access information available 

through the internet. However, these methods of accessing information differ in some key 

aspects. Mobile devices are characterised by smaller screens when compared to non-

mobile devices e.g. desktop computers. Mobile devices can typically access the internet 

independent of location, whereas desktop computers are used in fixed locations. Further 

to this mobile internet is generally sold as part of a phone contract with a maximum 

included monthly usage, whereas the broadband connections that are used by non-mobile 

devices tend to be based on essentially unlimited internet usage.  

It has been suggested that due to the inherent differences in mobile and non-mobile 

devices, there will be differences in user behaviour across devices (Chae and Kim, 2004). 

For example, Ghose et al. (2012) found that users are more likely to engage in extensive 

searching behaviour when using desktop computers than when using mobiles. Ghose et 
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al. (2012) argue that the costs of searching for information are higher when using mobile 

devices, which makes them less likely to engage in thorough information searches. It 

would logically follow that a preference for thorough information searching behaviour 

when using non-mobile devices would be associated with improved decision making 

quality, however there has been limited evidence as of yet which can address this 

question.  

Nonetheless, there is reason to believe that decision making quality may differ depending 

on the method of information access. Kelton and Pennington (2012) found that 

participants concentrated less effort on a subsequent financial decision making task when 

using a computer to first access relevant financial information compared to when the 

same information had been accessed in a paper based format. This finding suggest that 

the method of information retrieval is important in the decision making process, however 

there has been very little research which has quantified the quality of decisions made 

across mobile and non-mobile devices. 

In the field of e-health. Turner-McGrievy et al. (2013) experimentally manipulated 

whether participants in a weight loss study were able to use a mobile app or a desktop 

website to track progress. The authors found that the use of a mobile app significantly 

improved both tracking activity and weight loss in participants in relation to users of a 

desktop. This is one of very few attempts to show how platform choice can affect 

behaviour, and motivates further research into whether these types of effects exist across 

different behavioural domains i.e. not just in weight loss behaviour. However, the authors 

do not offer reasons for why this difference existed, and were unable to explain the ways 

in which the mobile app influenced the decision making quality of participants.  

Research in the field of psychology offers explanations for why human behaviour may 

differ across mobile and non-mobile platforms. Literature concerning gambling has 

argued that when people are exposed to more sporadic reinforcement with higher time 

intervals between experiencing rewards they are more likely to develop addictive 

behaviours (Horsley et al., 2012). For example, longer delays between gambling 

decisions have been shown to produce higher rates of continued play in lottery games 

(Griffithes and Auer, 2013). This has been attributed to the psychological arousal 

associated with a sporadic reward schedule (Sharpe, 2002). Literature regarding human 

interaction with smartphone apps has shown that people tend to use apps in a sporadic 

manner throughout the day for short periods of time of around 1-2 minutes per session 

(Bohmer et al., 2011; Tossell et al., 2012) for a total of roughly 1 hour a day (Bohmer et 
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al., 2011). The 'checking' behaviour that is associated with mobile apps is not as prevalent 

with the use of other device types is argued to potentially encourage the conditioning of 

'habitual or problematic' behaviours (James et al., 2016). No previous research has looked 

at whether the patterns of usage associated with mobile apps is conductive to increased 

prevalence of behavioural biases, but the existing research gives reasons why we may see 

difference in trading decisions made by traders on mobile apps. 

By framing the current research in the context of the diffusion of innovations model, this 

paper is able to suggest reasons why there may be differences in behaviour between users 

and non-users of a mobile trading app. By assessing the quality of financial decision 

making across devices it is possible to quantify what effect the actual use of a device has 

on decision making quality.  

3.2.3 The house money effect 

The current study focuses on the role of mobile app use on one specific type of 

psychological decision making bias, which is the tendency for decision makers to 

increase risk after previous positive outcomes i.e. the house money effect or HME (Thaler 

and Johnson, 1990). The HME has been shown to exist in a number of both laboratory 

(Martinez et al., 2010) and field studies (Weber and Zuchel, 2005; Ackert et al., 2006; 

Frino et al., 2008). It is a useful lens through which to assess the quality of the decisions 

that traders make. By measuring the extent to which traders are influenced by prior 

outcomes, decision making quality can be assessed, irrespective of the amount an 

individual generally stakes or profits. This measure can therefore assess the extent to 

which an individual is susceptible to an irrational bias (i.e. the rational decision maker is 

not influenced by prior outcomes in their subsequent decision making) rather than 

focusing on their trading success, which can potentially be driven my favourable market 

conditions or luck.  

Studies in this area have highlighted the importance of considering the influence of 

demographic factors when studying decision making. Vroom and Pahl (1971) found a 

strong association between age and risk taking in decision makers. Lam and Ozorio 

(2013) showed that gender is also an important factor, specifically for the HME. They 

found that men are more likely than women to take greater risk following profitable 

periods.  For this reason it is important to control for these demographic factors as well as 

any influence of trader experience (as recommended by Boyson, 2003) when assessing 

the influence of device choice in the current study. This allows confidence in concluding 



67 

 

that findings of relationships between device choice and decision making quality can be 

attributed to device choice rather than these potentially mediating demographic factors.  

3.2.4 State of the current literature 

There has been little research exploring the effects of mobile app use on decision making 

quality. This is surprising due to the growth in mobile app use over the last few years. 

The literature reviewed above makes it clear that there are two strands of research which 

need to be addressed in the attempt to quantify the role of mobile app use on decision 

making quality. Firstly, any differences that exist in the decision making quality between 

those who do and do not choose to adopt the app (as predicted by Rogers, 2003) must be 

measured. The natural dataset of consumer trading behaviour used in this study allows 

comparison of the decision making quality of people who fall into these two groups, 

allowing this strand of research to be addressed in the context of real world financial 

decision making.  The second part of this paper is then able to focus on whether app 

adopters make better quality decisions when they use the mobile app. This approach can 

therefore provide evidence for or against the assertion that properties of mobile devices 

encourage poor-quality decision making.  

3.3 Hypotheses 

The aim of the first part of the analysis is to be able to make conclusions about any 

differences in the decision making quality of adopters of mobile technology (AMTs) and 

non-AMTs.  

There have been no prior studies which have attempted to compare the decision making 

quality of AMTs and non-AMTs. However, Rogers’ (1995; 2003) theory concerning 

technology adoption predicts that AMTs are more likely to engage in risk taking 

behaviour and that they ‘desire the hazardous, the rash, the daring and the risky’ (Rogers, 

1995). This does not necessarily mean that AMTs will be more likely to exhibit HMEs, 

but due to the lack of literature which addresses decision making quality and device use, 

this will be used as a guide to build the hypothesis. It is therefore predicted that AMTs 

will be more likely to make poorer quality decisions, as measured by their HMEs. This is 

predicted to be the case even after controlling for demographic differences between 

AMTs and non-AMTs which have been shown to influence HMEs. 

Hypothesis 1: AMTs will be more likely to show HMEs after controlling for differences 

attributable to age, gender and experience when compared to non-AMTs. 
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The second hypothesis addresses the question of whether the actual use of mobile devices 

by financial traders has any effect on their decision making quality as measured by their 

HMEs. The analysis with respect to this question focuses specifically on those traders 

who have adopted the mobile app and compares periods when they do and do not use the 

mobile app to execute trades. 

It has been shown that the HME tends to weaken when traders are less able to react 

quickly to profitable periods. Hsu and Chow (2013) found that periods of trading which 

immediately followed profitable periods were more likely to be associated with HMEs 

when compared to those which took place longer after profitable periods. Due to the 

immediacy available when using the mobile app to trade, the hypothesis predicts 

increased HMEs in periods when AMTs use the mobile app to trade compared to when 

they use other methods of trading (i.e. trades executed through a web browser or 

telephone).   

Hypothesis 2: AMTs are more likely to show HMEs when they use the mobile app to 

trade. 

3.4 Data and Methods 

These hypothesis are tested by analysing trading decisions made by financial market 

spread traders. Linear mixed models are used to identify whether information concerning 

mobile app use is useful in predicting the decision making quality of traders, as measured 

by their likelihood of exhibiting the HME. Linear mixed models allow analysis of the 

trading behaviour of individuals over multiple trading sessions, while controlling for the 

effects of demographic factors that may influence HMEs. This approach, therefore, aids 

the isolation of the effects of mobile app use on the decision making behaviour of the 

traders in the dataset.  

3.4.1 Spread betting data 

The analysis employs a dataset of customer trading records from a UK spread trading 

company. The dataset consists of the records of 5,637,469 spread trades made by 14,407 

individuals between 2004 and 2013. Spread trading involves the opening of positions on 

financial instruments which are either buy or sell positions. When opening a buy position, 

the value of the position increases (decreases) if the price of the financial instrument goes 

up (down), and the opposite is true for a sell position. The trader can choose to close these 

positions at any point and take the profit or loss that is associated with the change in value 

from the price at which they opened the position. The financial instruments which exist in 
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the dataset are the DAX index, FTSE index, EUR/GBP, GBP/USD and US dollar index. 

Positions which relate to all of these instruments are treated equally, as in this study the 

focus is on the extent to which traders are influenced by their previous profits, and, 

therefore, this study is not interested in which financial instrument these profits are 

related to. Each position a trader opens is associated with a date of opening, date of 

closing, amount staked, amount of profit made as well as an indicator of the trading 

method used to both open and close the position (e.g. mobile app, web browser or 

telephone).  

3.4.2 Trading methods 

The dataset includes a variable that indicates which trading method was used to execute 

each trade. Traders in the dataset can make trades via a mobile trading app, via the web 

(through a browser), via a phone call to the company or via an automatic order. The 

method used to execute a trade is determined based on the method used to open (rather 

than close) the position. This is appropriate for studying the HME as when assessing the 

extent to which a trader is influenced by prior outcomes, the behaviour of interest is the 

size of the positions opened following profitable periods.  

In this study it is assumed that trades that are identified as being made via web browsers 

are predominantly made using devices other than mobiles, including both PCs and 

laptops. This approach is taken as during the period of the data used in this study (pre 

2013) the company’s web site was not optimised for mobile use. Due to the complexity of 

the site, this made it difficult to use effectively from a mobile device, which is why the 

trading app was created in 2010. By assuming trades made through web browsers to have 

been made predominantly through non-mobile devices, it is possible that we may 

misidentify a trade made on a mobile device via a web browser as a non-mobile trade; 

however it is believed that these errors should make up a minority of the dataset. Trades 

made using the mobile app are therefore identified as representing the entirety of trades 

made through mobile device interfaces. 

There is no previous evidence that suggests AMTs will differ from non-AMTs in any 

behavioural characteristics, however a brief look at the mean profits of these groups 

across observation periods shows the mean profit per observation period in AMTs to be 

£-8.01 compared to £-9.39 for non-AMTs. However, a t -test shows this difference to not 

be a significant one (t = 0.47, p = 0.64).  
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3.4.3 Daily trading sessions 

In order to identify the extent to which individual traders are susceptible to the HME, the 

relationship between prior outcomes and the subsequent decisions of individuals in the 

dataset is quantified. To achieve this each trader’s history of opened and closed positions 

is separated into daily sessions. The amount of profit the trader experiences in an 

‘observation period’ of a daily session and then the amount that they stake in a 

subsequent ‘measurement period’ is therefore of interest in determining the HME. This 

method is built upon the method used by Locke and Mann (2001) to measure HMEs and 

allows identification of which traders are most likely to be influenced by periods of high 

profits in their subsequent decision making. The focus is on daily sessions as the majority 

(93%) of trades opened in the dataset are closed on the same day.  

As in Locke and Mann (2001) the profit (loss) experienced through closed trades during 

each daily observation period for each individual is aggregated as a measure of 

observation period profits.  The hours of 8am to 2pm is treated as the observation period 

and the hours of 2pm to5pm as the measurement period for each daily trading session. In 

the interests of robustness the analyses are repeated with two further methods of defining 

daily observation and measurement periods (8am to 10am with 10am to 12pm and 8am to 

12pm with 12pm to 5pm), and any qualitatively different results are reported. 

3.4.4 Models  

Linear mixed models are employed to analyse the data. These, unlike linear regressions, 

allow the analyses to account for unobserved differences between traders (e.g. 

intelligence, risk attitudes, wealth), rather than treating each trading session by each 

trader as a separate data point. These models, therefore, account for both heterogeneity of 

traders (e.g. traders who regularly exhibit the HME) and trading periods (e.g. days in 

which there are abnormally high HMEs).  

 

To test the first hypothesis, the staking behaviour of AMTs and non-AMTs is modelled in 

periods following high profits. The hypothesis predicts that AMTs will be significantly 

more likely (cf. non-AMTs) to increase the stakes they commit above their average 

staking levels in periods following high profits.  

 

Throughout all of the analyses, deviations from normal staking are measured by assigning 

a binary measure of whether or not in session i, trader j increases the stakes they commit 

in the measurement period from the average (median) stakes the commit  in previous 
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measurement periods across their trading history. This ‘stake increase’ variable for trader 

j in session i, on day d is denoted SIijd and is employed as the dependant variable in the 

models.  

 

For each trading session of each trader, the profitability of the observation period is 

calculated as well as the relative size of these profits compared across all of the trader’s 

observation periods. In line with the manner in which Locke and Mann (2001) measured 

HMEs, the analysis identifies whether trader j has experienced a particularly 

successful/unsuccessful observation period in session i on day d. This is achieved by 

determining the quintile of that observation period’s profits (PQijd), based on the profits 

of the trader’s previous observation periods.  The analyses focuses specifically on 

sessions where traders experience particularly high profits relative to their own trading 

histories by limiting the analyses to those sessions in which a trader’s profits fall into 

their highest quintile (i.e. PQijd = 5)8. This allows conclusions to be drawn regarding how 

different groups of traders react to highly profitable periods, and therefore whether they 

exhibit the HME.  

 

Each individual who has made one or more trades with the mobile app at any point 

throughout their trading history is classified as an adopter of mobile technology (AMT). 

This variable is a binary measure of whether a trader j on session i taking place on day d 

has used the mobile app to execute a trade at some point in their trading history (AMTijd), 

either before or after the current point of analysis. This is the key predictor variable in 

models relating to the first hypothesis as this hypothesis is interested in identifying 

behavioural differences between the types of people who do and do not adopt the mobile 

app, rather than any effect of the mobile app itself on decision making behaviour. 

The models also include control variables that account for the influence of demographic 

factors on the HME. By including demographic variables, it is possible to isolate any 

differences in trading behaviour which are due to the key predictor variable in the model 

(i.e. whether the trader is an AMT or non AMT). The experience9 of trader j at the point 

                                                   
8 In the interests of robustness the analyses are repeated with a set of data that includes trading sessions 

in which PQ = 4 or 5. This allows for the possibility that any results are attributable only to session in 

which traders experience extremely high profits (i.e. PQ = 5). Any qualitatively different results are 

reported. 
9 Each daily trading session for each trader includes an experience indicator which is calculated based 

on the total number of trades opened with the spread trading company up to that point in time. These 

are counted whether the positions have been closed or not at the point of analysis 
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of the current trading session i on the current trading day d is treated as a fixed effect 

Expijd, measured in terms of the total number of trades opened with the spread trading 

company up to that point in time.  Gender differences are accounted for with a binary 

indicator, Gen, which takes the value 1/0 if the trader is male/female. Similarly, the age of 

trader j is accounted for with a binary indicator, Agejd that takes the value 1/0 if j’s age on 

day d is higher/lower than the median age of traders in the dataset (51 years old).  

 

To test the first hypotheses, comparison are drawn of the likelihood that AMTs and non 

AMTs will increase stakes following periods of high profits. After selecting only daily 

sessions in which there are high observation period profits (PQijd = 5)10, this leaves 

1,434,200 trades made by 12,610 traders. Further to this, any daily session in which a 

mobile device was used to make one or more trades during the measurement period is 

removed, leaving 139,987 trades made by 12,586 traders. This step allows the comparison 

of non-mobile behaviour of AMTs and non AMTs, allowing conclusions to be made 

regarding whether there are differences in HMEs that are not caused by the actual use of 

mobile technology. The following linear mixed model (Model 1) is estimated, that allows 

intercepts to be formed for individual traders and trading days and enables any baseline 

differences in the likelihood of  SI that are attributable to individual traders (j) or trading 

days (d) to be accounted for in the error term (𝜀𝑗𝑑). 

 

3.4.4.1 Model 1 

𝑆𝐼𝑖𝑗𝑑 =  𝛼𝑗𝑑 + 𝛽1 𝐴𝑀𝑇𝑖𝑗𝑑 + 𝛽2 𝐸𝑥𝑝𝑖𝑗𝑑  +  𝛽3𝐴𝑔𝑒𝑗𝑑 + 𝛽4𝐺𝑒𝑛𝑗 + 𝜀𝑗𝑑 

 

The importance of whether or not a trader has traded with a mobile app in predicting 

HMEs is assessed by comparing how well Model 1 predicts the data compared with a 

nested version of the model which does not include the AMT variable (Model 2). This is 

achieved by performing a log-likelihood ratio (LLR) test, which identifies whether Model 

1 fits the data significantly better than model 2.  If this is the case, it is possible to 

                                                   
10 In the interests of robustness the analyses are repeated with a set of data that includes trading 

sessions in which PQ = 4 or 5. This allows for the possibility that any results are attributable only to 

session in which traders experience extremely high profits (i.e. PQ = 5). Any qualitatively different 

results are reported. 
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conclude that AMT is a significant predictor of the likelihood of a trader increasing from 

normal staking following profits (i.e. displays HMEs).   

 

 

3.4.4.2 Model 2 

𝑆𝐼𝑖𝑗𝑑 =  𝛼𝑗𝑑 +  𝛽2 𝐸𝑥𝑝𝑖𝑗𝑑  +  𝛽3𝐴𝑔𝑒𝑗𝑑 + 𝛽4𝐺𝑒𝑛𝑗 + 𝜀𝑗𝑑 

 

In order to test the second hypothesis, the degree to which AMTs display HMEs across 

sessions when they make the majority of their trades with or without the mobile app is 

compared. This enables the possibility of addressing whether the use of the mobile app 

influences the likelihood of a trader showing HMEs. For this analysis, the dataset is 

limited to only include the 2,168 traders who have used a mobile to execute one or more 

trades in their trading history (i.e. AMTs). After filtering trades made by non-AMT 

traders, the new dataset includes the records of 1,421,935 trades.  

 

Again, the focus is on observation sessions in which these traders have experienced high 

profits (PQijd = 5)11 , in order to assess any differences in house money effects across 

periods of high and low mobile use. After filtering out observation periods and their 

respective measurement periods in which PQijd is not equal to 5 there exists 374,135 

trades made by 1,990 AMT traders.  

 

The vast majority of trading sessions (98.55%) of these individuals consisted of either 

exclusively mobile or exclusively non-mobile trades. However, to enable inclusion of all 

trading sessions, sessions in which these individuals predominantly used the mobile app 

to trade (i.e. when mobile app used for more than 50% of their trades) are identified. A 

dummy variable is created called Predominantly Mobile (PMijd) that takes the value 1/0 if 

the trades of individual j in a given session i, taking place on a day d were/were not 

predominantly conducted via the mobile app.   

 

                                                   
11 In the interests of robustness the analyses are repeated with a set of data that includes trading 

sessions in which PQ = 4 or 5. This allows for the possibility that any results are attributable only to 

session in which traders experience extremely high profits (i.e. PQ = 5). Any qualitatively different 

results are reported. 
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A linear mixed model (Model 3) is estimated which allows assessment of the extent to 

which the use of the mobile trading app influences the likelihood that these traders will 

deviate from their normal staking behaviour after experiencing high profits. As in Model 

1, predictor variables are included that account for gender, age and experience and the 

model allows intercepts to be formed for individual traders and trading days. The 

following model, therefore, allows any baseline differences in the likelihood of stake 

increases (SI) that are attributable to individual traders (j) or trading days (d) to be 

accounted for in the error term(𝜀𝑗𝑑): 

 

3.4.4.3 Model 3  

𝑆𝐼𝑖𝑗𝑑 =  𝛼𝑗𝑑 + 𝛽1 𝑃𝑀𝑖𝑗𝑑 + 𝛽2 𝐸𝑥𝑝𝑖𝑗𝑑  +  𝛽3𝐴𝑔𝑒𝑗𝑑 + 𝛽4𝐺𝑒𝑛𝑗 +  𝜀𝑗𝑑 

In order to assess the predictive value of the PM variable, its output is compared to that of 

a nested model which does not include the PM variable (Model 4). A log-likelihood ratio 

test of the two models allows determination of whether PM is a significant predictor of 

increases in stakes (SI) following high profits.  

3.4.4.4 Model 4 

𝑆𝐼𝑖𝑗𝑑 =  𝛼𝑗𝑑 + 𝛽2 𝐸𝑥𝑝𝑖𝑗𝑑  +  𝛽3𝐴𝑔𝑒𝑗𝑑 +  𝛽4𝐺𝑒𝑛𝑗 +  𝜀𝑗𝑑 

3.5 Results  

The results from the Log Likelihood Ratio (LLR) comparison of Model 1 and Model 2 

(Table 2) indicate that Model 1 better accounted for the dependant variable (increases in 

stakes) than Model 2 (χ2 (1) = 6.64, p<0.01). The results of this test suggest that the AMT 

variable was a significant factor in predicting the dependant variable, due to the fact that 

the inclusion of the AMT variable was the sole difference between Model 1 and Model 2. 

This result supports Hypothesis 1, in that it suggests that there is some difference in the 

likelihood of stake increases of AMTs and non AMTs in periods following high profits.  

3.5.1.1 Table 2 

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square Chi DF 

Significance 

(p) 

Model 2 6 226578 -113283       

Model 1 7 226573 -113280 6.64 1 <0.01*12 

                                                   
12 * Indicates P-value is <0.01 (before rounding) 
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The coefficients presented in Table 3, offer further support for Hypothesis 1. The model’s 

coefficient for the binary AMT variable, shows that there is an expected 0.08 increase 

(SE= 0.03, p < 0.01) in log-odds probability that AMT traders increase their stakes 

following period of high profits when compared with non-AMT traders. In other words, 

those who adopt a mobile trading app are more likely to show HMEs than those who do 

not adopt this technology.  

The results presented in Table 3 also show that more experienced (β = 0.13, SE = 0.01, 

p<0.01) and younger traders (β = 0.19, SE = 0.02, p<0.01) are more likely to show HME, 

whilst there are no significant gender differences. The results of this model suggest that 

the differences found between AMT and non-AMT traders in their susceptibility to the 

HME cannot be accounted for by differences in experience, age or gender.  

 

3.5.1.2 Table 3 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept -1.37 0.06 <0.0001* 

Experience 0.13 0.01 0.01* 

Age = Younger 0.19 0.02 <0.0001* 

Gender = Male -0.08 0.03 0.01 

AMT = Yes 0.08 0.03 <0.01* 

 

The results from an LLR test comparing Models 3 and 4 are presented below in Table 4 

and focus on whether AMTs differ in their HMEs in periods when they use the mobile 

app to execute trades. The test shows that Model 3, which included the PM variable better 

accounted for variation in the dependant variable (increases in stakes) than Model 4 (χ2 

(1) = 1339.3, p<0.01). Model 3 included identical variables as Model 4, except for the 

inclusion of the PM variable. The results presented in Table 4 therefore suggest that PM 

is a significant predictor of the dependant variable within AMTs.  

3.5.1.3 Table 4  

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square Chi DF 

Significance 

(p) 

Model 4 6 55486 -27737       
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Model 3 7 54148 -27067 1339.3 1 <0.0001*13 

 

Table 5 displays the results from estimating Model 3. The coefficient for PM is both 

significant and positive (β = 2.13, SE = 0.07, p<0.01). This suggests that traders are more 

likely to display HMEs when they predominantly use the mobile trading app (cf. a web 

browser or telephone) to execute trades, thereby supporting Hypothesis 2. Given that the 

model controls for age, gender and experience it can be concluded that the employment of 

the mobile app does significantly increase HMEs, irrespective of demographic differences 

in the nature of individuals who are more inclined to use mobile apps to trade. The results 

related to the control variables also suggest that more experienced traders who have at 

some time used a mobile app to trade (i.e. AMTs) are more likely to display HMEs than 

less experienced AMTs (β = 0.04, SE = 0.01, p < 0.01). However, there are no significant 

differences in the HMEs attributable to age or gender.  

 

3.5.1.4 Table 5 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept -0.64 0.11 <0.0001*14 

Experience 0.04 0.01 0.0004* 

Age = Younger 0.05 0.05 0.34 

Gender = Male -0.08 0.05 0.29 

PM = Yes 2.13 0.07 <0.0001* 

3.5.2 Robustness checks 

 

The models presented so far have involved measuring the HME by using daily time 

window combinations of 8am to 2pm (observation period) and 2pm to 5pm (measurement 

period).  In order to ensure that the results obtained are not some artefact of the 

measurement and observation periods selected, all the models (Models 1- 4) are re-

estimated using two further combinations of daily observation/measurement periods: 8am 

to 10am/10am to 12pm and 8am to 12pm/12pm to 5pm.  

 

                                                   
 
14 * Indicates P-value is <0.01 
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The results of estimating these further models are presented in the Appendix. The 

direction of the effect and the significance levels for all the variables in these models are 

similar to those when estimating these models for observation/measurement periods of 

8am to 2pm/2pm to 5pm. This leads to the conclusion that the results are robust to 

changes in the daily observation/measurement periods chosen.  

 

3.6 Discussion 

This paper set out to address two questions. Firstly, whether a measure of inclination to 

adopt new technology (i.e. adopting a mobile trading app) is significant in predicting the 

decision quality of traders, as measured by their susceptibility to the HME. Secondly, it 

assessed whether the use of the technology itself had an influence on the decision quality 

of traders (i.e. if mobile adopters make better decisions when using the app as opposed to 

when using other trading methods).  

 

It was shown that traders who demonstrate some inclination to adopt mobile technology 

are significantly more likely to show HMEs than those who have not adopted the mobile 

technology. There are no previous studies which have used a measure of technology 

adoption for predicting decision biases. Previous studies have categorised traders using 

demographic variables such as age (Talpsepp, 2013) and gender (Talpsepp, 2013: Lam 

and Ozorio, 2013). These studies have shown that biases in decision making tend to differ 

across these categories. This paper controlled for these factors, and still found a 

significant influence of inclination to adopt the new technology on decision bias.  

 

It is important to address the potential reasons why the current results have occurred. 

Roger’s (2003) ‘diffusion of innovations’ model offers explanations for why behavioural 

differences between earlier and later adopters of new technologies would be expected. 

The model suggests that there are persistent demographic and psychological differences 

between different adopter groups. This paper’s finding that AMTs are more likely to 

exhibit the HME does fit to some extent with Rogers’ (2003) characterisation that earlier 

adopters of technologies are psychologically different in that they are more open to taking 

risks and being open to uncertainty. However, at the same time the model predicts that 

early adopters are more rational in their decision making, which does not fit well with the 

results of the current study showing AMTs to be more likely to exhibit an irrational 

decision making bias in the HME. Interestingly, even with the differences shown in 
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HMEs across AMTs and non-AMTs, it was found that there were no significant 

differences in average profits (losses) between AMTs and non-AMTs. This is a surprising 

result as it would be expected that increased incidence of the HME would be associated 

with lower profitability, however this does not seem to be the case. It should be noted that 

taking the average profits of all AMTs and non-AMTs is a flawed measure as it is also 

shown that AMT status correlates with demographic variables, such as gender and age, 

which could have their own effects on the profitability of traders and mask the 

relationship between HMEs and profitability. Future research may seek to explore the 

relationship between the HME and profitability in more detail as the preliminary results 

on this topic are not as expected in the current paper.  

 

The analysis compensated for the possibility that any differences in the HME between 

AMTs and non-AMTs were driven by the actual use of mobile apps to trade by only 

considering non-mobile trades made by both groups in the analyses relating to H1. This 

allowed the focus to be specifically on the non-mobile trading of both groups and 

therefore allow comparisons to be made regarding whether behavioural differences 

between the groups existed in terms of the HME. Further to this, the paper explored 

whether there was, in fact, any influence of technology use on HME likelihood through 

the analyses relating to H2. H2 examined whether AMTs are more likely to exhibit a 

trading bias when they use the mobile app, rather than any other device (cf. 

desktop/laptop) to trade. The results provide strong support for H2, suggesting that the 

use of the mobile app itself appears to increase susceptibility to the HME. This is a 

unique finding in that no prior work has shown differences in a decision making bias 

which are attributable to the platform by which the decision making was performed on.  

 

It has been suggested that the speed, memory and functionality differences attributable to 

mobile devices have an effect on the way they are used to access information when 

compared to other device types (Napoli and Obar, 2014).  This could be a reason why 

differences are found in decisions made across devices in the current study. For example, 

the fact that mobile devices are characterised by smaller screens may mean that the 

tendency for thorough information searching prior to executing a trade is reduced 

compared to desktop information searching behaviour. Further to this, the fact that mobile 

devices are generally used while a trader is on the move may encourage quicker and 

potentially more impulsive decisions to be made compared to those made while in a 

stationary location. Hsu and Chow (2013) showed that the propensity to be influenced by 
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prior outcomes diminishes as time elapses from the point of experiencing the outcome. 

Clearly, the mobile app affords the opportunity to react quickly to prior gains and this 

may help explain why traders are more likely to show HMEs in periods when they 

predominantly use the mobile app to trade.  

 

It would be valuable if future studies of user behaviour could examine if mobile apps are 

indeed associated with more immediate reactions in a given domain compared to other 

platforms. This would be helpful, since in the current study it is not possible to be sure 

that trades undertaken using mobile devices would not have taken place had the mobile 

app not been available. Equally, future laboratory experiments could test for the influence 

of the environmental variables associated with trading decisions. These studies would 

help to clarify if it is the mobile device rather than the typical environment in which the 

decisions are made that influences behaviour. This is pertinent as there is an obvious 

difference in the typical environment that a mobile app is generally used (i.e. outdoors, on 

transport, at public events etc.) compared to the typical desktop environment (i.e. in the 

home or in an office). Laboratory studies would be able to address whether the mobile 

device leads to susceptibility to the HME or whether the different environments in which 

they typically use mobile apps (cf. desktops) to trade influences this susceptibility. It is 

possible that both of these factors could be behind our results, but one cannot draw 

conclusions from trading data alone as the current study did not have access to data 

concerning user locations.  

 

A key characteristic of mobile app use is the tendency for users to engage in sporadic 

‘checking’ behaviour throughout the day (Bohmer et al., 2011). Smartphone users tend to 

use apps for about 1-2 minutes at a time over multiple sessions throughout a day, totalling 

around 1 hour in total per day. Psychological research concerning gambling argues that a 

sporadic reward schedule with longer time periods between experiencing rewards can 

lead to addiction and ‘habitual or problematic’ behaviours (James et al., 2016.). In this 

sense, it could be that the use of a mobile trading app can encourage longer delays 

between rewards (i.e. checking the app and seeing whether a trade is doing well or not for 

short periods of time regularly throughout the day) and therefore foster some level of 

impulsivity, which leads the trader to make less informed decisions. This may differ to 

the use of a desktop computer for example, on which a browser window may be 

constantly open and allow the user to view regular updates on how well their trades are 

doing. Further research is needed to explore whether this is in fact the driving factor in 
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the results of this study. For example, a laboratory study could manipulate the number of 

times a user can check their mobile trading app over a given period. If longer gaps 

between checks of the app were associated with higher instances of a behavioural bias 

then this would add strong evidence for this explanation.  

 

This study examined whether there were differences in the trading behaviour of those 

who had and those who had not used the mobile app to trade at some time in their trading 

history. Roger’s (2003) predicts, and the results of this study confirm, that differences in 

decision behaviour are likely to exist between these two groups. However, he also 

predicts that how early a person adopts a new technology will be a key predictor of their 

behaviour. Consequently, future studies could examine whether there are differences in 

decision biases across what Rogers (2003) categorises as ‘Innovators’, ‘Early Adopters’, 

‘The Early Majority’,  ‘The Late Majority’ and the ‘Laggards’. 

 

This paper also has examined whether the actual use of the mobile trading app (rather 

than just its adoption) itself has some effect on a decision bias. The results suggest that it 

does. However, the analysis focused on the behaviour of spread traders. Consequently, it 

would be valuable if future studies assessed whether these results hold in other domains. 

In the context of gambling for example this type of research could be particularly 

interesting as current research has already shown differences in incidences of problem 

gambling (i.e. gambling which shows clinically significant levels of harm to the gambler) 

across online and offline forms of gambling (Griffiths et al., 2009; Wood and Williams, 

2011). The current study acts as a starting point to address further differences between 

mobile and non-mobile online gambling. 

 

The understanding that mobile app adoption can be a useful predictor of behavioural 

biases is not only important in the context of spread trading, but in any context where 

mobiles apps are used as a platform for financial decisions. Financial technology 

(FinTech), is becoming an integral part of our financial system and is characterised by the 

use of internet technologies to help users conduct financial tasks (Arner et al., 2015). As 

online banking becomes the norm, it is important to understand any persistent behavioural 

differences that are associated with the use of different online platforms for financial 

decisions. 
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The finding that traders react more aggressively to profitable periods when using a mobile 

app has important implications for various stakeholders. Although there has been little 

research concerning the effect of technology use on behavioural biases, the gambling 

literature has looked at the prevalence of ‘problem gambling’ across online and offline 

platforms. Problem gambling refers to, ‘the situation when a gambling activity gives rise 

to harm to the individual player, and/or to his or her family’ (Victorian Casino & Gaming 

Authority, 1997). The results have been mixed but the consensus is that certain types of 

online gambling (e.g. in-play sports gambling) are particularly associated with problem 

gambling but that the internet as a platform does not encourage higher rates of problem 

gambling as a whole (Afifi et al., 2014; Gray et al., 2012). The approach in the current 

study can therefore be used to extend this line of research into the prevalence of 

behavioural biases across platforms, allowing a more complete picture to be created 

regarding the roles of online platforms in decision making behaviour. 

 

There exist obvious implications for spread trading companies and bookmakers, who 

could emulate the approach used in this study to better understand their customers.  For 

example, the findings could be incorporated into predictive models of customer behaviour 

in order to create more accurate estimates of both revenue and risk for a company. Of 

course, spread trading and betting companies may wish to harness this information as a 

reason to encourage the use of mobile apps to their customers, particularly after periods 

of high profits, in the knowledge that they will be more likely to engage in higher than 

normal staking behaviour. The findings would suggest that traders and gamblers would be 

significantly more likely to increase their staking when using a mobile app for their 

subsequent decisions. This type of approach could be seen as a problem in that it exploits 

the weaknesses of problem gamblers.  For this reason, regulators should also take these 

findings into account and look closely at whether mobile gambling should be treated 

differently to other methods of gambling. Currently a lot of the focus of UK based 

problem gambling awareness is on high-street gambling, with the law requiring clear 

signs detailing the dangers of gambling. Regulators may wish to use these findings to 

help create awareness campaigns for the domain-specific dangers of mobile app 

gambling.  
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3.7 Conclusion 

This study of spread traders is the first attempt to understand the role of mobile app 

adoption in the decision making biases of financial decision makers. Although more and 

more financial decisions are taking place on mobile platforms, there is relatively little 

knowledge concerning how this move affects decision making quality. This paper serves 

to show that there are differences in a common decision making bias (the house money 

effect) between the groups of people that do and do no not adopt a mobile trading app. 

The analysis finds that mobile app adopters show more HMEs, even after controlling for 

demographic differences between adopters and non-adopters. Further to this, it is shown 

that mobile adopters are significantly more likely to exhibit this bias when they use the 

app to trade compared to when they use other trading methods. This is an important 

finding in that it is the first to show the importance of both platform adoption and use in 

decision making quality.  

There are clear implications for the spread trading and gambling industries as well as for 

the regulators of these industries. This study is exploratory in that it is the first study to 

take the approach of comparing a decision bias across platforms. Further research is 

needed in order to confirm whether the results found here in the context of spread trading 

are applicable to other financial contexts. Finally, it is important for future research to not 

only show evidence of these differences in different domains, but also to attempt to 

explain why behaviour may differ across platforms, for example by conducting laboratory 

financial task simulations in which the types of devices used are manipulated. This way it 

is possible to design platform-specific interventions and regulations which can be based 

on evidence regarding the actual behaviour of financial decision makers.  
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4 Chapter 4: Testing some of the psychological and 

demographic predictions of the Diffusion of Innovations 

model through the analysis of mobile trading app 

adopters  

 

4.1 Abstract 

 

The influential ‘Diffusion of Innovations’ model predicts persistent differences in the 

psychological characteristics of earlier and later adopters of new technologies. 

Differences in rationality, risk taking and intelligence are predicted by the model between 

early and late adopters of technology, as well as differences relating to a number of 

demographic characteristics. Although many of the demographic predictions have been 

tested, no work conducted since the model’s creation has attempted to evaluate the 

validity of the psychological claims.  

This paper analyses a group of traders who have adopted a new technology (a mobile 

trading app) at different points in time after its release. Corresponding individual trading 

records are used as behavioural data that allow the measurement of whether the 

differences in behaviour expected from the model’s psychological predictions exist in this 

natural dataset. This paper uses measures of trading risk as a proxy for risk preferences, 

measures of trading biases as a proxy for rationality and measures of trading success as a 

proxy for intelligence. The results show that there are no significant differences between 

earlier and later adopters across any of these measures. The behavioural results therefore 

do not offer support to the psychological predictions made in Rogers’ model. Further to 

this, mixed results are found concerning the demographic predictions made in Rogers’ 

model. The paper offers explanations of why these results may have occurred and make 

suggestions for future models concerning technology adoption.  
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4.2 Introduction 

 

According to Everett Roger's influential 'Diffusion of Innovations' model (Rogers, 1983; 

2003), individuals can be categorised into groups based on how early they adopt new 

technologies. Rogers’ model predicts there to be persistent socio-economic and 

psychological differences between individuals that belong to different adopter groups. 

There has been research which has supported the proposed socio-economic features of 

adopter groups; however, there has been very little work which has tested the 

psychological characteristics of adopter groups. 

The predictions made in the model have been extremely influential in literature 

surrounding the adoption of new technologies. The theory and its characterisations of 

early and late adopters have been used as a framework for studying the adoption of a host 

of new technologies over the years including; online banking (Lassar et al., 2005; 

Eriksson and Nilsson, 2007), video games (Van Rijnsoever and Oppewal, 2012), the ‘re-

adoption’ of the LP (Nokelainen and Dedehayir, 2015) as well as being used to help 

categorise early and late adopters of new health treatments (Osar and Roman, 2008; 

Makowsky et al., 2013; McMullen et al., 2015).   

Rogers states that the function of adopter group categorisations is to 'guide research 

efforts and to serve as a framework for the synthesis of research findings' (Rogers, 1983. 

p. 247). This has been the case, in that research has often used Rogers’ characterisations 

to guide the choices of which variables to include in research concerning innovation (e.g. 

Verdegem and Marez, 2011). However, there has been little work which has set out to 

empirically test Roger’s proposed characterisations of adopter groups. Much of the 

research has focused on identifying characteristics specifically of early adopters across 

different domains (e.g. Chen and Chan, 2014). The research has often sought to identify 

novel variables that can help classify early adopters, for example Schreier et al.’s (2007) 

finding that early adopters tend to perceive new technologies as less complex or the 

studies concerning the effect of product-related experience (Chau and Hui, 1998; 

Munnukka, 2007). This type of work is useful in guiding marketing activity, but it has 

generally not helped in empirically testing the claims that are made in Rogers’ model 

concerning psychological characteristics of adopter groups. 
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Rogers’ socioeconomic characterisations of adopter groups were formulated from the 

results of a number of existing studies which examined demographics such as age, gender 

and wealth and their relationships with technology adoption. Some studies have attempted 

to empirically test Rogers’ predictions concerning the demographic features of adopter 

groups. Particularly the assumptions that earlier adopters are more likely to be male and 

wealthy as compared to later adopters. Mattila et al. (2003) found that e-banking early 

adopters were more likely to be wealthy, young and male and Hidrue et al. (2011) showed 

earlier adopters to be younger. However, there have been few efforts to back up the 

psychological assumptions made in the model. These assumptions relate to a number of 

psychological traits including risk attitude, rationality and the intelligence of people 

belonging to different adopter groups.   

Rogers (1983.  p. 248) explains that his model’s proposed characteristics of individuals 

belonging to different adopter categories 'are based on abstractions from empirical cases’. 

He admits that they are ‘no substitute' for empirical investigations. Rogers (1983) 

suggests that ‘Personality variables associated with innovativeness have not yet received 

much research attention’ (p. 257) and argues that this is due to the difficulties of 

measuring personality dimensions. This is reflected in the lack of research that has been 

able to accurately examine the psychological characterisations of different adopter groups 

made by Rogers (1983; 2003). The little evidence there has been is survey based. For 

example, Ostlund’s (1974) survey of adopter groups within a sample of Boston 

housewives which studied their adoption of new household technologies. The study found 

little evidence to support Rogers’ psychological predictions.  Considering the widespread 

use of this model, it is surprising how little work has been done to test its psychological 

assumptions.  

The current study makes use of a rich dataset of individual technology adoption and 

decision making behaviour, in the form of individual trading records. This data allows the 

accurate measurement of the point at which individuals adopt a new technology, in this 

case a mobile trading app. Further to this it is possible to measure aspects of individual 

decision making behaviour which offer insight into the some of the key psychological 

characterisations that are made in Rogers’ model. Previous studies have lacked the 

necessary data to assess psychological differences between adopter groups. Trading 

records offer a unique measure of the decision making behaviour of individuals, which 

allows us to examine differences in behaviour that one would expect to exist between 

adopter groups if the psychological assumptions made by Rogers are valid.  
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The analysis focuses firstly on the extent to which the demographic characteristics of 

early and late adopters in the dataset fit with Rogers’ predictions, situating these findings 

within previous literature which has directly or indirectly addressed this question. It then 

moves on to assess whether Rogers’ psychological predictions concerning the rationality, 

intelligence and risk attitudes of individuals belonging to different adopter groups are 

evident in the data. This is achieved through the measurement of behavioural variables 

which relate to these psychological characteristics. This results in a unique natural 

experiment which is able to empirically test Roger’s assumptions without relying on 

survey-based methods to uncover psychological attributes of individuals belonging to 

different adopter groups.  

Understanding the relationships between early adoption of technology and psychological 

and demographic characteristics of individuals is not only useful in that it can test the 

assumptions made in Rogers’ hugely influential model (1983; 2003) but there is likely 

great commercial value in understanding these relationships properly. The value in this 

type of understanding has been suggested by the vast literature which has sought to 

identify demographic relationships with early adoption of new technology; such as the 

relationships regarding wealth, gender (Mattila et al. (2003) and age (Hidrue et al. (2011). 

However, there has been little research that has looked at relationships between 

psychological characteristics and early adoption. Understanding the psychological make-

up of early adopters can be of great value in both product creation and in marketing. The 

value in understanding and profiling early adopters is clear when it comes to marketing a 

product. Take for example the successful psychological profiling of American voters in 

recent elections (Carlisle and Patton, 2013; Grassegger and Krogerus, 2017) to see the 

value in understanding your audience – especially when one account for the wealth of 

data available to marketers with the rise of social media. In much the same way, 

understanding the psychological make-up of early adopters can help marketers to create 

content that appeals to these personality types.  
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4.2.1 Diffusion of innovations 

 

Roger’s ‘Diffusion of Innovations’ model(1983; 2003) describes the ways in which 

innovations spread through societies as well as offering predictions as to the types of 

people that are likely to adopt new technologies faster than others. The predictions were 

originally built upon the amalgamation of results from research which has focused on 

variables related to the trait of ‘innovativeness’. However, these studies are very dated, 

(e.g. Gross’s 1942 study of early adopters of hybrid seed in farming) and may not apply 

as well to the adoption of modern technologies. There has been little research that has 

attempted to empirically test the model’s assumptions in relation to the adoption of 

modern digital technologies.  

Rogers’ (1983; 2003) model makes the argument that four key drivers exist in regards to 

the adoption of novel innovations. The attributes of the innovation, the attributes of the 

adopter, the available communication channels and the attributes of the society. A lot of 

subsequent research has cited this model, in fact the book has been cited over 90,000 

times according to Google Scholar. This research has spread across disparate fields such 

as healthcare (e.g. Murphy et al., 2017; McMullen et al., 2015; Zhang et al., 2015), 

IT/computer science (e.g. Nickerson et al., 2014) and business (Wunderlich et al., 2014). 

Due to the wide-reaching nature of the theory, the literature does not follow an easily 

traceable path, and is spread out across these fields. Further to this the literature is spread 

out across the different drivers of innovation specified by Rogers (1983; 2003); often a 

study will focus on one particular driver of innovation to help frame or explain its results.  

A lot of emphasis was made by Rogers (1983; 2003) regarding the importance of 

communication channels in determining the diffusion of an innovation – both at an 

interpersonal and a societal level. There has been a great deal of research that has used the 

existence of certain communication channels to explain the adoption of some innovation 

(e.g. Karakaya et al., 2014; Valente et al., 2015) but little research that has attempted to 

directly quantify the importance of communication channels in the adoption of 

innovations. Valente et al.’s (2015) study, for example, attempted to measure the 

association between a country’s use of an online forum, and it’s time taken to adopt an 

innovative tobacco regulation treaty. The study found that countries who used the 

communication channel the most were the most likely to adopt the treaty. This type of 

finding, as is common in the literature, does not succeed in proving the importance of 
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communication channels as there are other factors that could influence adoption that are 

not accounted for. Aral (2009) identified this problem and attempted to directly quantify 

the importance of communication channels as compared to individual characteristics in 

the adoption of an innovation (in this case, a new digital service). Aral et al., (2009) found 

that in a network of individuals, it is the people who are most similar to each other who 

are most likely to communicate with each other, a phenomenon known as homophily. 

They found that when accounting for the influence of individual characteristics (such as 

age, gender and some behavioural measures) there was little influence attributable to the 

use of a communication channel (in this case, an instant messaging service offered by the 

service provider). Aral et al.’s (2009) finding is unique in that it managed to quantify the 

influence of one of Rogers’ (1983; 2003) assumed drivers of technology adoption. The 

finding lessens the importance of the assumed role of communication channels in 

technology adoption and highlights the role of individual characteristics in determining 

technology adoption.  

There are some important assumptions made in the model that have lacked empirical 

evidence in the subsequent literature. This is likely due to its frequent use as a framework 

for research in other domains rather than the subject of analysis itself. In particular, there 

has been a dearth of research that has examined Rogers’ (1983; 2003) assumptions 

relating to the predicted characteristics of adopter groups. An example of the type of 

research that cites the model is Zhang et al.’s (2015) e-health study. The study aimed to 

use the model as a ‘theoretical lens’ (Zhang et al., 2015, p. 1) to create research questions 

relating to patients adoption of novel e-health technologies (e.g. online appointment 

booking). The model allowed the researchers to identify the four drivers of adoption that 

should be expected to influence e-health adoption and therefore create their hypotheses 

from this. The study was effective and managed to identify the reasons why people were 

or were not adopting e-health technologies, however it’s purpose was not to assess the 

validity of Rogers’ (1983; 2003) assumptions. This line of research is typical in the work 

that cites the model – it is often used as a framework to help build a study, rather than 

being the subject of the study.   

The use of the model as a framework rather than the subject of analysis is common, take 

for example recent studies that have used the model to help study; the adoption of insects 

as a food source (Shelomi, 2015), eco-innovations (Karakaya et al., 2014), health services 

(McMullen et al., 2015) and novel contraception methods (Murphy et al., 2017).  None of 

these studies attempted to directly test the assumptions of Rogers’ model (1983; 2003). 
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They either use it as a framework to create research questions or to help to explain their 

results. This trend of research has left a number of assumptions inherent to the diffusion 

of innovations lacking empirical evidence.  

Rogers’ predictions relating to the characteristics of adopter groups are one of the four 

key drivers predicted in the model, and evidence suggests that they are more influential 

than at least one of the other drivers – communication channels (Aral et al., 2009). The 

predictions fall under two key categories: socioeconomic and personality/psychological 

variables. Roger’s outlines a total of 9 socioeconomic variables and 12 psychological 

variables in his model which he proposes differ between adopter groups e.g. ‘Earlier 

adopters are more able to cope with uncertainty and risk than later adopters’ (Rogers, 

1983. p. 258). In the current dataset measures are taken from individuals relating to two 

of the socioeconomic variables (age and wealth) as well as three of the psychological 

variables (intelligence, risk taking and rationality) described in Rogers’ model. The focus 

is on assessing the predictions made by Rogers (described below). Further to this, the 

paper examines the role of gender as a further socioeconomic measure in line with more 

recent findings that have shown it to be relevant in defining adopter groups (Laukkanen 

and Pasanen, 2008).  

 

4.2.2 Socioeconomic characteristics in Diffusion of Innovations 

4.2.2.1 Age  

Rogers states that ‘Earlier adopters are no different from later adopters in age.’ 

(Rogers, 2003. p. 288). There is inconsistent evidence about the relationship between age 

and innovativeness,’ about half of the 228 studies on this subject show no relationship, 19 

percent show that earlier adopters are younger, and 33 percent indicate they are older.’ 

(Rogers, 1983. p. 257). More recent research however in the domains of interactive TV 

(Leung and Wei, 1998), electronic banking (Lee and Lee, 2000) and electric cars (Hidrue 

et al., 2011) have shown early adopters to be younger in age than later adopters. Due to 

being such an easy to obtain data point (nearly every online service requires a date of 

birth when registering), understanding this relationship can be of great value, and can be 

easily employed by companies who may wish to tailor their product development or 

marketing to early adopters. For example, if the research suggests that younger customers 

may be most likely to adopt a new mobile app, it would make sense to tailor early 
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advertising campaigns to younger audiences when releasing a new app as they would be 

the most likely to adopt the app at an early stage.  

4.2.2.2 Wealth 

With regards to wealth Rogers argues that ‘Earlier adopters have higher social status 

than later adopters. Status is indicated by such variables as income, level of living, 

possession of wealth…’ (Rogers, 1983. p. 251). Roger’s acknowledges that the 

association between wealth and innovativeness is likely to be a two-way one. He states 

that being an early adopter of technology can encourage wealth accumulation as the 

greatest profits tend to go to those who first adopt a new technology that can be profited 

from (e.g. early users of Bitcoin). At the same time, some new technologies are costly to 

adopt and are therefore only accessible to the wealthy in the first place, or only the 

wealthy are able to afford the losses associated with failed new technologies. It is difficult 

to discern what the dominant cause of the relationship is (if any), but the research tends to 

point that this relationship exists. The basis for the claim is from a cross cultural study of 

farmers conducted by Rogers (1970) that found the wealth of farmers to be consistently 

related to their likelihood to adopt new farming technologies.  Recent studies have 

supported this finding; although these have tended to be at the country level i.e. findings 

that have shown the average wealth of individuals in a country to be a strong indicator of 

a country’s early adoption of new technologies (Dekimpe et al., 2000; Sunqvist et al., 

2005). For marketers, properly understanding the relationship between wealth and early 

adoption of new technology can be of great importance. Although the previous research 

has shown higher wealth to be positively related to early adoption; the majority of this 

research has related to physical products, often with high costs e.g. farming technologies 

(Rogers, 1970) or household phones in Bangladesh (Tran et al., 2015). It is not yet clear 

whether the same logic applies to the adoption of mobile apps, which are often available 

for free or are inexpensive. It can be costly to target wealthy customers (e.g. higher cost 

per clicks on online campaigns), so if a company wishes to target early adopters it is 

important to confidently know whether they need to target the wealthier consumer in 

order to target early adopters.  

4.2.2.3 Gender 

Although Everett Rogers makes no predictions concerning gender differences between 

adopter groups, more recent work in the field of mobile technology adoption has 

suggested that earlier adopters are more likely to be male (Laukkanen and Pasanen, 

2008). This finding has been supported by a literature review focusing on the role of 
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gender in technology adoption (Goswami and Dutta, 2016) which has shown that this is 

generally the case, but that there are some technology types which show an exception. For 

example, Harsano and Suryana (2014) show that there is stronger behavioural intention in 

females when compared to males to adopt a novel social media application. Venkatesh et 

al. (2003) theorise that the role of gender in technology adoption is a moderating one, in 

which it can moderate other factors such as ‘performance expectancy’ which itself can 

effect whether an individual decides to adopt a new technology.  

Regardless of the reasons why gender may impact technology adoption, it is clearly 

important to measure and control for any role of gender in technology adoption in this 

study as it is evident that there may be some role of gender in the technology adoption 

process and that this can vary across technology types.  

It is important that when targeting early adopters, gender data is used appropriately in 

order to maximise its value. For example, online ad campaigns (e.g Google Adwords) can 

be easily targeted towards either gender. If it is known that one gender is significantly less 

likely to adopt a new technology then it may be a waste of an advertising budget to show 

adverts to these consumers when marketing a new technology.  

 

4.2.3 Personality variables in Diffusion of Innovations 

4.2.3.1 Rationality 

Rogers makes the case that ‘Earlier adopters have greater rationality than later 

adopters. Rationality is the use of the most effective means to reach a given end.’ 

(Rogers, 1983. p. 258). There has been no work which has attempted to create a measure 

of rationality and test the extent to which it differs between adopter groups. One survey 

based study found the interests of early adopters to fit the profile of a low creativity/high 

intelligence personality type, which is associated with a more rational cognitive style 

(Welsh, 1977). The assumption that early adopters are more rational has been used as an 

explanation for why countries with more favourable attitudes towards science are more 

responsive to innovations (Lee, 1990). However, there is clearly a lack of research which 

has attempted to measure associations between rationality and innovativeness. In 

understanding the ‘digital divide’ i.e. the economic and social inequality in access to and 

ability to use new digital technology (Norris, 2001), it is important to understand the 

reasons why people don’t adopt new technologies. The digital divide is argued to 
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negatively affect the prospects of certain groups within society (Bélanger and Carter, 

2009). Current research has mainly focused on the demographic factors that influence 

people to not use new digital technologies (e.g. Livingstone and Helsper, 2007). There is 

little research that covers which psychological factors may drive the tendency for some 

people to not adopt new technology even when it may be the rational decision and 

beneficial for them to do so. Results from studying the link between a measure of 

rationality and technology adoption may help shed light on this important issue.  

4.2.3.2 Intelligence 

Rogers states that, ‘Earlier adopters have greater intelligence than later adopters.’ 

(Rogers, 1983. p. 258). Again, there has been little work which has attempted to directly 

test relationships between intelligence and early adoption, and Rogers does not give any 

explicit reasoning for this assertion in the description of his model. The work that has 

attempted to test this assertion has been survey based (Dickerson and Gentry, 1983) or 

used level of education as a measure (Houston et al., 2004). Both of these studies have 

supported the idea that early adopters are more intelligent than later adopters. However, a 

proxy for intelligence such as education is flawed as there are a host of factors that can 

effect someone’s level of education other than their intelligence and survey methods of 

assessing intelligence rely on the respondents own view of their intelligence which can be 

skewed due to self-attribution bias. A recent literature review of studies focusing on team 

dynamics in work environments has found that the cognitive intelligence of a group tends 

to be associated positively with measures of team innovativeness (Goyal and Akhilesh, 

2007), but there is little research concerning links between individual intelligence and 

innovativeness. Schwartz (1992) offers a psychological basis for the association between 

intelligence and innovativeness, arguing that innovativeness originates in the desire for 

mental stimulation; a feature which is shared with the development of intelligence. There 

is little empirical evidence supporting the claim that earlier adopters have greater 

intelligence than later adopters.  

An understanding of any differences in the intelligence of early adopters may help 

marketers who wish to tailor their campaign to early adopters. This could be either in the 

placement of adverts (e.g. broadsheet vs. tabloid newspapers) or the content of the adverts 

(e.g. simple vs. layered message). If Roger’s (1983; 2003) predictions hold true then it 

would be expected that marketers creating adverts targeted towards earlier adopters 

should bear in mind the predicted differences in intelligence. However, other than 

Rogers’ predictions there has been little empirical evidence to test this association in 
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individuals. The current study will help test whether this would indeed be a logical 

strategy.  

4.2.3.3 Risk attitude 

With regards to risk taking, Rogers proposes that ‘Earlier adopters are more able to 

cope with uncertainty and risk than later adopters.’ (Rogers, 1983. p. 258). Rogers 

argues that the salient feature of earlier adopters of technology is their attitude towards 

taking risks, ‘He or she desires the hazardous, the rash, the daring, and the risky. The 

innovator must also be willing to accept an occasional setback when one of the new ideas 

he or she adopts proves unsuccessful, as inevitably happens’ (Rogers, 1983. p. 248). 

Again, this assertion is supported by a summary of prior survey-based research that had 

tended to point in this direction. Much of the more recent research, rather than attempting 

to measure the risk attitudes of individuals belonging to different adopter groups, has 

instead attempted to measure how consumers perceive the ‘riskiness’ of a new product or 

activity (e.g. Eastlick and Lotz, 1999; Park and Jun, 2003). The purpose of this type of 

work is not to test Rogers’ assumption regarding how individuals in different adopter 

groups differ in their underlying risk attitudes; rather its purpose is to identify similarities 

in the ways that early adopters feel about a certain product they have adopted. There is 

little empirical evidence supporting the claim that early and late adopters differ in their 

attitudes towards risk.  

 

If earlier adopters are indeed more open to risk, then this would have implications for 

those who sell risky products. For example, a manager of a high risk investment fund may 

wish to target earlier adopters of technology. This could be achieved through targeted 

online campaigns (e.g. Google Adwords), or the placement of adverts within newer 

applications (e.g. adverts within Waze, a recent innovative navigation app). Further to 

this, an understanding of the association between early adoption and risk attitude could be 

of use to regulators of the gambling industry. If it is true that earlier adopters are more 

prone to risk taking, then this could help regulators to target harm-prevention campaigns 

towards those who are most likely to exhibit excessive risk-taking.  

 

4.3 Hypotheses  

Following from Rogers’ assumptions and previous research concerning the proposed 

characteristics of individuals belonging to different adopter groups, six hypotheses are 

formed. These consist of three socioeconomic predictions and three psychological 
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predictions. The socioeconomic predictions are tested by using variables in the dataset 

which are directly related to the variables outlined in the hypotheses. The dataset did not 

contain direct measures of the psychological variables proposed by Rogers. Therefore, for 

the psychological predictions, aspects of trading behaviour are measured which relate to 

Roger’s psychological assumptions. The trading behaviour variables, outlined fully in the 

data section, act as proxies for the psychological variables described by Rogers, and 

represent a step forward from the limited previous attempts which have relied on self-

report measures of psychological characteristics.  

The first hypothesis (H1) is recreated almost word-for-word from a prediction made in 

Rogers’ model. Rogers states that ‘Earlier adopters are no different from later adopters in 

age.’ (Rogers, 2003. p. 288). H1 is formed as ‘Earlier adopters of a mobile trading app are 

no different from later adopters in age’. This hypothesis is tested by assessing whether 

there is a relationship between how early a trader adopts the mobile app (DaysToAdopt) 

and the ‘Age’ variable. If Rogers’ prediction is true, there should be no significant 

relationship between these variables.  

The second hypothesis (H2) is adopted from Rogers’ prediction that ‘Earlier adopters 

have higher social status than later adopters. Status is indicated by such variables as 

income, level of living, possession of wealth…’ (Rogers, 1983. p. 251). In order to 

simplify this prediction H2 is formed as. ‘Earlier adopters of a mobile trading app are 

wealthier than later adopters’. This is tested in the current study by assessing whether 

there is a negative relationship between DaysToAdopt and the ‘Wealth’ variable outlined 

in the data section. A negative relationship is expected as Rogers predicts that a longer an 

individual takes to adopt new technologies (i.e. higher their DaysToAdopt value), the less 

likely they are to have a high social status as indicated by their level of wealth.  

The third hypothesis (H3) relates to the relationship between early/late adoption and 

gender. Although Rogers makes no predictions concerning gender, more recent work in 

the area has suggested that earlier adopters are more likely to be male (Laukkanen and 

Pasanen, 2008; Goswami and Dutta, 2016). H3 is therefore formed to test if these 

findings are replicated in the trading data and states that ‘Earlier adopters of a mobile 

trading app are more likely to be male than later adopters’. This is tested by assessing 

whether there is a relationship between DaysToAdopt and the ‘Gender’ variable.  

The fourth hypothesis (H4) relates to Rogers’ prediction concerning the relationship 

between an individual’s technology adoption and their rationality. Rogers states that, 
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‘Earlier adopters have greater rationality than later adopters. Rationality is the use of the 

most effective means to reach a given end.’ (Rogers, 1983. p. 258). From this, H4 is 

formed as, ‘Earlier adopters of a mobile trading app show higher levels of rationality in 

their trading behaviour than later adopters – as measured by the House Money Effect and 

Disposition Effect.’. The House Money Effect and the Disposition are examples of 

irrational biases in decision making behaviour. In the analyses relating to H4 they act as 

proxies for the rationality of individuals; in that it would be expected that more rational 

individuals would be less likely to exhibit these irrational biases in their trading behaviour 

than less rational individuals. If Rogers’ (1983; 2003) predictions relating to rationality 

are true then a positive relationship should be expected between DaysToAdopt and 

likelihood of traders exhibiting these irrational biases in decision making.  

The fifth hypothesis (H5) relates to Rogers’ prediction concerning technology adoption 

and intelligence. Rogers states that, ‘Earlier adopters have greater intelligence than later 

adopters.’ (Rogers, 1983. p. 258). Previous research has shown that the trading portfolios 

of individuals with higher quality of education (Gottesman and Morey, 2006) and higher 

IQs (Grinblatt et al., 2012) tend to perform better than their less educated/lower IQ 

counterparts. From Rogers’ prediction as well as the previous results which suggest that 

traders with higher intelligence should outperform those with lower intelligence, H5 is 

formed as, ‘Earlier adopters of a mobile trading app show higher levels of intelligence in 

their trading behaviour than later adopters as measured by Sharpe Ratio and Return Over 

Investment.’. This hypothesis sets out to assess whether intelligence (by proxy of trading 

success) is associated with technology adoption, as predicted by Rogers.  

The sixth hypothesis (H6) relates to Rogers’ prediction that with regards to risk taking, 

‘Earlier adopters are more able to cope with uncertainty and risk than later adopters.’ 

(Rogers, 1983. p. 258). From this H6 is formed, ‘Earlier adopters of a mobile trading app 

show higher levels of risk taking in their trading behaviour – as measured by Average 

Stake Size and Time Spent in Open Positions.’. Rogers predicts that early adopters are 

more comfortable with taking risks, which partially explains why they are open to 

adopting new technologies in the first place (e.g. in this instance they would be more 

open to the risks associated with downloading a new mobile app). If Rogers’ predictions 

are true it would be expected that there would be differences in risk taking behaviour 

exhibited in the dataset between earlier and later adopters, as measured by the size of the 

stakes traders make, as well as how long they leave trading positions open for – the 
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longer a position is left open, the more risk the trader is exposed to in the form of price 

fluctuations.  

Rogers assumes a ‘linear relationship’ (Rogers, 1983. p. 254) between an individual’s 

early/late technology adoption and corresponding psychological and socioeconomic 

variables outlined in the model. For example, ‘Earlier adopters are more able to cope with 

uncertainty and risk than later adopters.’ (Rogers, 1983. p. 258). In this instance, Rogers 

is predicting that there is a negative and linear relationship between how late an 

individual adopts new technology and their ability to cope with risk and uncertainty. In 

order to test these kind of relationships, the models in this study treat the mobile app 

adoption of individuals as a continuous variable that is equal to the number of days after 

the release date of the mobile trading app that a trader first uses the app. Treating this as a 

continuous variable rather than a categorical variable (e.g. earlier or later adopter than 

average) allows for the assumptions made in the model regarding these linear 

relationships to be tested.   

Robustness checks are also employed in order to identify some possible non-linear 

relationships that may be expected to exist based on thoughts expressed by Rogers 

regarding the categorisation of groups of adopters. The model theorises that there are five 

types of adopters defined by how early they adopt a new technology. Rogers (1983;2003) 

suggests, for example, that the first 2.5% of people to adopt a new technology are 

identified as an adoption group named ‘Innovators’ who have a certain set of 

psychological and behavioural characteristics and similarly outlines four groups of later 

adopters with their own sets of characteristics. Although there is still expected to be a 

linear relationship between technology adoption and the psychological/socioeconomic 

traits outlined in the model, the grouping is suggested to be useful in identifying clusters 

of individuals who share similar traits. To identify these groups within the traders in this 

study, the continuous variable representing early/late adoption (DaysToAdopt) is 

transformed into a categorical variable in which individuals are placed into adopter 

groups following the same method outlined in Rogers’ (1983;2003) model. A five-level 

categorical variable is created to represent this by categorising the first 2.5% of people to 

adopt the app as ‘Innovators’, the next 13.5% as ‘Early adopters’, the next 34% as ‘Early 

majority’, the next 34% as ‘Late majority’ and the final 16% as ‘Laggards’. These 

categorisations follow those outlined in the model, in both the naming and methods of 

allocating individuals. If Rogers’ predictions are true, it would be expected that there 
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would be some differences between these groups in regards to the psychological and 

socioeconomic variables measured in the current analyses.  

 

4.3.1 Socioeconomic hypotheses 

H1 (Age): Earlier adopters of a mobile trading app are no different from later adopters 

in age  

H2 (Social Status): Earlier adopters of a mobile trading app are wealthier than later 

adopters  

H3 (Gender): Earlier adopters of a mobile trading app are more likely to be male than 

later adopters  

4.3.2 Psychological hypotheses  

H4 (Rationality): Earlier adopters of a mobile trading app show higher levels of 

rationality in their trading behaviour than later adopters – as measured by the House 

Money Effect and Disposition Effect. 

H5 (Intelligence): Earlier adopters of a mobile trading app show higher levels of 

intelligence in their trading behaviour than later adopters as measured by Sharpe Ratio 

and Return Over Investment. 

H6 (Risk attitudes): Earlier adopters of a mobile trading app show higher levels of risk 

taking in their trading behaviour – as measured by Average Stake Size and Time Spent in 

Open Positions. 

 

4.4 Data and Methods 

Mobile apps are available to most people - 71% of UK adults own a smartphone (Ofcom, 

2016), and in the case of the data source used in this study they are free to download. This 

means that mobile apps offer a unique insight into the process of technology adoption in 

which there is not a large practical or financial barrier to entry. Whereas many previous 

studies have relied on measuring the characteristics of early adopters of niche industry 

products, for example agricultural technology (Morrison, 2005), this study is able to 

measure the adoption of a type of technology that is widely used across many areas of 
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society. Currently, little is known about whether traditional models of technology 

adoption relate to mobile app adoption.  

The current dataset consists of the records of 1224 customers of a UK spread trading 

company, all of whom were active traders before and after the initial release date of the 

trading company’s mobile app. The traders vary in time taken to adopt the app after its 

release date in October, 2010. However, only traders who did adopt the app at some point 

are included. This allows the comparison of early and late adopters of a new technology, 

and therefore acts as an ideal dataset for testing the predictions made concerning the 

characteristics of adopters groups in the Diffusion of Innovations model (Rogers, 1983; 

2003).  

Spread trading involves traders opening and closing positions on financial instruments. 

Traders can open ‘Buy’ or ‘Sell’ positions. Buy positions are essentially bets on a 

financial instrument increasing in value and sell positions are bets that a financial 

instrument will decrease in value. Traders are able to leverage their initial stakes which 

allows both large profits and large losses that can exceed the initial stake. Trades in this 

dataset cover three currency exchange markets (EUR/GBP, GBP/USD, USD index) as 

well as two indices (DAX and FTSE). Measures are created based on the spread trading 

decisions made by individuals in the dataset in order to assess the psychological 

assumptions made in Rogers’ model (1983; 2003).  

4.4.1 Variables 

The dataset includes demographic information for each trader along with information 

related to each of their trades with the spread trading company e.g. stake size, date of 

trade opening, date of trade closing etc. From this data it is possible to gather the 

following variables relating to each trader in the dataset (Table 1). All of the information 

is collected in the time period between the trader’s date of account opening and the date 

they adopted the mobile app. Trading data collected after an individual’s adoption of the 

app is removed in order to avoid any influence that the use of the trading app may have 

had on their trading behaviour, and therefore focus specifically on any differences that 

exist between adopter groups.  
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4.4.1.1 Table 1 

Variable name Variable 

represents  

Measurement Purpose  

DaysToAdopt Days to adopt the 

mobile trading app 

Number of days 

between app release 

date (05/10/2010) 

and the date on 

which the trader 

first used the 

mobile app to 

execute the trade.  

To differentiate how 

early/late an adopter 

the individual is. 

Used as a DV in 

first part of analysis 

(demographic) and 

as an IV in later 

analysis 

(psychological).  

Age Age of the trader 

(years) 

Trader’s age on the 

day they adopted 

the mobile app. 

For testing H1 

Wealth Amount of money 

(£s)  the trader has 

in savings  

Self-reported entry 

the trader gave 

when opening their 

account  

For testing H2 

Gender Gender of the 

trader (Male or 

Female)  

Derived from the 

title the trader 

describes 

themselves with 

(e.g. Mr, Mrs, Miss 

etc.). In cases 

where the title is 

not gender specific 

(e.g. Dr.), we fill 

this as N/A 

For testing H3 

Experience Number of trades 

the trader has 

made  

Number of trades 

opened by the 

trader between 

account opening 

Allows the 

possibility to 

control for how 

much of a ‘heavy 

user’ a trader is. For 
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and date of app 

adoption 

example it would be 

expected that 

frequent customers 

would be more 

likely to adopt the 

app, so in order to 

isolate the influence 

of any demographic 

factors on adoption 

we control for 

trading experience.  

HME Percentage of 

trading sessions in 

which traders 

shows the House 

Money Effect 

(Thaler, 1990). 

We use a similar 

method to Mann 

and Locke (2001), 

in which we 

measure the extent 

to which traders 

increase from their 

mean stakes in 

periods following 

high profits. This is 

explained in more 

detail later in this 

section. 

A measure of the 

rationality of a 

trader’s decisions. 

For testing H4. 

Disposition A measure of the 

extent to which a 

trader shows the 

Disposition effect 

(Shefrin and 

Statman, 1985).  

A disposition score 

for each trade is 

gathered using a 

method adapted 

from Dhar and Zhu 

(2006). This varies 

between 0 (low 

disposition) to 1 

(high). The mean 

score across each 

trader’s history of 

A measure of the 

rationality of a 

trader’s decisions. 

For testing H4. 
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trades is used for 

this variable. This 

is explained in 

more detail later in 

this section. 

ROI A measure of a 

traders return over 

investment. 

Total return divided 

by total stakes 

A measure of 

decision making 

quality. For testing 

H5. 

Sharpe A measure of 

trading success 

which takes into 

account the risk 

taken. 

Total profits 

divided by standard 

deviation of profits 

for each trade 

(Sharpe, 1994). 

A measure of 

decision making 

quality. For testing 

H5. 

Stakes Average stake 

size, a measure of 

risk taking. 

Mean stake size 

across all trades the 

individual has made 

in their trading 

history. 

For testing H6 

TimeinPositions Average time the 

trader holds 

positions open for. 

A measure of risk 

taking. 

The median amount 

of time that a trader 

holds open their 

positions. The 

longer a position is 

left open the more 

volatility the trader 

is exposed to i.e. 

more risk is taken 

on.  

For testing H6. 

4.4.2 Measurement of psychological variables 

This section elaborates on the methods used to formulate variables that are used to test the 

psychological assumptions made in Rogers’ model.   

4.4.2.1 House Money effect  
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The house money effect is described by Thaler and Johnson (1990) as the irrational 

tendency for decision makers to increase risk taking following periods of gains. In the 

context of financial trading, a trader’s susceptibility to this bias is measured by their 

response to periods of profitable trading, as in Ackert et al. (2006).  

To measure the response to profitable periods, each trader’s daily trading activity is 

separated into an observation period and a measurement period, as is common in 

literature exploring the effects of previous profits on subsequent decision making (Mann 

and Locke, 20019; Wen et al., 2014). In the current dataset 93% of trades are closed on 

the same day as they are opened, meaning that analysis at the day level is appropriate. 

The analysis splits the trading day into an 8am-2pm observation period and a 2pm-5pm 

measurement period15. An observation period is classified as being ‘profitable’ if it is in 

the top 20% of the trader’s history in terms of amount of profit in an observation period. 

If a trader increases from their historical median total stakes in the subsequent 

measurement period then the trading day is coded as a day in which the trader showed the 

house money effect (HME = 1), and vice versa if the trader does not stake more than their 

mean total stakes (HME = 0).  

From this a percentage is calculated for each trader which represents the percentage of all 

eligible trading sessions (i.e. those in which the observation period is highly profitable) in 

which the trader exhibits the house money effect. A higher percentage indicates a higher 

likelihood of a trader exhibiting the bias.  

4.4.2.2 Disposition Effect  

This variable, defined as ‘Disposition’ in the presented models, seeks to quantify an 

individual’s propensity to realise losses compared to their propensity to realise gains. 

From the point at which a trader opens a position, the price of the underlying financial 

instrument is regularly changing from the price at which the position was opened. This 

means that during the time the position is open, it can spend a certain amount of time in 

loss and/or in profit. Traders who are more susceptible the disposition effect tend to keep 

losing position open longer than winning positions. This tendency has been shown to be 

costly to investors (Odean, 1998) and has been generally viewed in the literature as a 

form of irrationality. This has been tested by studies which have shown that the 

                                                   
15 In the interests of robustness we run our analyses with two further methods of defining daily 

observation and measurement periods. The first combination is an 8am to 10am observation period 

with a 10am to 12pm measurement period. The second combination is an 8am to 12pm observation 

period with a 12pm to 5pm measurement period. Any qualitatively different results are reported 
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disposition effect is less likely in more sophisticated and more experienced traders (Feng 

and Seasholes, 2005). If earlier adopters are more rational, one would expect to see a 

positive relationship between DaysToAdopt and ‘Disposition’, after controlling for 

trading experience.  

Dhar and Zhu’s (2006) method for measuring the tendency of traders to hold 

losing/winning positions open is adopted to measure disposition effect. This is achieved 

by tracking any changes in market prices of the position between the point of opening and 

closing the position. A measure of the time a trader keeps open a position whilst it is in 

loss is gathered (TimeinLoss) for each trade as well as how long a position is kept open 

whilst in profit (TimeinProfit) for the set of trades (t) by a trader (i). These measures are 

then aggregated across a trader’s history in order to gather the mean time spent in loss per 

trade (MeanTimeLoss) and the mean time spent in profit per trade (MeanTimeLoss). A 

ratio is then created as the disposition effect measure by dividing mean time in loss by 

mean time in profit plus mean time in loss. A strongly positive disposition effect score 

therefore indicates that an individual is more likely to hold losing positions open longer 

than winning positions.  

 

𝐷𝑖𝑠𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑡𝑖 =  
𝑀𝑒𝑎𝑛𝑇𝑖𝑚𝑒𝐿𝑜𝑠𝑠𝑡𝑖

𝑀𝑒𝑎𝑛𝑇𝑖𝑚𝑒𝑃𝑟𝑜𝑓𝑖𝑡𝑡𝑖 + 𝑀𝑒𝑎𝑛𝑇𝑖𝑚𝑒𝐿𝑜𝑠𝑠𝑡𝑖
 

 

4.4.2.3 ROI 

The return over investment is a measure of the amount of profit the trader makes over 

their amount staked. An ROI percentage is calculated for each trade, and then averaged 

over a trader’s history in order to form an average ROI as below. 

The ROI for an individual trade (t) by trader i is calculated as below. 

𝑅𝑂𝐼𝑡𝑖 =  
𝑅𝑒𝑡𝑢𝑟𝑛 𝑓𝑟𝑜𝑚 𝑡𝑟𝑎𝑑𝑒𝑖 − 𝑆𝑡𝑎𝑘𝑒 𝑜𝑓 𝑡𝑟𝑎𝑑𝑒𝑖

𝑆𝑡𝑎𝑘𝑒 𝑜𝑓 𝑡𝑟𝑎𝑑𝑒𝑖
 

 

The mean ROI for all trades by a trader is then calculated by dividing the ROI per trade 

by the number of trades made by the trader. Previous results have shown that more 

intelligent traders (as measured by IQ scores) are likely to show higher ROIs than their 
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less intelligent counterparts (Grinblatt et al., 2012). In relation to the fifth hypothesis, if 

earlier adopters are in fact more intelligent than later adopters, one would expect to see 

differences between the ROIs of earlier and later adopters. 

4.4.2.4 Sharpe  

The Sharpe ratio (Sharpe, 1994) is another measure of trading performance, which 

expands on ROI in that it accounts for the amount of risk taken on by a trader in order to 

achieve a profit. A trader who has achieved high levels of profit without taking much risk 

has a higher Sharpe ratio than a trader who has achieved the same profits but taken on 

more risk (lower Sharpe ratio). This makes Sharpe ratio a more rounded measure of 

trading performance than ROI alone. A recent study quantified the association between 

individual intelligence (as measured by IQ) and Sharpe ratios obtained from the trading 

histories of Finnish household investors. The results showed that more intelligent 

individuals earn higher Sharpe ratios (Grinblatt et al., 2011) and that this relationship 

exists even after controlling for demographic factors like wealth and age. For this reason, 

in relation to H5, which is based on Roger’s assumption that earlier adopters are more 

intelligent than later adopters (Rogers, 1983; 2003), it is expected that the earlier adopters 

in the dataset will have higher Sharpe ratios than the later adopters.   

To calculate Sharpe ratio across the history of trades (t) made by a trader (i), the mean 

return per trade (AvgReturn) is calculated and then divided by the standard deviation of 

returns of the set of trades (t).  

                      𝑆ℎ𝑎𝑟𝑝𝑒𝑡𝑖 =
𝐴𝑣𝑔𝑅𝑒𝑡𝑢𝑟𝑛𝑡𝑖

𝑆𝑇𝐷𝑇𝑟𝑅𝑒𝑡𝑢𝑟𝑛𝑡𝑖
 

4.4.2.5 Stakes 

The average amount staked per trade by an individual, after controlling for demographic 

factors such as wealth and age, is a useful measure of the risk attitude of an individual. 

Those with higher average stakes are assumed to be more open to taking risk than those 

with lowers average stakes. Most previous work studying risk attitudes has relied on 

survey-based measures of risk amongst individual investors (e.g. Harrison et al., 2007) or 

has taken the form of experimental work under laboratory conditions (Eckel and 

Grossman, 2008). However, there have been some interesting uses of natural data to 

explore risk attitudes; a study by Robert Gertner (2003) used the decisions made by 

players of a TV game show (Card Sharks) in which the average amount staked in a round 

involving financial risk was used as a measure of risk attitude and compared against the 
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optimal strategy to identify risk aversion. If there is some relationship between risk 

attitudes and adoption stage (as predicted in H6) it would be expected to see this reflected 

in the average stake sizes shown across earlier and later adopters in the dataset.  

The average stakes for trader i across set of trades i are measured as follows. 

                      𝑆𝑡𝑎𝑘𝑒𝑠𝑡𝑖 =
Sum of 𝑆𝑡𝑎𝑘𝑒𝑠𝑡𝑖

Number of trades𝑡𝑖
 

 

 

4.4.2.6 Time in positions  

Time in positions is a variable that relates to the average amount of time individuals tend 

to leave trades (i.e. positions) open for. Whilst holding a spread trade position open there 

is a risk that the price of the instrument can rise as well as fall (i.e. volatility in price). 

There is an inherent risk involved in holding a position open for a longer period of time as 

there is more opportunity for the price to fluctuate. For this reason, average time spent in 

open positions is used as a measure of risk attitude, in which individuals who keep 

positions open for longer amounts of time are deemed as having higher risk attitudes. 

This is in fitting with research that has modelled Value at Risk (VAR) in regards to 

financial long and short positions (e.g. Giot and Laurent, 2003).  In respect to H6, which 

based on Roger’s (1983;2003) model expects earlier adopters to show higher levels of 

risk taking, it would be expected that earlier adopters spend more time in open positions 

on average than later adopters.  

The average time spent in open positions (minutes) across an individual’s (i) trading 

history (t) is measured as follows.  

𝑇𝑖𝑚𝑒𝑖𝑛𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑠𝑡𝑖 =
𝑆𝑢𝑚 𝑜𝑓 𝑡𝑖𝑚𝑒 𝑖𝑛 𝑜𝑝𝑒𝑛 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑠𝑡𝑖

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑎𝑑𝑒𝑠𝑡𝑖
 

4.5 Models 

Two sets of linear regressions are estimated in order to test the hypotheses. The aim of the 

first set of models is to assess the extent to which a range of demographic variables 

influence whether an individual is likely to be an earlier/later adopter of the mobile app. 

The variables that are shown to be significant are then incorporated as control variables in 

the second set of models. The aim of the second set of models is to assess the extent to 
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which being an early adopter of the app influences a number of behavioural measures 

over and above the effects of the demographic variables (hence the inclusion of the 

control variables). For this reason, in the first set of models DaysToAdopt is treated as the 

dependant variable and in the second set of models it is treated as the key independent 

variable  

4.5.1 Demographic model 

Model 1 is created to test the socioeconomic and demographic hypotheses outlined in H1-

H3, namely testing whether a set of variables are predictive of whether an individual is 

likely to adopt the mobile trading app earlier or later. A linear regressions is employed, in 

fitting with Rogers’ statement that a ‘linear relationship’ (Rogers, 1983. p. 254) should be 

expected between technology adoption and the variables outlined in the model. The 

multiple linear regression, Model 1, therefore includes variables relating to the age, 

gender and wealth of the individuals in the dataset. The Experience variable is also 

included in order to assess its importance as a control variable for inclusion in the later 

behavioural models, as it is likely than the amount of trading experience that an 

individual has will be an important influencing factor on whether someone is an early or 

late adopter of the mobile app. It would be expected that someone who trades regularly 

has more incentive and opportunity to adopt the mobile app that someone who trades 

sporadically. The Experience variable accounts for this in so far as it is a total of the 

number of trades an individual has made in their trading history. By including this 

variable it is possible to account for any variance in DaysToAdopt that is explained by 

Experience and better isolate any effects that are due to the remaining socioeconomic 

predictor variables, as well as assessing whether it is necessary to include the variable in 

the later psychological models (Models 2-7).  

Model 1 seeks to assess whether an individual’s point on the early/late adopter continuous 

scale, as represented by their DaysToAdopt value, can be predicted by the demographic 

variables outlined in Rogers’ model (1983; 2003). The results of Model 1 can therefore be 

used as evidence for or against hypotheses H1-H3, which all relate to demographic 

variables in the model representing the age (Age), gender (Gender) and wealth (Savings) 

of individual traders. The coefficients and p-values describing the relationships between 

each of the demographic variables and the dependant variable can therefore be used to 

assess the statements made in these hypotheses.  
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DaysToAdopti acts as the dependant variable in Model 1 and represents the DaysToAdopt 

value for trader i. The independent variables in the model are Agei, Genderi , Savingsi and 

Experiencei.  

4.5.1.1 Model 1 

 

𝐷𝑎𝑦𝑠𝑇𝑜𝐴𝑑𝑜𝑝𝑡𝑖 = 𝐴𝑔𝑒𝑖 + 𝐺𝑒𝑛𝑑𝑒𝑟𝑖 + 𝑆𝑎𝑣𝑖𝑛𝑔𝑠𝑖 + 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 + 𝑐 

 

4.5.2 Psychological models 

To test the psychological set of hypotheses (H4-H6), a set of multiple linear regression 

models (Models 2-7) are employed in which each of the psychological variables outlined 

in Rogers’ model are treated as dependant variables and DaysToAdopt is treated as an 

independent variable.  

This structure of Models 2-7 differ from the structure of Model 1 in that DaysToAdopt is 

an independent variable, along with the demographic variables, in Models 2-7 rather than 

a dependant variable. This allows a clearer interpretation of the multiple factors than can 

effect an individual’s trading behaviour; many of which have already been established in 

the literature. For example, it has been shown that trading experience tends to dampen the 

disposition effect (Dhar and Zhu, 2006; Da Costa et al., 2013) and that being male 

increases likelihood of experiencing the House Money Effect (Lam and Ozorio, 2013). 

The direction of links between the demographic variables and the behavioural variables 

have already been somewhat established, with the direction of reported effects being that 

the demographic variables exert influence on the behavioural variables, rather than the 

other way round (e.g. there is no research arguing that a behavioural variable like the 

Disposition Effect, could exert influence on a demographic variable like a person’s age or 

gender). For this reason, Models 2-7 reflect the suggested direction of these associations 

by treating the behavioural variables as dependent variables. In the case of Model 1 this is 

not necessary as Rogers (1983; 2003) makes no suggestion as to the direction of any 

causal relationship between any of the psychological or socioeconomic variables 

discussed in the model and technology adoption; rather it is only specified that some 

relationship exists.   

Models 2-7 are all similar in their structure and only differ in the dependent variable used, 

which varies in order to test the corresponding hypotheses. Models 2 and 3 relate to H4; 

Models 4 and 5 relate to H5 and Models 6 and 7 relate to H7. 



109 

 

Any demographic variables which are shown to be related with DaysToAdopt from the 

results of Model 1 (i.e. Age, Savings and Experience) are included in Models 2-7 as 

independent variables in order to control for any variation in the DaysToAdopt variable 

that should be attributed to the demographic variables. This process allows for the 

isolation of any variation in the dependant variable of each model that are specifically 

attributable to DaysToAdopt and therefore allow the evaluation of the psychological 

hypotheses H4-H6.  

Each of the Models 2-7 follow the same structure, in that a measure of trading behaviour 

relating to one of the hypotheses H4-H6 is treated as the dependant variable. For example 

in Model 2, the HME value associated with trader i is denoted as HMEi and treated as the 

dependant variable, whereas in Model 3 the dependant variable is the Disposition value 

associated with trader i and is denoted as Dispositioni. The independent variables in each 

of Models 2-7 are identical. They represent the DaystoAdopt value for trader i as 

DaysToAdopti, the Age of trader i as Agei, the Savings value for trader i as Savingsi and 

the experience value for trader i as Experiencei as well as the error term c. 

 

4.5.2.1 Model 2  

𝐻𝑀𝐸𝑖 = 𝐷𝑎𝑦𝑠𝑇𝑜𝐴𝑑𝑜𝑝𝑡𝑖 + 𝐴𝑔𝑒𝑖 + 𝑆𝑎𝑣𝑖𝑛𝑔𝑠𝑖 + 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 + 𝑐 

4.5.2.2 Model 3  

𝐷𝑖𝑠𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑖 = 𝐷𝑎𝑦𝑠𝑇𝑜𝐴𝑑𝑜𝑝𝑡𝑖 + 𝐴𝑔𝑒𝑖 + 𝑆𝑎𝑣𝑖𝑛𝑔𝑠𝑖 + 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 + 𝑐 

4.5.2.3 Model 4 

𝑅𝑂𝐼𝑖 = 𝐷𝑎𝑦𝑠𝑇𝑜𝐴𝑑𝑜𝑝𝑡𝑖 + 𝐴𝑔𝑒𝑖 + 𝑆𝑎𝑣𝑖𝑛𝑔𝑠𝑖 + 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 + 𝑐 

 

4.5.2.4 Model 5  

𝑆ℎ𝑎𝑟𝑝𝑒𝑖 = 𝐷𝑎𝑦𝑠𝑇𝑜𝐴𝑑𝑜𝑝𝑡𝑖 + 𝐴𝑔𝑒𝑖 + 𝑆𝑎𝑣𝑖𝑛𝑔𝑠𝑖 + 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 + 𝑐 

 

4.5.2.5 Model 6 

𝑆𝑡𝑎𝑘𝑒𝑠𝑖 = 𝐷𝑎𝑦𝑠𝑇𝑜𝐴𝑑𝑜𝑝𝑡𝑖 + 𝐴𝑔𝑒𝑖 + 𝑆𝑎𝑣𝑖𝑛𝑔𝑠𝑖 + 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 + 𝑐 

4.5.2.6 Model 7 

𝑇𝑖𝑚𝑒𝑖𝑛𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑠 = 𝐷𝑎𝑦𝑠𝑇𝑜𝐴𝑑𝑜𝑝𝑡𝑖 + 𝐴𝑔𝑒𝑖 + 𝑆𝑎𝑣𝑖𝑛𝑔𝑠𝑖 + 𝐸𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 + 𝑐 
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4.6 Results 

4.6.1 Demographic results 

From the output of Model 1 as shown in Table 2 below, it is clear that both Experience (β 

= -15.18, p < 0.05) and Age (β = 3.01, p < 0.05) are significant variables in predicting the 

number of days traders take to adopt the mobile trading app (DaysToAdopt).  Neither 

Savings nor Gender are shown to be significant predictors of DaysToAdopt. 

In terms of the hypotheses; the results of Model 1 do not support H1, in that there is a 

significant and positive relationship between Age and DaysToAdopt, which does not fit 

with the prediction outlined in H1 that, ‘Earlier adopters of a mobile trading app are no 

difference from later adopters in age’. The lack of a significant relationship between 

Savings and DaysToAdopt does not offer support for H2’s prediction that ‘Earlier 

adopters of a mobile trading app are wealthier than later adopters’. However, it should be 

noted that the relationship is close to being statistically significant (p = 0.07) and the 

direction of the effect of Age is the same as the direction predicted in H2. In terms of H3, 

the lack of a significant relationship between the Gender variable and DaysToAdopt does 

not support H3’s prediction that ‘Earlier adopters of a mobile trading app are more likely 

to be male than later adopters’.  

The results from Model 1 support the inclusion of both Experience and Age as control 

variables in the further analysis. The results show that both of these variables are 

correlated with DaysToAdopt In order to account for any variance in the dependent 

variables in Models 2-7 that can be accounted for by Age and Experience rather than the 

DaysToAdopt variable itself, these variables are included as independent variables 

alongside DaysToAdopt in Models 2-7. Savings is also included as a control variable in 

Models 2-7 due to the fact that it is close to being a significant variable in Model 1 (β = -

2.8, p = 0.07).  

4.6.1.1 Table 2 

Variable Coefficient (β) Std. Error T-value p-value 

Experience -15.18 40.04 6.78 <0.0001*16 

Age 3.01 0.69 4.36 <0.0001* 

Savings -2.80 1.53 -1.83 0.07 

                                                   
16 * P-value is less than 0.05 
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Gender = Male -11.29 1.81 -0.97 0.33 

 

4.6.2 Behavioural results 

Table 3 summarises the outputs of Models 2-7. The predictor variable of interest, in terms 

of evaluating hypotheses H4-H6, is DaysToAdopt in each of these models. The β value 

for DaysToAdopt is presented for each of Models 2-7 in Table 3 along with the Standard 

Error, T-value and p-value of the DaysToAdopt variable in each model. The full outputs 

of Models 2-7 are presented in the appendices (Tables 4-9), and include corresponding 

values for all other predictor variables in each of the models (i.e. Age, Savings and 

Experience). 

 

In terms of H4, the results of Model 2 and Model 3 show that there is no significant effect 

of DaysToAdopt on HME (Model 2) or the Disposition Effect (Model 3). These results 

therefore do not offer support for H4’s prediction that, ‘Earlier adopters of a mobile 

trading app show higher levels of rationality in their trading behaviour than later adopters 

– as measured by the House Money Effect and Disposition Effect.’.  

The results of Model 4 and Model 5 do not offer support for H5, in that there is no 

significant effect of DaysToAdopt on ROI (as shown in Model 4) or Sharpe (as shown in 

Model 5). This does not support H5’s prediction that, ‘Earlier adopters of a mobile 

trading app show higher levels of intelligence in their trading behaviour than later 

adopters as measured by Sharpe Ratio and Return Over Investment.’.  

In relation to H6, the results of Model 6 and Model 7 show that there is no significant 

effect of DaysToAdopt on Stakes (Model 6) or TimeInPositions (Model 7). These results 

therefore do not support the predictions made in H6 that, ‘Earlier adopters of a mobile 

trading app show higher levels of risk taking in their trading behaviour – as measured by 

Average Stake Size and Time Spent in Open Positions.’.  

It is clear from the results of Models 2-7, as presented in Table 3, that there is no 

significant effect of the DaysToAdopt variable on any of the measures of trading 

rationality (HME and Disposition), intelligence as measured by trading performance (ROI 

and Sharpe) and risk taking (Stakes and TimeinPositions). These results do not support 

any of the psychological predictions outlined in the hypotheses (H4-H6), and therefore do 
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not support the characterisations made in Rogers’ (1983; 2003) Diffusion of Innovations 

model.  

4.6.2.1 Table 3 

Model/Dependant 

Variable  

Coefficient 

(β) of 

DaysToAdopt 

Std. Error T-value p-value 

Model 2 - HME -0.1e-4 0.03 -0.36 0.72 

Model 3 - 

Disposition 

0.7e-4 0.2e-4 0.80 0.43 

Model 4 - ROI 0.02e-1 0.1e-2 1.15 0.30 

Model 5 - Sharpe -0.6e-5 0.5e-4 1.36 0.90 

Model 6 - Stakes -0.8e-3 0.9e-3 -0.88 0.38 

Model 7 - 

TimeinPositions 

0.17 0.19 0.89 0.38 

 

4.6.3 Robustness tests 

Two sets of robustness tests are employed. Firstly, Models 2-7 are repeated but with the 

DaysToAdopt variable treated as a categorical variable. This involves splitting 

DaysToAdopt into a categorical variable in which individuals are placed into adopter 

groups based on Roger’s model (1983; 2003).  As in Rogers’ model, the first 2.5% of 

people to adopt the app are characterised as ‘Innovators’, the next 13.5% as ‘Early 

adopters’, the next 34% as ‘Early majority’, the next 34% as ‘Late majority’ and the final 

16% as ‘Laggards’ (as detailed in Table 10 of the appendices). This approach allows for 

any non-linear relationships that may exist between adopter groups and the dependant 

variables. The results of these adapted models were no different to those presented in the 

previous models, in that there was consistently no evidence to suggest differences in the 

behavioural variables across adopter groups (as shown in table 11 in the appendices).  

Secondly, the possibility that the definition of ‘adopting’ the app could be flawed is 

tested. The models presented so far characterise a trader who has made one or more trade 

with the mobile app as having adopted the app however, it is possible that a trader may 

have used it for one, or few trades and not adopted it into their general trading behaviour. 

Models 2-7 are therefore repeated but by only classifying traders as having adopted the 
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app if they have used the app 5 times or more. It is shown that this modification makes no 

significant difference to the outputs of the models as shown in Table 12 in the appendices. 

 

4.7 Discussion 

Roger’s (1983; 2003) model of technology adoption has been hugely influential; it has 

been used across disparate fields such as healthcare (e.g. Murphy et al., 2017; McMullen 

et al., 2015; Zhang et al., 2015), IT/computer science (e.g. Nickerson et al., 2014) and 

business (Wunderlich et al., 2014). It has often been used as a framework to either frame 

the research questions or explain the results of these studies. There has been very little 

work that has attempted to empirically assess the assumptions made in the model. One 

notable exception is Aral et al.’s (2009) work which highlighted the importance of 

individual characteristics in determining technology adoption when compared to the 

importance of Rogers’ (1983; 2003) assumptions relating to communication channels. 

The results from the current study can be used to evaluate two separate sets of 

assumptions made in Rogers’ (1983; 2003) model; demographic and psychological. This 

is the first study to take advantage of a large natural dataset concerning technology 

adoption to test both of these assumptions. The results do not support either the 

demographic or psychological assumptions outlined in Rogers’ model, raising questions 

regarding the lack of existing research that supports these predictions, as well as whether 

the model’s assumptions remain relevant with respect to modern technology.  

The paper shows that, within a group of spread traders who vary in their time taken to 

adopt a new mobile trading app, there are significant demographic variables that are 

useful in predicting the time taken to adopt the app. It is shown that age is an important 

variable, with older traders generally taking longer to adopt the app. A weak effect of 

wealth is shown, as measured by savings level, but this is shown to not be significant.  

Both of these results are contrary to Rogers’ predictions made in the Diffusion of 

Innovations model in which Rogers states that ‘Earlier adopters are no different from later 

adopters in age’ (Rogers, 2003, p.288) and that early adopters are predicted to be 

wealthier than later adopters. It is also shown that trading experience is a significant 

predictor of how long an individual takes to adopt the trading app, with more experienced 

traders adopting the app sooner than their less experienced counterparts. Domain 

experience is not a factor which is accounted for in Rogers’ model, and this result could 

be used to guide future models which may wish to account for the effect of this variable.  
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Although the findings concerning the relationship between age and technology adoption 

are not consistent with Rogers’ (1983; 2003) model, they do fit well with more recent 

research in this area. Studies which have looked at age differences between early and late 

adopters of interactive TV (Leung and Wei, 1998), electronic banking (Lee and Lee, 

2000) and electric cars (Hidrue et al., 2011) have shown a similar, negative relationship 

between age and the length of time it generally takes an individual to adopt a new 

technology. These results, along with the current findings, may point to a shift in the 

relationship between age and technology adoption that has occurred in the time since 

Rogers’ (1983, 2003) model was created. This could be influenced by the types of 

domains that these studies focus on, which is likely influenced by what technology is 

considered ‘cutting edge’ at the time. For example, the bulk of the adoption research 

carried out by Rogers’ and other academics in the field in the time period around the 

creation of the model was based on the adoption of new farming technologies (e.g. 

Rogers, 1962), and may not be as relevant to understanding the adoption of more current 

technologies such as mobile apps.  

The current findings highlight the issues with trusting the assumptions made in a model 

based on dated evidence concerning the relationship between humans and technology as 

there has been a dramatic shift in the nature of this relationship as we have entered the 

‘information age’ (Castells, 2011). This shift is characterised by the ease of accessibility 

to new digital technology for younger people, described as ‘digital natives’ (Prensky, 

2001), who have been surrounded by the web and digital technology for most of their 

lives. Whereas the financial and practical (i.e. time taken and effort required) costs of 

adopting the novel technologies referenced in Rogers’ original work (1983), including 

new farming technologies, may have acted as a barrier to entry, the mass production and 

ease of use of cheaper electronic goods has made the barrier to entry for modern 

technology much lower. The low financial barrier to entry of adopting new digital 

technology also offers an explanation as to why the wealth of individuals in the dataset 

used in this study was not shown to be predictive of the time taken to adopt a new mobile 

app, as Rogers’ (1983;2003) model predicted it would. Whereas wealth may be a 

legitimate barrier to adopting more expensive innovations, mobile apps do not seem to 

suffer from the barriers associated with individual wealth. Future models of technology 

adoption should incorporate these findings as well as those in the wider literature, and 

acknowledge that the role of age and wealth as demographic predictors of technology 

adoption may differ across technologies, depending on, for example, their cost of 

adoption. 
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The current study also tested the psychological predictions made in Rogers’ model (1983; 

2003). The measure of how early traders adopt a new mobile app is not shown to be 

predictive of measures relating to; risk attitudes, trading success/intelligence or rationality 

of traders. These results do not fit with the psychological predictions made in Rogers' 

work (1983; 2003). These predictions were originally built upon the results of a number 

of studies that were not necessarily designed to directly test these assumptions, and 

Rogers admitted in his description of the model that ‘Personality variables associated with 

innovativeness have not yet received much research attention, in part because of 

difficulties of measuring personality dimensions in field interviews’ (Rogers, 1983. p. 

257). The current study benefits from its use of behavioural measures of psychological 

variables with the intent of testing Rogers' assumptions. This allows key psychological 

predictions made in this hugely influential model to be empirically assessed against the 

adoption of a modern technology.  

The little research that has been done in this area since Rogers made his predictions 

concerning the distinct psychological characterisations of adopter groups has failed to use 

behavioural measures to test the psychological assumptions made. The work has instead 

attempted to identify novel psychological characteristics that are predictive of early 

adoption of new technologies. For example Dickson and Gentry (1983) found that early 

adopters of new home computers were of a 'creative' personality type. Dimitrova (2006) 

took a similar approach regarding studying the characterises of adopters of E-Government 

services, and found that 'civic mindedness' and 'perceived usefulness' were key factors in 

predicting the likelihood of an individual adopting E-Government tools. More recently, 

Lee (2014) examined smartphone adoption and found that 'normative peer influence' was 

a strong predictor of adoption. The trend in this research seems to be in finding early 

adopters of a new technology and then working back to find what factors can be used to 

characterise them. This type of work references Rogers' model in that the approach is 

similar, but it rarely attempts to test its predictions. This likely comes from the pursuit of 

identifying measurable variables that are useful in predicting early adoption. These types 

of variables have an obvious financial value to them for businesses who are trying to 

market new technologies. This is likely why the demographic variables identified by 

Rogers have had more research associated with them (e.g. Laukkanen and Pasanen, 2008; 

Goswami and Dutta, 2016) - they are much easier to measure. The current study takes a 

different approach to the previous work in this area by using behavioural variables to help 

assess the original psychological assumptions made in Rogers' model.  
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Previous research has avoided attempting to test the psychological variables associated 

with different adoption groups; possibly because of the inherent difficulty in measuring 

these types of variables. For example, risk preferences are difficult to measure as an 

individual’s risk preferences may vary across different domains in their life. An 

individual’s risk preferences in the domain of their trading activity may not correlate with 

risk preferences in other aspects of an individual’s life. Some research has supported this 

idea with evidence that risk preferences are not stable across contexts (Barseghyan et al., 

2011), however there is also work that has shown that an underlying risk preference can 

explain a large proportion of risk attitudes across contexts for individuals (Dohmen et al., 

2011), suggesting that an individual’s risk attitude is a somewhat stable personality 

variable. Either way, the failure in Rogers’ model (1983;2003) to explicitly state what 

type of risk construct (domain specific or global) is associated with adopter categorisation 

is a problem with the model itself, as it makes it’s assumption regarding risk difficult to 

test. For this reason, future models of technology adoption should attempt to not only 

identify factors that are predictive of technology adoption, but also state explicitly how 

these variables are formed and how they should be measured so that the evidence 

supporting the model can be reproduced consistently. 

This is the first attempt of an examination of Roger’s psychological characterisations of 

adopter categories which has used large-scale, natural data. The use of natural data is a 

step forward from other studies which have taken a survey-based approach to exploring 

the correlation of psychological variables with adopter categories or measures of 

innovativeness (e.g. Ostlund, 1974). Further research may want to take a similar approach 

but measure these variables in another context than stock trading in order to build on the 

results of the current study.  

A potential issue with the current study is that it is impossible to know when and how 

each individual trader came to know about the existence of the mobile trading app. It is 

possible that some traders just happened to be made aware of the app earlier by chance 

(e.g. seeing an advert on a bus) and this was the reason they adopted the app early, rather 

than demographic or psychological characteristics being the main driver of adoption. It 

would therefore be beneficial to have some data relating to the format and date at which a 

trader is first made aware of the app to see; firstly how this correlates with app adoption, 

and secondly whether how early an individual is made aware of the new app is mediated 

by any demographic or psychological factors. Future studies in this area may wish to use 

a mixed methods approach in order to learn more about the context of technology 
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adoption. For example, survey data could be used in combination with trading data in 

order to help understand more about how and why people adopt new mobile apps.  

In measuring psychological variables like intelligence or rationality, there is the issue that 

you can never measure the underlying variable directly as it does not exist as something 

which is objectively measurable. Studies of this type will always have to rely on some 

proxy measure of psychological variables, normally induced by a survey. The current 

study makes an effort to avoid this problem by building hypotheses that focus on 

measurable behaviours that stem from the psychological predictions made by Rogers 

(1983; 2003). It would be expected, for example, that if early adopters have a higher level 

of some underlying characteristic of risk taking, that they would differ in a measure of 

their risk taking in respect to their trading behaviour. The fact that this, along with 

measures relating to intelligence and rationality, is not the case in the results from the 

study, acts as evidence against the psychological predictions made in Rogers’ model.  

The search for novel psychological variables which relate to innovativeness/early 

adoption is ongoing. Weimann and Hans-Bernd (1994) identified the concept of 

‘psychological strength’; Lee (2014) identified measures of ‘self-efficacy’ and ‘self-

innovativeness’ and Lynn et al. (2014) identified ‘openness’ and ‘conscientiousness’  to 

be associated with early adoption of technologies across separate domains. Future models 

of technology adoption could attempt to improve on the existing literature in this area by 

identifying variables relating to innovativeness that are easier to measure – arguably by 

focusing on measurable behaviours rather than difficult-to-measure psychological traits. 

In this sense, the current study acts as an example of how this approach can be taken, by 

observing whether differences in measurable, financial decision making behaviour exist 

between different adopter groups.  

4.8 Conclusion 

The current study has presented results which are not in fitting with Roger’s model (1983; 

2003). Along with recent results of other studies in this area (e.g. Leung and Wei, 1998; 

Lee and Lee, 2000; Hidrue et al., 2011), these findings suggest that there may be a need 

to update Rogers’ model to improve its relevance to current day innovations. Whereas the 

types of cutting edge technologies introduced in the 60’s (when Rogers’ model was first 

introduced) may have had high financial barriers to entry and a niche audience (e.g. 

agricultural technology), new technology is now more widely available. For example, 

most young people now own personal computers and smartphones (Ofcom, 2016) and a 
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lot of ‘cutting edge’ technology comes in the form of software or apps which run on top 

of these platforms. These are typically free or relatively cheap, meaning that their 

adoption is more based on the innovativeness of the user rather than socioeconomic 

barriers which could limit their ability to adopt the innovation. Models of technology 

adoption should therefore take this into account and could, for example, acknowledge that 

the relationship between age and adopter category may be mediated by other factors, such 

as the cost of the new technology.  

This study focused on a sub-section of the demographic and psychological predictions 

made in the model. Future work should seek to empirically test the predictions we were 

unable to measure in the current study. These predictions include associations between 

technology adoption and, for example; education level, dogmatism and level of 

aspiration. Further work could also attempt to cross-validate these findings by employing 

a similar method across other domains of innovations. For example, it would be 

interesting to see whether the negative relationship shown in this study between age and 

time taken to adopt new technology is also evident in respect to the adoption of current 

agricultural technologies, as this would directly contrast the studies which originally 

supported the model’s predictions, i.e. Rogers et al. (1970) who found a positive 

relationship between age and technology adoption in the domain of agricultural 

technology.  

The rise of big data offers the opportunity to test the assumptions of existing theories on 

wide scale, natural data. For example, recent studies have used social media data to help 

understand how people make investment decisions (Bollen et. al, 2011). However, there 

has been no previous academic work, other than the current study, that has utilised this 

type of natural data for the purposes of examining innovator characteristics. This presents 

an opportunity in the field and this study is the first attempt to take a step in this direction. 

The wealth of consumer data that is now collected means that there are countless 

opportunities for large scale analysis of how consumers adopt new technologies. It is 

highly likely that businesses are taking advantage of these techniques to help better 

understand their customers, and in much the same way there is an opportunity for 

academics to use this type of data to help build better models of technology adoption.   
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5 Chapter 5: Conclusions 

 

The work presented over the course of this thesis offers a unique insight into individual 

differences in decision making behaviour and biases through the lens of financial trading 

records. The existing research in this area has been limited in that there has been little 

work that has attempted to highlight individual differences in decision making biases 

other than across basic demographic differences. For example, there has been plenty of 

research which has highlighted the prominence of the house money effect and assessed 

how it differs across demographic variables such as gender and age, but the work which 

highlights any associations between an individual’s level of experience and their tendency 

to exhibit this bias has been limited to theoretical models with little empirical support. 

There has been very little research that has empirically examined any associations 

between biases in decision making and the psychology of individuals – again this area of 

research has generally been confined to theoretical models.  Further to this, the research 

that has examined individual differences in decision making biases has tended to rely on 

survey based measures of the thoughts of fairly specific groups of people e.g. fund 

managers or students rather than measuring the actual behaviour of individuals. The work 

in all three papers in this thesis improves on the existing knowledge by validating existing 

models of decision making behaviour with data gained from the everyday financial 

decisions of thousands of online decision makers.  

The first paper in this thesis provides insights concerning the relationship between an 

individual’s domain experience and their susceptibility to the house money effect – a 

common decision making bias. The relationship is found to be a more complicated one 

than may be expected, but it fits with a popular existing model of the development of 

overconfidence in financial decision making. The findings from the second and third 

papers build an understanding of the relationship between technology adoption and 

decision making biases. Existing models predict that there are persistent differences in the 

decision making behaviour of those who adopt new technologies at different points in 

time. The results of the papers show that relationships exist in this area, but that the 

distinction between an adopter and a non-adopter of a new technology is much more 

important than the distinction between an early and a late adopter. Further to this, the 

second paper shows that the actual use (rather than just adoption) of a new technology, in 

this case a smartphone app, can increase the likelihood of a trader exhibiting a decision 

making bias.   
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The methods used across the three papers are consistent with each other, in how they 

measure the HME and demographic variables, as well as being consistent with previous 

work in the field. One difference between the three papers is that the third paper adopts a 

p-value significance threshold of 0.05 rather than the 0.01 p-value threshold used in the 

first two papers. Due to only focusing on mobile adopters, the dataset in the third paper is 

much smaller. The 0.05 p-value threshold is common in psychological studies with 

similar sample sizes. The much larger datasets used in the first two papers allow for 

significant effects to be identified at the lower 0.01 p-level. The choice was made to adopt 

a lower threshold prior to undertaking the analysis in order to add to the validity of the 

findings in the first two papers. Further to this, the key story of the third paper is that the 

results regarding relationships between the mobile app adoption and the psychological 

variables are not significant - which makes it hard to support Rogers’ (1983; 2003) 

theory. A higher p-value threshold of 0.05 amplifies the fact that no evidence was found 

to support assumptions made in Rogers’ influential theory. In this sense, the higher p-

value threshold of 0.05 adds validity to the conclusion that there is no evidence found to 

support the theory. It should be noted that the higher threshold does also make it easier to 

find significant results regarding the demographic variables (age and wealth) and their 

relationship with early technology adoption. However the demographic results fit with 

more recent current literature (Leung and Wei, 1998; Lee and Lee, 2000; Hidrue et al., 

2011). It is therefore not as important to hold these findings to as high a level of statistical 

significance as they are not suggesting changes to the current knowledge, whereas the 

other results – both in this paper and the other two, do suggest changes to the current 

thinking.  

The theoretical implications for the work in this thesis are clear as each of the papers offer 

empirical examination of specific claims made in two influential behavioural models. The 

first paper relates to Gervais and Odean’s (2001) model of the relationship between 

experience and overconfident decision making behaviour and the second and third offer a 

detailed examination of claims made in Rogers’ (1983; 2003) influential ‘Diffusion of 

Innovations’ model. Further to the theoretical implications of this work, arguments are 

made in each of the papers concerning both the commercial and policy making value 

associated with the findings.  

There is clear commercial value in understanding how and why people make certain types 

of decisions, especially for companies who deal with consumers engaging in financial 

decisions (e.g. bookmakers, spread trading providers and stock brokers). The work in this 
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thesis offers novel insights into how individuals make financial decisions, based on the 

behaviour of financial spread traders. The knowledge created in this thesis can be applied 

commercially to help companies understand individual differences in the decision making 

biases of their customers. For example, the first paper finds that moderately experienced 

traders are more likely to increase risk taking following profits than traders of lower 

experience levels.  The second paper finds that mobile app adopters are more likely than 

non-adopters to increase risk taking following profitable periods. From a commercial 

perspective this nuanced understanding of a group of customers could give a business a 

competitive advantage. For example, a bookmaker may wish to target promotions at 

moderately experienced mobile app users who have recently experienced high profits – as 

these individuals are more likely than others to exhibit increased risk taking in the 

following period according to the findings of the first and second paper. It should be 

noted, however, that it is possible that the findings from this study of individual spread 

traders may not be replicated in other groups of consumers e.g. sports gamblers. For this 

reason, any commercial value would best be obtained by the repeated application of the 

methods developed in this thesis in order to analyse the specific group of customers a 

business is interested in analysing. Further empirical research should also look to 

replicate these findings across datasets relating to different forms of financial decision 

making in order to ensure that the findings are applicable across different financial 

contexts.  

The findings presented in this thesis are also of value in terms of forming new policy. 

Regulators may wish to use the findings from these papers for a number of purposes. 

They could be particularly useful in identifying and protecting vulnerable decision 

makers. The results presented in this thesis highlight the groups of traders that are most 

likely to be prone to irrational financial decision making behaviour. Regulators could use 

this information to help guide campaigns which look to prevent forms of irrational trading 

or gambling. Marketing campaigns, for example, could be aimed at potential problem 

gamblers by targeting smartphone users – in line with the results showing that this group 

are particularly susceptible to the house money effect. Targeting of this group can be 

easily achieved using digital marketing methods such as Facebook advertising or Google 

AdWords. Further research may wish to examine if existing campaigns in this domain 

could be improved through this type of targeting.  

Further to this, regulators may wish to regulate mobile gambling more strongly compared 

to other forms of gambling based on the results in the second paper that show traders to 
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be more likely to make poor quality decisions when trading with mobile devices. Further 

work is needed to confirm the initial pattern of results shown in this work, however there 

is clear potential for the application of findings in this direction. The findings could be 

implemented, for example, by requiring spread trading providers to serve in-app warnings 

to mobile users who have recently experienced higher than usual profits as the results 

would suggest that these traders are at a higher than usual risk of exhibiting biased 

decision making in these periods. In much the same way, banks and other business that 

have staff who make online trades with huge amounts of money may wish to take these 

findings into account. Often traders are required to use their company’s software to gather 

data and execute trades. Therefore, the ability to predict periods when a trader may be 

more likely than usual to make an irrational decision could be hugely valuable as there 

would be an opportunity to build warnings into the software based on the trader’s prior 

decisions.  

In building a sustainable digital economy it is important to understand any influence that 

the web, and the evolving ways of accessing it can have on consumer decision making. 

Current UK policies, for example, treat online gambling with more lenience than in-store 

gambling. High street betting stores are required to employ highly visible warnings 

regarding the dangers of gambling, yet there are no such requirements for their online 

counterparts. The work in this thesis has shown that in-app trading can produce more 

impulsive consumer decision making than other methods of trading. There is a lot of 

opportunity for these types of findings to be incorporated into UK trading and gambling 

regulations, in order to make evidence based regulation for the digital economy. 

The understanding that mobile app use can be a predictor of behavioural biases is not 

only important in the context of trading and gambling, but in any context where mobiles 

apps are used as a platform for financial decisions. Traditional financial activities are 

moving not only online but to mobile devices, as is evidenced by the growing FinTech 

(Financial Technology) industry. As online/mobile banking becomes the norm, it is 

important to understand the effects that mobile app use can have on the ways in which 

people interact with their money. Future work should look not only at the convenience 

that mobile financial apps bring users but also the potential risks that are associated with 

using mobile apps for important financial decisions, whether it be in regards to privacy, 

security or in the context of decision making quality.  
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The findings shown across the three papers in this thesis, along with the existing research 

covering biases in financial decision making could be of great value to individuals who 

make risky decisions in their day to day lives – for example sports gamblers and 

individual investors. It is likely that a lot of money is lost by individuals who are not 

understanding their own susceptibility to common biases in financial decision making. 

Governments, charities and those who have an interest in regular people not losing money 

unnecessarily may wish to help promote findings from this field and help make them 

accessible to those who may not ordinarily read academic papers. This could be achieved, 

for example – by creating a website in which the results from studies in this field are 

presented in a user-friendly manner. Online games could be presented to help highlight to 

individuals how they are susceptible to biases such as the HME, without them having to 

lose money. For example, a series of mock gambling scenarios could be presented to the 

user, as in Kahneman and Tversky’s (1979) seminal experiments, with the results 

presented in a way that highlight whether the user is likely to increase risk taking 

following profitable periods – along with an explanation as to why this may be an 

irrational strategy.  

 

A potential issue with the use of the spread trading data in the second and third paper 

(concerning technology adoption) is that it is impossible to know when and how each 

individual trader came to know about the existence of the mobile trading app. The data 

only allows the analysis to take into account the date at which the mobile app is first used 

to make a trade, without any context of their adoption of the app. It is possible that some 

traders just happened to gain knowledge of the app earlier by chance, and this was the 

reason they adopted the app rather than them being an ‘early adopter’ type of person. 

Further to this it is possible that there could have been incentives offered to customers of 

the spread trading company to adopt the mobile app, which could skew the early adopters 

from being the usual early adopter ‘types’ that would be expected by Rogers’ model 

(1983; 2003) to just those who are more interested in the incentive. Unfortunately it was 

impossible to gather information relating to any offered incentives due to confidentiality 

issues. It would be hugely beneficial if future work in this area was able to gather more 

data pertaining to the context of an individual’s technology adoption. For example, 

knowing where and how they learned about the new app, and knowing how long it took 

them to adopt after first learning about the existence of the app would be of great use in 

understanding technology adoption more holistically. Survey-based research would help 

answer these questions and a mixed-methods approach in future research, alongside the 
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analysis of trading data, could help build on the findings of the papers presented in this 

thesis.   

Similarly, in the second paper, the limitation exists that it is not possible to be sure that 

trades undertaken using mobile devices would not have taken place had the mobile app 

not been available. Again, this is inherent in the nature of using trading records rather 

than laboratory conditions to understand trading behaviour – however future studies of 

trader behaviour could attempt to replicate the results shown in the second paper in 

laboratory conditions, whilst analysing the context of the trading conditions in order to 

understand the findings more deeply. For example, the finding in the second paper that 

traders are more likely to exhibit the HME when using mobile apps could be looked into 

in more detail in a laboratory. Laboratory research could measure many extra variables to 

assess the context of individual’s making trading decisions across mobiles and desktops. 

It would be interesting to measure the amount of time individuals take to make a trade as 

well as the amount of time they spend researching a stock before making a trade across 

devices. It is possible that people are more impulsive when using mobile apps and this 

may be why they tend to exhibit the HME more often. This hypothesis could be tested in 

such a laboratory study and help build upon the findings in this thesis.  

There is also much room for future neuroeconomics research in this area. 

Neuroeconomics (coined by Camerer et al., 2005) is a field that focuses on how economic 

decision making happens in the brain – attempting to find the neural basis for how 

humans make decisions. Whereas neuroscience uses techniques like imaging of brain 

activity and measuring physical responses like salivation and sweating – neuroeconomics 

is a relatively new field which attempts to use these techniques to understand economic 

decision making behaviour. It would be very interesting to apply techniques from 

neuroscience to better understand the reasons why individuals exhibit the HME and why 

this differs between the devices used. A laboratory study that measured sweat responses, 

for example, could help to see whether there are higher levels of anxiety (as is commonly 

measured by sweat response) when individuals use mobile apps to execute trades. Again, 

this would help to better understand the context of how individuals make irrational 

decisions – which would build on the findings presented in this thesis. Future research 

may use large scale trading record analyses (as in this thesis), to help form the questions 

that can be answered in more detail with laboratory research that takes advantage of the 

technology available to neuroscience.  
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This thesis combines three exploratory attempts to validate psychological theories of 

decision making through analysis of large scale financial consumer data. The third paper 

in particular serves as a novel example of how a dataset of individual trading records can 

be used to examine assumptions of a hugely popular model of human behaviour which 

has previously relied solely on survey based evidence. The overall approach taken in this 

thesis shows how traditional methods can be complemented through analysis of the 

everyday behaviour of a large group of individuals, using consumer data.  The huge 

amount of consumer data that is produced through online activity means that there are 

opportunities for large scale analysis of natural behaviour to help test the assumptions of 

existing models. This surely represents a step forward from survey measures which are 

prone to issues with self-attribution bias and small sample sizes, amongst other problems. 

As more and more of our everyday activities are moving online it seems like the logical 

move to study this online behaviour in order to better understand human decision making. 

This work presents a starting point as to how commercial data produced online can be 

used to better understand individual differences in financial decision making biases; 

however there is no reason why similar methods cannot be applied to answer all sorts of 

questions relating to how humans make decisions in their day to day lives.  
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7 Chapter 7: Appendices 

7.1 Chapter 2 appendices  

 

7.1.1 Robustness checks 

 

This section presents results from the robustness checks. The first set of tables (Tables 8 

to 12) shows results from models that are run on data involving a time window 

combination of 8am to 10 am (observation period) with 10am to 12pm (measurement 

period). Tables 13to 17 show the results from models run on data involving time window 

combinations of 8am to 12pm (observation period) with 12pm to 5pm (measurement 

period). VIF tests were used to ensure there were no issue with collinearity between the 

predictor variables used. VIF scores of less than 5 were shown for all the predictor 

variables in each of the models; suggesting no issues with collinearity.  

Table 13 shows the results of re-estimating Model 2, with a dataset consisting only of 

moderately experienced traders, rather than with only the most experienced traders as was 

the case in the results section. The results indicate that there is no significant relationship 

between experience and HMEs within this group of traders, providing further evidence 

for hypothesis 2.  

7.1.1.1 Table 8   

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square Chi DF 

Significance 

(p) 

Null Model 1 5 130481 -65236       

Model 1 6 129983 -64986 499.69 1 <0.0001*17 

Results of a Log Likelihood Ratio test comparing Model 1 and Null Model 1 when applied 

to a time window combination of 8am to 10 am (observation period) and 10am to 12pm 

(measurement period). This table is comparable to the results shown in Table 3.  

 

7.1.1.2 Table 9  

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept -1.92 0.06 <0.0001* 

                                                   
17 * Indicates P-value is <0.01 



146 

 

Experience 0.20 0.01 <0.0001* 

Age = Younger 0.14 0.03 <0.0001* 

Gender = Male -0.06 0.04 0.10 

Output from Model 1 when applied to a time window combination of 8am to 10 am 

(observation period) and 10am to 12pm (measurement period). This table is comparable 

to the results shown in Table 4.  

 

7.1.1.3 Table 10 

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square Chi DF 

Significance 

(p) 

Null Model 2 5 25548 -12769       

Model 2 6 25532 -12760 17.65 1 <0.0001*18 

Results of a Log Likelihood Ratio test comparing Model 2 and Null Model 2 when applied 

to a time window combination of 8am to 10 am (observation period) and 10am to 12pm 

(measurement period). This table is comparable to the results shown in Table 5.  

 

7.1.1.4 Table 11 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept 1.22 0.37 <0.0001* 

Experience -0.19 0.04 <0.0001* 

Age = Younger 0.11 0.08 0.16 

Gender = Male 0.14 0.10 0.16 

Summary of output from Model 2when applied to a time window combination of 8am to 

10 am (observation period) and 10am to 12pm (measurement period). This table is 

comparable to the results shown in Table 6.  

 

7.1.1.5 Table 12 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept -1.42 9.50 0.18 

Experience -4.86e-04 8.52e-05 0.16 
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Age = Younger 15.80 7.29 0.06 

Gender = Male 12.74 9.55 0.85 

Summary of output from Model 3 when applied to a time window combination of 8am to 

10 am (observation period) and 10am to 12pm (measurement period). This table is 

comparable to the results shown in Table 7.  

 

7.1.1.6 Table 13 

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square Chi DF 

Significance 

(p) 

Null Model 1 5 

19341

7 -96704       

Model 1 6 

19321

5 -96602 204 1 <0.0001*19 

Results of a Log Likelihood Ratio test comparing Model 1 and Null Model 1 when applied 

to a time window combination of 8am to 12pm (observation period) with 12pm to 5pm 

(measurement period). This table is comparable to the results shown in Table 3. 

7.1.1.7  Table 9  

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept -0.99 0.05 <0.0001* 

Experience 0.10 0.01 <0.0001* 

Age = Younger 0.23 0.02 <0.0001* 

Gender = Male -0.05 0.03 0.15 

Output from Model 1 when applied to a time window combination of 8am to 12pm 

(observation period) with 12pm to 5pm (measurement period). This table is comparable 

to the results shown in Table 4.  

 

7.1.1.8 Table 10 

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square Chi DF 

Significance 

(p) 

Null Model 2 5 35968 -17979       

                                                   
19 * Indicates P-value is <0.01 
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Model 2 6 35919 -17953 51.21 1 <0.0001*20 

Results of a Log Likelihood Ratio test comparing Model 2 and Null Model 2 when applied 

to a time window combination of 8am to 12pm (observation period) with 12pm to 5pm 

(measurement period). This table is comparable to the results shown in Table 5.  

 

7.1.1.9 Table 11 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept 2.11 0.31 <0.0001* 

Experience -0.26 0.04 <0.0001* 

Age = Younger 0.15 0.07 0.03 

Gender = Male 0.12 0.09 0.19 

Summary of output from Model 2when applied to a time window combination of 8am to 

12pm (observation period) with 12pm to 5pm (measurement period). This table is 

comparable to the results shown in Table 6.  

 

7.1.1.10 Table 12 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept 27.78 2.06 0.18 

Experience 1.94e-04 1.37e-04 0.16 

Age = Younger 29.29 15.63 0.06 

Gender = Male 3.84 20.73 0.85 

Summary of output from Model 3 when applied to a time window combination of 8am to 

12pm (observation period) with 12pm to 5pm (measurement period). This table is 

comparable to the results shown in Table7.  

7.1.1.11 Table 13 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept 0.39 0.36 0.27 

Experience -0.06 0.05 0.22 

Age = Younger 0.13 0.05 0.008* 

Gender = Male -0.15 0.07 0.02 
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Model 2, re-estimated with data relating to only moderately experienced traders. This is 

defined as traders who fit into the 4th quintile of experience scores in the dataset i.e. those 

who fall within the 60th – 80th percentile.  
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7.2 Chapter 3 appendices  

7.2.1 Robustness checks 

This section presents results from robustness checks. The first set of tables (Tables 8 to 

12) shows results from models that are run on data involving a time window combination 

of 8am to 10 am (observation period) with 10am to 12pm (measurement period). Tables 

13 to 17 show the results from models run on data involving time window combinations 

of 8am to 12pm (observation period) with 12pm to 5pm (measurement period). 

7.2.1.1 Table 6  

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square Chi DF 

Significance 

(p) 

Model 2 6 129983 -64986       

Model 1 7 129954 -64970 30.97 1 <0.0001*21 

Results of a Log Likelihood Ratio test comparing Model 1 and Model 2 when applied to a 

time window combination of 8am to 10 am (observation period) and 10am to 12pm 

(measurement period). This table is comparable to the results shown in Table 2.  

 

7.2.1.2 Table 7 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept -1.73 0.07 <0.0001* 

Experience 0.19 0.01 <0.0001* 

Age = Younger 0.11 0.03 <0.0001* 

Gender = Male -0.06 0.04 0.07 

AMT = Yes 0.19 0.03 <0.0001* 

Output from Model 1 when applied to a time window combination of 8am to 10 am 

(observation period) and 10am to 12pm (measurement period). This table is comparable 

to the results shown in Table 3.  

 

 

 

                                                   
21 * Indicates P-value is <0.01 
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7.2.1.3 Table 8 

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square Chi DF 

Significance 

(p) 

Model 4 6 31632 -15810       

Model 3 7 30830 -15408 804.71 1 <0.0001* 

Results of a Log Likelihood Ratio test comparing Model 2 and Model 3 when applied to a 

time window combination of 8am to 10 am (observation period) and 10am to 12pm 

(measurement period). This table is comparable to the results shown in Table 4.  

 

7.2.1.4 Table 9 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept -1.09 0.14 <0.0001*22 

Experience 0.10 0.02 <0.0001* 

Age = Younger 0.10 0.06 0.10 

Gender = Male -0.16 0.09 0.07 

PM = Yes 2.38 0.10 <0.0001* 

Summary of output from Model 3 when applied to a time window combination of 8am to 

10 am (observation period) and 10am to 12pm (measurement period). This table is 

comparable to the results shown in Table 5.  

 

7.2.1.5 Table 10 

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square Chi DF 

Significance 

(p) 

Model 2 6 193215 -96602       

Model 1 7 193143 -96564 74.61 1 <0.0001* 

Results of a Log Likelihood Ratio test comparing Model 1 and Model 2 when applied to a 

time window combination of 8am to 12pm (observation period) with 12pm to 5pm 

(measurement period). This table is comparable to the results shown in Table 2. 

7.2.1.6 Table 11 

Fixed effect Coefficient (β) Standard Error Significance (p) 

                                                   
22 * Indicates P-value is <0.01 
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Intercept -0.73 0.06 <0.0001* 

Experience 0.10 0.01 <0.0001* 

Age = Younger 0.19 0.02 <0.0001* 

Gender = Male -0.05 0.03 0.08 

AMT = Yes 0.27 0.03 <0.0001* 

Output from Model 1 when applied to a time window combination of 8am to 12pm 

(observation period) with 12pm to 5pm (measurement period). This table is comparable 

to the results shown in Table 3.  

 

7.2.1.7 Table 12 

Model  DF  AIC 

Log 

Likelihood 

Chi 

Square Chi DF 

Significance 

(p) 

Null Model 2 6 45460 -22724       

Model 2 7 44964 -22475 498.17 1 <0.0001*23 

Results of a Log Likelihood Ratio test comparing Model 2 and Model 1 when applied to a 

time window combination of 8am to 12pm (observation period) with 12pm to 5pm 

(measurement period). This table is comparable to the results shown in Table 4.  

 

7.2.1.8 Table 13 

Fixed effect Coefficient (β) Standard Error Significance (p) 

Intercept -0.17 0.12 0.132 

Experience 0.01 0.01 0.33 

Age = Younger 0.02 0.05 0.65 

Gender = Male -0.11 0.08 0.15 

PM = Yes 1.27 0.06 <0.0001* 

Summary of output from Model 2 when applied to a time window combination of 8am to 

12pm (observation period) with 12pm to 5pm (measurement period). This table is 

comparable to the results shown in Table 5. 

                                                   
23 Indicates P-value is <0.01 
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7.3 Chapter 4 appendices 

 

7.3.1 Full outputs of Models 2-7  

7.3.1.1 Table 4 - Model 2, DV = HME 

Variable  Coefficient (β)  Std. Error T-value p-value 

DaysToAdopt -0.1e-4 0.03 -0.36 0.72 

Age -0.6e-3 0.3e-4 -0.74 0.46 

Savings 0.3e-2 0.8e-3 1.81 0.07 

Experience 0.5e-2 0.4e-2 1.28 0.20 

Table 4 represents the full output from Model 2, originally summarised in Table 3 in the 

text.  

7.3.1.2 Table 5 - Model 3, DV = Disposition  

  

Variable  Coefficient 

(β) 

Std. Error T-value p-value 

DaysToAdopt  0.7e-4 0.2e-4 0.80 0.43 

Age  -0.2e-2 0.4e-3 -3.36 0.0008* 

Savings  0.8e-3 0.1e-2 0.74 0.46 

Experience  -0.4e-2 0.3e-2 -1.30 0.20 

Table 5 represents the full output from Model 3, originally summarised in Table 3 in the 

text.  

 

7.3.1.3 Table 6 - Model 4, DV = ROI 

Variable Coefficient (β) Std. Error T-value p-value 

DaysToAdopt 0.2e-2 0.1e-2 1.15 0.25 

Age -0.02 0.04 -0.64 0.53 

Savings 0.9e-2 0.08 0.13 0.9 

Experience 0.2 0.18 1.09 0.28 

Table 6 represents the full output from Model 4, originally summarised in Table 3 in the 

text.  

 

7.3.1.4 Table 7 - Model 5, DV = Sharpe 
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Variable Coefficient (β) Std. Error T-value p-value 

DaysToAdopt -0.6e-2 0.5e-4 1.36 0.90 

Age -0.2e-2 0.1e-2 1.36 0.17 

Savings -0.4e-2 0.3e-2 -1.34 0.18 

Experience 0.7e-2 0.7e-2 1.04 0.3 

Table 7 represents the full output from Model 5, originally summarised in Table 3 in the 

text.  

 

7.3.1.5 Table 8 - Model 6, DV = Stakes 

Variable Coefficient (β) Std. Error T-value p-value 

DaysToAdopt -0.8e-3 0.9e-3 -0.88 0.38 

Age 0.7e-2 0.02 0.31 0.75 

Savings -0.3e-2 0.05 -0.06 0.95 

Experience 0.21 0.11 1.83 0.07 

Table 8 represents the full output from Model 6, originally summarised in Table 3 in the 

text.  

 

7.3.1.6 Table 9 - Model 7, DV = TimeinPositions 

Variable Coefficient (β) Std. Error T-value p-value 

DaysToAdopt 0.17 0.19 0.89 0.38 

Age -1.02 4.58 -0.22 0.82 

Savings 25.95 9.77 2.66 0.008* 

Experience -66.16 23.63 -2.8 0.005* 

Table 4 represents the full output from Model 7, originally summarised in Table 3 in the 

text.  

 

7.3.2 Summary of results for Model 2 to Model 7 with categorical 

DaysToAdopt as predictor variable 

The following table summarises the results of running models which are identical to the 

already described Models 2-7, but with the key predictor variable (DaysToAdopt) treated 

as a categorical variable rather than as a continuous variable. The control variables and 

dependant variables are all treated in exactly the same way. The new predictor variable is 

formed based on the categories of adopter groups outlined in Rogers’ (1983; 2003) 
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model. Rogers states that the first 2.5% of people to adopt a technology are classed as 

‘Innovators’, the next 13.5% as ‘Early adopters’, the next 34% as ‘Early majority’, the 

next 34% as ‘Late majority’ and the final 16% as ‘Laggards’. We therefore categorise all 

of the traders into one of these groups based on their DaysToAdopt value (e.g. if a trader 

is in the lowest 2.5% of DaysToAdopt values, they belong to the innovator category). 

Table 10 details the number of days to adopt the mobile app needed to fall into each of 

these categories. Table 11 summarises the coefficient for each category in each of the 

models as well as the p-value in brackets. The coefficient for the innovator category is 

shown in the table, and the coefficients for all other categories are represented by their 

difference from the innovator coefficient. The p-value represents whether the coefficient 

for a given category in a given model differs significantly to that of the innovator 

category. The finding that none of the categories in any of the models show significant 

differences in their coefficients to Innovator’s adds further evidence against our original 

hypothesis.  

7.3.2.1 Table 10 – Adopter group categorisations by number of days taken to 

adopt app 

Category  Number of days to adopt mobile app 

Innovator (first 2.5% of traders to adopt app) < 143  

Early Adopter (next 13.5% of traders to adopt 

app) 

143-316 

Early Majority (next 34% of traders to adopt 

app) 

317-532 

Late Majority (next 34% of traders to adopt 

app) 

533-904 

Laggards (last 16% of traders to adopt app) >904 

Table 10 summarises the adopter categorisations that are used for the models presented 

in Table 11 
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7.3.2.2 Table 11 – Behavioural results by adopter group  

Model Model 2  - 

HME 

Model 3 - 

Disposition 

Model 4 - 

ROI 

Model 5 - 

Sharpe 

Model 6 - 

Stakes 

Model 7 - 

TimeinPositions 

Innovator   0.38 0.44 -1.15 -0.11 4.54 443.76 

Early 

adopter  

0.02(0.64) 0.02(0.63) 0.07(0.97) -0.01(0.86) -0.32(0.81) 47.05(0.86) 

Early 

Majority   

-0.03(0.46) 0.03(0.25) -0.07(0.97) 0.06(0.41) -0.2(0.87) -18.14(0.94) 

Late 

Majority  

-0.02(0.71) 0.01(0.65) 0.21(0.92) 0.05(0.49) -1.29(0.29) 53.28(0.84) 

Laggards  -0.02(0.66) 0.03(0.32) 1.87(0.37) -0.04(0.6) -0.49(0.7) 86.04(0.75) 

Table 11 summarises the results of running Model 2 – Model 7, with DaysToAdopt 

treated as a categorical variable. 

7.3.3 Summary of results for Models 2-7 with alternative adoption definition 

Models 2-7 are repeated but differ in that they classify traders as having adopted the app 

only if they have used the app 5 times or more in order to assess whether a different 

definition of ‘adopting’ the app has any effect on the results. This modification makes no 

significant differences to the outputs of the models as shown in Table 12 below.  

7.3.3.1 Table 12 – Results with alternate adoption definition 

Model/Dependant 

Variable  

Estimate of 

DaysToAdopt 

Std. Error T-value p-value 

Model 2 - HME -2.9e-4 3.97e-5 -0.73 0.47 

Model 3 - 

Disposition 

1.49e-5 2.89e-5 0.52 0.61 

Model 4 - ROI 0.03e-1 0.01e-1 1.38 0.17 

Model 5 - Sharpe 1.36e-5 7.2e-5 0.19 0.85 

Model 6 - Stakes -0.02e-1 0.01e-1 -1.74 0.08 

Model 7 - 

TimeinPositions 

0.44 0.28 1.57 0.12 
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Table 12 summarises the results of Models 2 – 7, run with the alternative adoption 

definition described above.  

 

 

 

 

 

 

 

 


