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This PhD thesis discusses how individuals can use financial technology such as 

household finance apps and social networks for traders to improve their investing, 

budgeting and spending decisions. Many individuals have problems with saving enough 

money or spending too much at the beginning of the month. Often this can lead to 

problems at the end of the month such as payday loan usage or bank overdraft fees. 

However, not only private individuals, but also finance professionals make mistakes. For 

example, they often hold losing shares in their portfolios, even though it would be better 

to sell them quickly. This thesis is separated into three main essays each addressing one 

key element of financial decision-making and discusses how financial technology might 

help to improve investing, budgeting and spending behaviour.  

 The first essay uses data from a social trading platform called wikifolio.com. On 

this platform, users buy and sell shares using virtual money. By building up a portfolio 

(a collection of shares), they try to convince other users to invest money into the portfolio. 

The difference in this setting is that everyone can see every trade (buying and selling of 

a share) of the portfolio manager, increasing the level of transparency compared to the 

traditional stock market. I find that this difference in setting helps to reduce the so-called 

disposition effect – the tendency to sell losing shares too late and winning share too early. 
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I find that these results are present even if individuals have had several portfolios already 

or manage money from others. I then compared the effect of trading in a transparent 

environment between former East and West German traders. I find that those living in 

the East appear to be less affected by increased transparency and I link these findings to 

the differences in cultural background. This essay suggests that the way past trades and 

current holdings are illustrated, help portfolio managers to make better decisions. 

 For the second essay, I collaborated with Money Dashboard (MDB). MDB is a 

money aggregation app in the UK. They collect all banking transactions of their users 

and provide them with an overview of how and where they spent their money across all 

their cards and accounts. For example, if a user has two bank accounts with different 

banks and two additional credit cards, MDB will collect all transactions from these four 

accounts and provide an overview of the financial situation of the user.  

 One of the features of this app is the so-called budget function. Users who use the 

budget function set a budget for a certain category, for example “Dining and Drinking” 

and MDB automatically tracks all spending and shows the user how much money is left 

in the budget. My analysis shows that once users make use of this function, they start to 

spend less money on that type of expense. This is true even though users are too 

optimistic when setting up a budget and even though they are spending more money than 

they originally budgeted.  

 The third chapter makes use of the same data set but tests if using the app changes 

the way individuals spend money around their payday. In theory, they should not spend 

more money when they receive their salary than on any other day. However, evidence 

suggests that many household participants spend more on or directly after payday and 

this often causes problems at the end of the month when they have to use overdraft or 

payday loans. I show that once individuals use the app to check their transactions, they 

are able to reduce their tendency to spend more than usual on that day. The more they 

log in, the less they spend around payday. Unfortunately, it seems that they are falling 

into old habits once they stop using the app. 

 In summary, this thesis suggests that using financial technology which helps to 

increase transparency of behaviour to others or helps individuals with their budgeting 

and spending behaviour might be one way to help individuals make smarter financial 

decisions, especially if they actively engage with the technology provided. 
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Abstract 

The overarching theme of this thesis is: "Financial Decision-Making and the 

role of Financial Technology”. The thesis uses new forms of data to test existing 

assumptions in the areas of behavioural and household finance. It improves our 

understanding of how we can use technology to debias financial decision-making. The 

thesis is based on three academic journal articles, each answering an individual 

research question.  

The first paper: “Transparency and Investment Decisions” analyses a novel 

data set from a social trading platform called wikifolio.com. The users of this platform 

create equity portfolios and by showing their complete trading history as well as all 

current holdings, try to convince other users to invest money into their own portfolio. 

Using proprietary data from this social trading platform, I follow a difference-in-

differences approach, analysing trading behaviour within and between portfolios as 

they become publicly visible. Portfolio managers on this platform go through three 

different stages of trading. Each phase is characterised by an increased level of 

transparency towards potential followers of the portfolio manager. In the last phase, 

the investable phase, all past trades and all current holdings of the investor are visible 

to the public. I find that the tendency of investors to forgo loss realisation in favour of 
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gain realisation, known as the disposition effect, is considerably reduced in a 

transparent trading environment, i.e., when investors move through the phases. I find 

strong presence of the disposition effect in my sample, consistent with prior literature, 

but, I also show that the effect diminishes by about 36% when holdings and trades are 

publicly revealed. My findings are robust to survivorship bias, learning, and level of 

assets under management. This significant reduction in the disposition effect 

highlights the role of saliency and transparency of information in investing. 

The second and third chapter use data from one of the UK's largest banking 

transaction aggregation app, Money Dashboard (MDB). The data set is comprised of 

approximately 400 million banking observations from more than 300,000 individuals 

based in the UK. The transactions are automatically tagged by MDB with the type of 

expense (groceries, mortgage payments, dining and drinking, etc.). In addition, user 

login data and demographic data such as gender, age, income and address are stored. 

Since MDB collects historic data once users sign up, banking transactions are available 

for up to one year before an individual joined this service. This allows the present 

research to compare user behaviour before and after joining MDB. One of the 

functions provided to users is a budgeting tool. Users can set budgets for 270 

categories and MDB automatically tracks and allocates their expenses to the individual 

budget. 

The second chapter titled: "The Influence of Budgeting on Spending” uses data 

from the budgeting tool and analyses the effect of spending goals on spending 

behaviour. This study is the first in the field to examine the influence of budgets on 

consumer spending using real world budgeting and spending data. The data reveals 

that budget compliance is weak: on average, consumers spend 21% more than they 
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budgeted. On the other hand, the data also suggests that budgets do influence spending. 

Average spending in the month after budget creation is 11% lower than pre-budget 

spending. The effect is stronger for those users who log in frequently. The effect is 

surprisingly persistent; six months after setting a budget, spending is still significantly 

lower than pre-budget levels. These within-subject results are further supported by a 

quasi-experimental propensity score matching procedure that compares the spending 

of consumers with budgets with consumers without budgets. Taken together, these 

findings provide evidence that the influence of budgets on consumer spending is 

economically meaningful when actively tracked.  

The third chapter, "Payday - Dashboard Effect on Consumption Smoothing", 

studies the extent to which individuals are smoothing their consumption across the 

month. Economic theory suggests that the timing of a predictable future income should 

not influence the way individuals spend on that particular day. In contrast to this, I find 

that individuals spend 53% more on discretionary items three days after payday than 

they do during the rest of the month. This effect is commonly known as the payday 

effect. It seems that additional saliency of historic and present transactions helps 

individuals to smooth their consumption. Average spending for discretionary items 

was on average 65% higher around payday before individuals joined money dashboard 

and only 50% higher than usual after they joined.  

Once users frequently check their financial situation, they significantly change 

their spending behaviour and show smoother consumption patterns. This suggests that 

increased attention on spending patterns supports consumption smoothing. I find that 

if users log in once per month they only spend 28% more on discretionary items three 

days after payday and only 21% more if they log in at least six times in the respective 
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month. However, only limited learning seems to take place, with users reverting to old 

habits of increased spending activity around the payday once they stop logging in. 

These findings suggest that once individuals pay less attention, they start spending 

more money on discretionary items. These findings contribute to the public debate on 

whether financial technology can help improve consumer financial decision-making. 

It also contributes to the neo-classical economic theory and suggests that individuals 

might require additional support structures to ensure smoothed consumption patterns. 

Overall, this thesis contributes to the behavioural and household finance 

literature by providing large-scale evidence for behaviour change after introducing 

new forms of financial technology. It explores three main areas of financial decision-

making: investing, budgeting and spending. While biased decision-making may 

persist, the thesis suggests that financial technology may be helpful in improving 

individual financial decisions. It appears that especially the framing and saliency of 

financial information supports behaviour change, but only if individuals pay attention. 

This thesis also informs policy makers and financial technology companies by 

showing that increased saliency and transparency of financial information helps to 

debias decision-making. Policy makers might want to use these insights and make sure 

that financial information from financial institutes has to be provided in a more salient 

way by aggregating the required information disclosed to clients. In addition to this, 

debt management programs and similar advice agencies might want to use the 

presented insights and ensure that their clients use financial technology to better 

understand their past and present financial decisions. The present results in the thesis 

suggest that financial technology, if used sensibly, might help individuals improving 

their investing, budgeting and spending behaviour.  
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1 Introduction 

Financial decision-making is an integral part of the daily lives for all adults. 

Accordingly, low levels of financial literacy (e.g., Lusardi & Mitchell, 2017) may 

cause problems for households and individuals. Statistics suggest that individuals in 

both the UK and the US are not able to save enough for retirement or to cover 

unexpected expenses. Only around 40% of adults in the US have sufficient liquid 

savings to cover an unexpected expense of $400. Around the same number of 

individuals have revolving credit card debt (FED, 2018). This led one quarter of all 

adults to skip necessary medical treatments in 2018. A similar picture presents itself 

in the UK, where around 25% of all adults have no more than £100 in savings, while 

more than 50% of the 22 to 29-year-olds having no savings at all (ONS, 2018). Data 

from the Bank of England (2018) suggests that unsecured consumer credits and car 

finances in particular have driven the increase in outstanding debt of UK consumers 

in recent years. These figures suggest that individuals and households have challenges 

in managing their financial decisions.  

It is not only households which encounter problems when making financial 

decisions. Traders in financial markets are also prone to costly mistakes. They often 

hold losing positions in their portfolio for too long (e.g., Shefrin & Statman, 1985; or 
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Kaustia, 2010 for a review), trade too much in shares of companies located close to 

their home (e.g., Graham et al., 2009), or are overconfident when making decisions 

(e.g., Gervais & Odean, 2001). In general, traders are also prone to overreact (e.g., De 

Bondt & Thaler, 1985) and react differently depending on the way information is 

framed (e.g., Tversky & Kahneman, 1981).  

The evidence above suggests that neither professional traders nor households 

are fully rational decision makers who evaluate all possible options before making 

investing, budgeting or spending decisions. This problem motivates the main question 

this thesis aims to answer: How to help consumers and amateur traders to improve 

their financial decision-making? While the uptake of technology, especially portable 

devices, has been growing dramatically over the last decade (e.g., Deloitte, 2017; 

Statista, 2018), little attention has been paid on how an increase of available personal 

financial technology might change the way individuals make financial decisions. To 

address this gap, this thesis aims to provide an insight into how financial technology 

might help to de-bias investing, budgeting and spending behaviour. 

The thesis is divided into three main empirical chapters, which are each written 

as a discrete paper and are suitable to become academic journal articles in their own 

right. All three chapters use data originating from a financial technology service and 

test the behavioural implications of using such a service. The first paper in chapter two 

focuses on investing decisions and tests if transparency and the framing of trading 

activity helps to reduce the disposition effect, i.e., the tendency to hold losing positions 

for too long and winning positions too short. To analyse this, I utilised data from a 

social trading platform called wikifolio.com. In this social finance setting, portfolio 

managers try to convince other users to invest money in their portfolios. They do so 
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by providing full transparency of their past trades and current holdings. Using this 

data, I conducted a difference-in-differences test to understand how changes in the 

level of transparency may affect trading behaviour.  

The third chapter focuses on budgeting behaviour and tests if budgets have a 

lasting effect on an individual's consumption tendency. Here, I use data collected from 

Money Dashboard (MDB), a financial aggregations app which analyses banking 

transactions across users’ bank accounts and provides them with an overview of their 

past spending decisions. I used data from the in-built budgeting function, to test if 

setting up and tracking a budget helps individuals to reduce their spending and achieve 

their spending goals.  

The last chapter makes use of the same data source and tests if increased 

attention and saliency of historic consumption decisions helps individuals with 

reducing their tendency to spend larger amounts of money on discretionary items in 

the days around payday. This data set allowed me to analyse spending behaviour for 

up to one year before an individual had signed up. I used this characteristic to test if 

users changed their spending behaviour around payday before vs. after joining MDB. 

I also analysed if increased attention, measured in number of logins, helped users to 

smooth their spending across the month. Furthermore, I tested if users learn from their 

past behaviour and adapt their spending after using the app.  

The remainder of the introduction will describe the theoretical background on 

financial decision-making. Specifically, it will introduce how social effects and the 

way information is framed can change how individuals make financial decisions. It 

will also introduce the importance of attention and discuss how the desire for instant 

gratification might drive non-optimal behaviour. Before summarising some of the key 
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findings of each of the three studies, the introduction will also discuss how financial 

technology might be used to help individuals make more rational decisions. 

1.1 Social Finance 

There is a vast amount of empirical evidence on the role that social interaction 

plays in financial decision-making. For example, Qin (2012) shows that investors 

observe other traders before they make their own decisions. Additionally, social 

investors, i.e., those investors who actively communicate with others before or after 

making an investment, seem to increase their participation in the stock market when 

compared with non-social investors (Hong et al., 2004, Qin, 2012, Li, 2014). Social 

investors are also more likely to invest in speculative products (Kaustia & Knüpfer, 

2012). García (2013) suggests that individuals put more trust in people they know than 

in financial advisors giving more weight to word-of-mouth information than to 

professional advice. García (2013) therefore suggests that individuals voluntarily limit 

the number of resources they use before making an investment decision.  

Duflo and Saez (2002) as well as Beshears et al. (2015) provide another 

example and show that social interaction of colleagues in the workplace influences the 

saving decisions of individuals. It appears that once colleagues know more about the 

saving and investing strategy of others, they seem to adapt their own strategy, 

suggesting that social interaction has a strong influence on financial decision-making. 

Interestingly, the same is also true on a corporate level. For example, Shue (2013) 

shows that governance structures, especially executive compensation, is very similar 

between companies who have graduates from the same MBA classes. However, these 

social networks not only influence the way companies structure their governance; 
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companies can also benefit from the social network of their managers. Social ties 

between company managers and external bank employees help to reduce interest rates 

(Hwang and Kim, 2009; Engelberg et al., 2012) and improves IPO performance 

(Vismara et al., 2015).  

Given that social effects seem to have a strong influence on financial decision-

making, chapter two explores whether traders behave differently in a social context. It 

uses data from a relatively new form of financial technology, so-called social trading 

platforms, to test if increased observation by others helps equity traders to reduce the 

disposition effect. 

1.2 Framing and Attention 

In order to make rational decisions, individuals should evaluate all possible 

options and process all available information. The efficient market hypothesis (e.g., 

Fama, 1970; Fama 1998) assumes that individuals are able to use all available 

information to make a rational decision. While information acquisition is beneficial 

(e.g., Lippman & McCall, 1976), an excess of information can overload the individual 

and prevent rational decision-making (Iyengar & Lepper, 2000).  

A literature review by Loewenstein et al. (2014) argues that individuals can 

only obtain and use a limited amount of information and that the positive effect of 

information disclosure can be diminished by individuals not paying enough attention. 

While inattention to the presented information may lead individuals to stop updating 

their consumption plans (Reis, 2006), they may actually benefit from that inattention 

(Sims, 2003; Tutino, 2013; Luo et al., 2017). This is because individuals are usually 

constrained in their ability to remember all data and their ability to filter out noise 
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(Maćkowiak et al., 2018). Therefore, if an individual is not able to remember and 

process all information, one way to assist their decision-making could be to help them 

remember their past behaviour and reduce noise (e.g., Kahneman et al., 2016). In the 

case of financial decision-making, it should therefore be beneficial to provide 

individuals with an overview of past behaviour and to aggregate noisy trading or 

spending data to reduce their required effort (e.g., Bertrand & Morse, 2011; Hirshleifer 

& Theo, 2003).  

The way financial information is presented can also influence individual 

decision-making. Frydman and Rangel (2014) find that the prominence, or saliency, 

of a stock can affect trading decisions. Bazley et al. (2017) and Gnambs et al. (2015) 

illustrate how different colours, particularly red, can influence financial decision-

making. Modern financial platforms often provide colourful illustrations of trades and 

performance, or of inflows and outflows from private bank accounts. Hence, a key 

assumption is that using a financial platform should improve the availability and 

quality of information. 

Building on this theoretical background, all three chapters will explore the 

extent to which additional illustrations of past and present financial behaviour may 

influence future behaviour. Chapter two discusses how differences in the presentation 

of current holdings and past trades might change trading behaviour. Chapter three 

shows how constant tracking and reporting of budgets seems to influence spending. 

Lastly, chapter four discusses how general spending patterns change once individuals 

are able to see their past, present and predicted future cash flows.  
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1.3 Present-Bias and Self-Control 

Assuming that individuals can process all available information after it is 

conveniently summarised, they may still make choices which are difficult to align with 

theories of rational decision-making. A common problem of household financial 

decision-makers is the desire for instant gratification, also known as present-bias (e.g., 

Balakrishnan et al., 2017), which can have negative welfare consequences (e.g., 

Milkman et al., 2008). An example of instant gratification is the tendency of 

individuals to go out for drinks around payday. It appears that the utility of going out 

after payday outweighs the potential negative consequences such as high costs 

resulting from rolling over credit card debt, late repayment fees or overdraft charges. 

This behaviour can only in part be explained by hyperbolic discounting models, i.e., 

models which predict that individuals apply very high discount rates when discounting 

the utility of future events (e.g., Angeletos et al., 2001; Cochrane, 1988; Laibson et al., 

2007; Loewenstein & Prelec, 1992). 

An explanation for the present-bias is a lack of self-control, which can strongly 

influence financial behaviour and well-being. Individuals who exhibit higher levels of 

self-control are more likely to save money regularly from their pay and are therefore 

better prepared to manage unforeseen expenses (e.g., Horváth et al., 2015; Strömbäck 

et al., 2017). Individuals who lack self-control are often poor at sensing imminent 

financial difficulty and only act once it is too late.  

Another outcome of this behaviour might be the tendency of consumers to 

spend more than they planned because, while they desired to spend less, their spending 

goals appears to have a stronger influence on the budget they set for themselves rather 

than on their actual spending (Peetz & Buehler, 2009). Individuals are also often 



 30 

overconfident in predicting their forecast accuracy, failing to adjust their budget when 

necessary (Ülkümen et al., 2008) or altogether ignoring the potential for exceptional 

or atypical expenses (Sussman & Alter, 2012; Howard et al., 2019). 

Based on these insights on self-control, instant gratification and planning 

fallacy, chapter three analyses how consumers set budgets and examines whether 

budgets help individuals with managing their spending. Chapter four further analyses 

the tendency of instant gratification and tests if individuals spend more once they 

receive their paycheque (the payday effect) instead of smoothing their consumption 

over the course of a month.  

1.4 Financial Technology and Financial Literacy 

The sections above introduced several potential challenges which might limit 

the ability of rational consumer financial decision-making. These factors might be able 

to explain some of the problematic financial situations found in many households and 

existing trading biases of financial professionals. This section will introduce how 

financial technology might be used to address these challenges and discuss how the 

present thesis uses data from financial technology companies to address some of the 

gaps in the existing literature.  

Literature on financial literacy (see for example Fernandes et al., 2014, for a 

review), however, suggests that only few interventions designed to improve financial 

decision-making have a lasting effect. Examples of such helpful interventions are the 

use of new forms of media to provide financial information. Once individuals use 

financial technology which helps them to pay more attention on their current account 

balances, they start reducing their levels of consumer debt (Carlin et al., 2017). When 
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comparing different forms of interventions such as brochures, narratives and videos, 

Lusardi et al. (2017) find that especially videos seem to improve financial literacy. 

Another approach is to use technology to focus consumer attention on a certain aspect 

of financial decision-making. For example, text reminders and surveys have been 

shown to help improve saving commitment (Karlan et al., 2016; Levi, 2016), reduce 

bank overdraft usage (Stango & Zinman, 2014) or improve consumption smoothing of 

food stamps (Hillis, 2017).  

This summary indicates that financial technology might change the way 

investors and consumers make investing, budgeting and spending decisions. Financial 

technology might help individuals to process all available data and therefore to reduce 

biased decision-making. All three main chapters of this thesis show how financial 

technology can be used to improve decision-making. The basis of these chapters are 

data sets from financial technology companies. Chapter two uses data from a social 

trading platform (wikifolio.com), and chapter three and four use data from a money 

aggregation application (Money Dashboard). The next sections provide a summary of 

the three main chapters. Chapter two focuses on investing, chapter three on budgeting, 

and chapter four on spending decisions.  

1.5 Transparency and Investment Decisions 

Chapter two is based on the paper: “Transparency and Investment Decisions: 

Evidence from the Disposition Effect”, co-authored by my supervisors Arman 

Eshraghi and Jo Danbolt. The disposition effect is the tendency of individuals to forgo 

loss realisation in favour of gain realisation. Earlier studies (e.g., Barber & Odean, 

2000; Singal & Xu, 2011) have shown that this behaviour is wealth reducing and 
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should be avoided. This chapter analyses a novel data set from a social trading platform 

called wikifolio.com. In this setting, amateur portfolio managers share their complete 

trading history and current holdings with everyone on the platform, trying to convince 

others to invest money into their portfolio. Since users go through different phases 

with different levels of transparency, the data allows me to test to what extent 

transparency influences the disposition effect.  

I find that the disposition effect is reduced by up to 35% after introducing the 

possibility of being observed by other traders. I argue that a key driver of this reduction 

is the way in which current holdings are framed. While studies by Heimer (2016) and 

Pelster & Hofman (2018) find a higher disposition effect once individuals join a social 

trading platform, I argue that the way wikifolio.com displays trading information is 

instrumental in reducing the disposition effect within the platform. A key difference is 

that other social trading platforms such as eToro, the self-proclaimed market leader, 

mainly focus on the number of realised gains and losses and usually offers their clients 

to trade mainly in foreign exchange markets (eToro, 2019). Wikifolio.com (2019), on 

the other hand, focuses on the relative gains and losses of current holdings and mainly 

offers equity trading. In this setting, current holdings are either highlighted in red or 

green depending on whether they are in the gains or loss region. I argue in this chapter 

that this difference in framing and strong use of colour (Bazley et al., 2017) urges 

portfolio managers to reduce the number of current holdings with a loss once they are 

visible to other traders on the platform, thereby reducing the disposition effect on their 

holdings.  However, since the magnitude of the disposition effect is high to begin with, 

I do not directly contradict findings from Heimer (2016) or Pelster & Hofmann (2018), 

but rather provide an additional explanation of how changing the way portfolio 
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holdings are illustrated may affect the level of trading bias found among amateur 

investors.  

The findings in this chapter contribute to the growing literature on social 

finance and financial networks (e.g., Kodres & Pritsker, 2002; Pelster & Hofmann, 

2018), but more specifically to the discussion around the influence of the salience of 

performance and its illustration (e.g., Bazley et al., 2017). By linking to qualitative 

studies in accounting, the chapter also contributes to the discussion in the literature on 

self-auditing in a transparent environment (Power, 1999). Given the strong focus on 

the fund management industry and the analysis about how the portfolio managers in 

the sample try to change the public perception of their performance, I further link my 

work to the context of window dressing (e.g., Lakonishok et al., 1991; Sias & Starks, 

1997; He et al., 2004; Agarwal et al, 2014).  

Since I have access to some individual demographic data such as zip codes, I 

am able to compare trading behaviour and levels of bias between regions. Given that 

the majority of portfolio managers in the data set are German traders, I make use of 

the historic difference between East and West Germany. Controlling for other factors, 

such as proxies for education and income, as well as age, individuals in former East 

Germany do not appear to be influenced by the increase in transparency to the same 

extent as the West German traders. I thereby also contribute to the literature 

concerning the impact of cultural effects (e.g., Easterlin & Plagnol, 2008) on financial 

trading decisions, and argue that the heritage of state surveillance might still be deeply 

rooted in East German traders.  

My results also carry relevant implications for practice and policy. The results 

suggest that an increase in transparency and changes in how trades are displayed might 
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lead investors to realise losses quicker, reducing the disposition effect and thereby 

increasing their performance (e.g., Heisler, 1994; Odean, 1998; Barber & Odean, 

2000; Kaustia, 2010; Seru et al., 2010). In summary, this first study suggests that the 

way financial information is framed might strongly influence how portfolio managers 

structure their investments and reduce biases. This may inform policy makers to 

increase the frequency and level of detail of mutual fund reports to reduce individual’s 

tendency to hold losing positions for too long. 

1.6 The Influence of Budgeting on Spending 

To further test assumptions regarding the influence of the framing of financial 

information on financial-decision-making, I collected more granular data for the third 

and fourth chapter. These chapters use data from the UK's largest banking transaction 

aggregation app, Money Dashboard (MDB). The data set is comprised of around 400 

million banking observations from more than 300,000 individuals from the UK. The 

transactions are tagged according to their type (groceries, mortgage payments, dining 

and drinking, etc.). Demographic data regarding gender, age, income and address are 

available as well. Once users sign up for the service, MDB can collect banking 

transactions for up to twelve months before the date of sign-up. Also, since online 

banking login data is provided directly to MDB, the company has the ability to collect 

data even after a user has stopped actively using the app. This enabled me to conduct 

clear before and after tests, and provide insights into how lasting the effect of an app 

might be on an individual’s behaviour. Chapter three makes use of the in-built 

budgeting function, whereas chapter four analyses general spending patterns of the 

entire MDB population. Both chapters further contribute to our understanding of how 
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financial technology may help individuals improve their budgeting and spending 

behaviour. 

Chapter three is based on the paper titled: "The Influence of Budgeting on 

Spending" co-authored by Chuck Howard from the University of British Columbia1. 

It analyses the effect of an individual's spending goals on their spending behaviour.  

There has been a shift in how individuals plan and control their own spending. 

Past generations physically allocated money to budget categories by “tin can 

accounting” (Rainwater et al., 1959; Zelizer, 1993), balancing their cheque books by 

hand and waiting for the month’s end to receive hard copies of their financial 

statements in the mail. In contrast, today’s consumers set budgets digitally using 

smartphone apps that allow them to track their expenses in real time. This behaviour 

allows us as researchers to harvest this naturally occurring data (Gelman et al., 2014) 

from financial apps, and thus measure real world budgeting and spending behaviour 

across multiple expense categories, and multiple points in time. The present research 

is the first to use such data to test key implications of consumer budgeting theory “in 

the wild”. 

Users in the data set do not receive any push notifications about their budget 

compliance and must manually log in to track their expenses. However, when they do 

log in, they are presented with a salient illustration of their budget and remaining funds 

in each category. In total, the data set includes around 10,000 monthly budgets. I focus 

 

 

1 For this thesis, I have excluded work which was mainly conducted by my co-author of the underlying 
academic paper. 
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my analysis on the three most popular budget categories: “Groceries” (n = 2,618), 

“Dining and Drinking” (n = 2,479) and “Fuel” (n = 1,127).  

There are competing hypotheses on budget compliance. On the one hand, 

research on mental budgeting suggests that when expenses are easy to track and 

categorise – as is the case when using a budgeting app – consumers tend to comply 

with their budgets (Heath & Soll, 1996). On the other hand, research on budget 

forecasting suggests that consumers tend to spend significantly more than they budget 

(Ulkumen et al., 2008; Sussman & Alter, 2012; Howard et al., 2019). Hence, the first 

question I ask is whether individuals stick to their budgets. I find that, on average, 

consumers spend ₤63.82 (21%) more than they budget for groceries and ₤56.93 (36%) 

more than they budget for dining and drinking (p’s < .001). However, they spend 

₤23.84 (15%) less on fuel than budgeted. 

Although this finding supports the general proposition that budgets are mostly 

ambitious, it does not necessarily represent a direct challenge to consumer budgeting 

theory or the empirical findings that support it. Instead, my perspective is that it 

suggests an important boundary condition: budget compliance is more likely to be 

observed when budgets and spending decisions are temporally proximal (e.g., Heath 

& Soll, 1996; Stilley et al., 2010) than during an entire month of spending with ample 

opportunity to succumb to momentary lapses of self-control, social pressure or 

marketing influence.  

The second question I ask is how much budgets actually influence spending? 

Past research on consumer budgeting has demonstrated that budgets can 

psychologically influence spending (e.g., Thaler 1985; Heath 1995; Heath & Soll 

1996), but the magnitude and persistence of this influence is currently an open 
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question. The unique structure of my data set allows me to answer this question by 

comparing pre- and post-budget spending for each individual in the data set, and by 

analysing the spending of budgeters to non-budgeters using a quasi-experimental 

propensity score matching paradigm (Rosenbaum & Rubin, 1983). The data suggests 

that budgets do influence spending: the median consumer in my sample spends £25.29 

(7%) less on groceries after they set a budget and £37.87 (15 %) less on dining and 

drinking (p’s < 0.001). Moreover, this influence is surprisingly “sticky” – the reduction 

in spending holds up to six months after the initial budget is set.  

To test the relationship between budgeting and reduction in spending, the 

propensity score matching analysis provides further evidence that the decrease 

observed in spending may be owed to budgeting setting. Matching budget and non-

budget users on criteria such as postcode area, income, gender, age and number of 

logins, I find that the average effect of setting a budget is a reduction in spending of 

£24.78 (7%) for groceries and £40.53 (19%) for dining and drinking. The descriptive 

results are further supported by an experimental study with 450 participants. As 

indicated in the footnote above, this experiment was conducted by Chuck Howard and 

is therefore excluded from this thesis. 

Additional analyses show that both budget compliance and influence are 

amplified by expense tracking, measured by user login frequency. Those users who 

log in most frequently show the largest change in spending behaviour before and after 

setting up a budget. The same is true for budget compliance. Users in the high-

frequency group show the smallest deviation from their spending goals. This provides 

large-scale empirical evidence to support the hypothesis that budget compliance is 

increased when expenses are easy to track (Heath & Soll 1996). It also suggests that 
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by increasing the individual’s attention to their financial situation, improved 

compliance with personal spending goal may be achieved (Reis, 2006).  

The findings of chapter three suggest that actively using a platform to manage 

and keep track of personal spending goals increases the chance an individual will stick 

with their original goals. However, comparatively few users made use of the budget 

function, and therefore conclusions may be limited to the small sub-group of budget 

app users. Hence, to further understand the influence of financial technology in 

changing household spending decisions, the third chapter takes a wider look at general 

consumption patterns and tests another prominent spending bias, the payday effect.  

1.7 Payday – The Dashboard Effect on Consumption Smoothing 

The fourth chapter is based on the paper: “Payday – The Dashboard Effect on 

Consumption Smoothing", single-authored by myself. It tests the relationship between 

financial technology and the so-called payday effect.  

The payday effect occurs when individuals spend more money than usual on 

discretionary goods just after payday. This behaviour would contradict rational agent 

theory, suggesting that individuals should smooth consumption across the month. This 

means that they should spread their spending over the period until they receive their 

next payment, provided that they can predict their next pay cheque. Friedmann (2018) 

and Hall (1978), for example, suggest that the timing of predictable income should not 

influence consumption. However, several studies (e.g., Gelman et al., 2014, Kaplan et 

al., 2014; Olafsson & Pagel, 2018; Parker, 1999; Souleles, 1999) show evidence of an 

increase in consumption just after payday.  
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Chapter four tries to answer four main questions. Firstly, is the magnitude of 

the payday effect lower after an individual joins MDB compared to before - i.e., do I 

find that individuals smooth their consumption more after joining a money aggregation 

platform? Secondly, do those users who pay more attention - i.e., log in more 

frequently, show smoother consumption patterns? Thirdly, do users learn to smooth 

their consumption - i.e., can I find lasting effects from using the app or do individuals 

return to their behaviour before joining the platform? Lastly, does additional 

functionality to predict cash inflows and outflows help users to further reduce the 

payday effect?  

I find that individuals in the sample spend 53% more on discretionary items 

three days after payday than they do compared to the average daily spending during 

the rest of the month.2 More granular tests show the same behaviour for categories 

such as dining and drinking, cash withdrawals, online shopping and fuel expenses. 

This confirms prior evidence that individuals are not able to smooth their consumption 

throughout the month (e.g., Gelman et al., 2014; Olafsson & Pagel, 2018). Moreover, 

I find that this effect is especially strong for low income households, confirming prior 

evidence regarding hand-to-mouth consumption (e.g., Campbell & Mankiw, 1990). 

After individuals joined MDB, they start to change their consumption 

behaviour around payday. For example, average spending for discretionary items 

around payday was 65% higher compared to average spending before users joined 

MDB and only 50% higher after they joined. This suggests that additional saliency of 

 

 

2 I focus my discussion of the payday on the third day (k = 3) after payday to make sure that I include 
potential lags of outflows for the different categories. 
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historic and present transactions helps individuals to smooth their consumption. This 

finding contributes to the existing literature on financial information display (e.g., 

Hirshleifer & Theo, 2003), and suggests that users benefit from an aggregated view of 

their financial behaviour.  

By testing the relationship between login frequency and the payday effect, I 

find that active users who frequently check their financial situation significantly 

change their spending pattern, and show more consumption smoothing for 

discretionary items. I find that active users only spend 28% more compared to their 

average spending throughout the month on discretionary items around payday if they 

log in once per month. They only spend 21% more than on average if they log in at 

least six times in the respective months. This suggests that paying more attention helps 

users to significantly reduce their tendency to overspend after payday. 

To test if users learn from past behaviour and frequent logins, I estimated the 

payday effect for those users who frequently logged in over a three-month period (on 

average at least six logins per month), but stopped using the app in the following 

month. The results suggest that users, in the case of the payday effect, fall back into 

their old habits and immediately start to spend more around payday. It appears that 

once individuals pay less attention, they start spending more. This suggests that they 

do not seem to learn from their past behaviour.  

Lastly, I test if introducing the so-called ‘planner function’ has had a positive 

effect on consumption smoothing. This function provides additional information about 

future cash inflows and outflows to the user. The literature on decision-making and 

forecasting (e.g., Koriat et al., 1980; Mitchell et al., 1989 and Meissner & Wulf, 2015) 

suggests that applying prospective hindsight should help individuals to change their 
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current behaviour. In this case, they should be able to further smooth their consumption 

behaviour. However, the results suggest that the introduction of this function did not 

change the behaviour of the overall population of users. Nevertheless, this finding is 

not conclusive since detailed engagement data with the function was not available at 

the time of writing. One assumption is that only those users who actively engage with 

this new function, for example by manually updating expected future cash flows, will 

show a stronger increase in consumption smoothing than those who see the default 

report provided by MDB. 

In summary, it appears that those users who actively use MDB, i.e., login 

frequently, are smoothing their consumption to a larger extent than they did before 

using the app. Importantly, once users stop using the app, they fall back to old habits 

and show a strong tendency to spend more around payday. 

1.8 Summary 

This thesis contributes to the behavioural and household finance literature by 

providing large-scale evidence for behaviour change after introducing new forms of 

financial technology. It explores three main areas of financial decision-making: 

investing, budgeting and spending. This thesis suggests that, while biased decision-

making may persist, financial technology may be helpful in reducing some of the 

biases. It appears that the framing and saliency of financial information are key to 

behaviour change, but only if individuals pay attention.  

Specifically, the three studies included in this thesis expand our understanding 

of how to create an environment that is supportive of rational decision-making (Soll 

et al., 2015; Thaler & Sunstein, 2008). It shows that financial technology might help 
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individuals to make more rational decisions without limiting their choices. The focus 

on technology adds to a current debate on how new forms of support can help 

consumers with their spending (e.g., Carlin et al., 2017; Lusardi et al., 2017) and 

saving (e.g., Beshears et al., 2015; Karlan et al., 2016; Levi, 2016) decisions. It also 

adds to the debate on the influence of social settings and framing on investing biases 

(e.g., Heimer, 2016; Han & Hirshleifer, 2015; Pelster & Hofmann, 2018).  

Importantly, these findings do not only contribute to academic literature in 

behavioural economics but also inform policy makers. The findings imply that 

increasing saliency and transparency of financial information while ensuring that 

individuals pay attention to this information may lead to increases in wealth. This 

thesis also provides suggestions for financial service providers and designers of 

financial technology on what kind of functionality (e.g., social comparison, budgeting 

functions or better illustrations of past consumption behaviour) might be most 

beneficial for their users. In fact, based on the results of chapter three, MDB has 

already changed the way they market the budget function to their users and try to 

convince them to actively engage with this function.  

In addition to private companies, also charities and other institutions which 

help individuals to improve their financial decision-making capabilities might benefit 

from the presented insights of this thesis. My presented results suggest that financial 

technology helps consumers to spend less and to better smooth their consumption 

across the month. Advisors might want to consider these insights when planning 

interventions with their clients in order to support their financial capabilities and 

therefore improve their financial welfare. 
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The remainder of this thesis is structured as follows: Chapters two to four are 

based on academic papers and cover the three main themes of this thesis: the influence 

of financial technology on investing, budgeting and spending behaviour, respectively. 

Each chapter can be read individually and contains an individual research question, 

literature review, methodology and analysis. Chapter five will summarise the key 

insights, discuss limitations of the present thesis and possible avenues for future 

research.  
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2 Transparency and Investment Decisions 

2.1 Introduction 

In this chapter, I examine the impact of transparency and information saliency 

on the behavioural bias known as the ‘disposition effect’ – the propensity of investors 

to sell winnings too soon and hold on to losing positions too long. I study this in the 

novel empirical setting of a social trading platform called wikifolio.com. While there 

are several competing theories to explain the disposition effect, little attention has so 

far been paid to the influence of transparency, i.e., the universal visibility of trades, 

positions and performance, or to the framing of the information that is being made 

transparent. This chapter is therefore among the first to discuss the impact of 

transparency and framing on equity trading and investment performance in a social 

trading setting. 

The disposition effect has been extensively studied in the behavioural finance 

literature. Shefrin and Statman (1985) developed the first conceptual framework to 

explain the disposition effect, followed by Odean (1998) who derived the effect from 

the prospect theory of Kahneman and Tversky (1979). However, to date, the main 

drivers of the disposition effect are still debated, with a range of explanations 

proposed, including realisation preference (Barberis and Xiong, 2012; Kaustia, 2010; 

Ingersoll & Jin, 2013; Yao & Li, 2013), cognitive dissonance (Chang et al., 2016), 
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emotions (Summers & Duxbury, 2012) and pseudo-rational behaviour (Kaustia, 2010; 

Odean, 1998). We already know that socially-inclined investors participate more in 

the stock market (Harrison et al., 2002, Qin, 2012), give more weight to word-of-

mouth than professional advice (García, 2013) and appear more vulnerable to the 

disposition effect in a social context (Rau, 2015; Heimer, 2016, Pelster & Hofman, 

2018).  

Despite this understanding, there is little directly observed evidence in the 

literature about the behaviour of socially-inclined investors in the presence of 

transparency and salient illustration of holding performance. I therefore test if an 

increase in transparency of current and past behaviour, combined with a strong focus 

on displaying current holdings has an effect on the portfolio manager’s tendency to 

sell winners too early. I hypothesise that the increase in transparency and the way 

current portfolio holdings are displayed, may motivate portfolio managers to reduce 

the number of losing posistions in their portfolio and that this effect is strengthend 

once individuals become aware that they are being observed. 

To test this, I analyse a data set of around 2.2 million transactions from more 

than 10,000 portfolios on Wikifolio.com, a social trading platform. A Wikifolio is a 

virtual portfolio consisting of several equity positions that individual traders can create 

and into which other investors can invest, similar to fund managers. In this setting, the 

equity positions are not bought and sold in the stock market, but virtually on the social 

trading platform. The managed portfolio, however, is traded on the exchange similar 

to an exchange traded fund (ETF). In fact, the fee structure and other incentives of 

Wikifolio managers are very similar to typical fund managers. The fund managers start 
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without any real money investments into their fund. Their aim is to attract funding 

from other users by showing a track record of successful portfolio management.3 

In this empirical setting, portfolios go through a three-stage lifecycle with 

increasing levels of transparency in each phase. In the first stage, known as the test 

phase, trades and performance data are hidden and only visible to the traders until they 

decide to publish their portfolio. 

Once in the published phase, both historical trades and current positions 

become fully transparent and cannot be hidden retrospectively unless the trading 

account is deleted from the platform. This portfolio overview therefore also includes 

trades which were executed in the test phase which were invisible to others before. 

The value of holdings is refreshed every ten seconds, with the performance of current 

holdings prominently displayed. Each position will be marked red if it is currently in 

the loss region, and green if the position is in the gains region. Thus, the current relative 

position of each holding is clearly visible to observers and to the portfolio manager 

herself. 

The trader's awareness of potential observers, i.e., outside attention paid to the 

portfolio, is further increased in the investable phase. In this phase, at least ten 

investors had to confirm their investment interest in a portfolio before portfolio 

 

 

3 Although ‘Wikifolio manager’ is the formal term used and preferred by the platform, for simplicity 
and ease of reference I use the term ‘fund manager’ in the rest of the chapter. I acknowledge that there 
are differences between conventional fund managers and the Wikifolio managers in this platform. For 
example, while the former manages funds as a professional activity, the latter may be less sophisticated 
individuals investing as a side activity. Also, the former is subject to the intricate institutional setting of 
investment houses whereas the latter are not. Initially, there is no requirement for individuals signing 
up to these platforms to invest real money, unless they choose to and are deemed qualified by the 
platform for doing so. This may in effect limit the external validity of my findings.  
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managers can make their portfolio investable and become eligible to attract funds from 

external investors. Hence, this is the first time when real money can be invested into 

the virtual portfolio.  

This empirical setting, particularly the segmentation of portfolio stages, allows 

me to analyse how differences in transparency influence trading behaviour. I focus on 

the traders’ propensity to sell individual stocks in their portfolios and use time series 

of assets under management as a proxy for the attention portfolios receive. This allows 

me to test the hypothesis that an increase in transparency and more salient illustration 

of performance may lead to a reduction in the disposition effect of portfolio managers. 

My findings contribute to the growing literature on financial networks (e.g., 

Kodres & Pritsker, 2002) by providing new insights on the possible interaction of 

financial technology, here a social trading network, and trading biases. I extend to the 

discussion of saliency of performance (e.g., Bazley et al., 2017) and trading behaviour 

by suggesting that the way financial platforms illustrate the trading data of their users 

might influence their behaviour. Lastly, I contribute to the literature on self-auditing 

in a transparent environment (Power, 1999) and argue that individuals seem to be 

motivated to clean their portfolio once they know that they could be observed by 

others.  

In terms of social networks and financial decision-making, Heimer (2016) 

studies the disposition effect of traders on a foreign exchange (forex) trading platform 

and finds that after joining a social trading platform, those forex traders show a higher 

disposition effect. While Heimer explores the impact of joining a social trading 

platform and documents an increased disposition effect, I show that a reduction in the 

disposition effect is possible when current portfolio holdings become patently 
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transparent to investors. Different to Heimer, I focus on equity investments, thus 

contributing to the mutual fund literature. My findings can therefore also be linked to 

the context of window dressing. As suggested by a considerable body of previous work 

(e.g., Lakonishok et al., 1991; Sias & Starks, 1997; He et al., 2004; Agarwal et al., 

2014), window dressing is the tendency of fund managers to alter their portfolio 

holdings in stocks that have done well or poorly. This chapter will show that portfolio 

managers appear to become aware of the transparent environment and start clearing 

out their losing positions, i.e., start reducing the disposition effect.  

My findings suggest that due to the specific structure of the platform, 

highlighting current portfolio holdings in different colours (red and green), the 

cognitive unease of realising losses – in other words, loss aversion, a key driver of the 

disposition effect – may be outweighed by the cognitive unease of publicly holding 

losing positions in the portfolio. To improve the impression of one’s portfolio, the 

manager might be motivated to cut the number of losing positions quickly to make 

them less obvious, and thus damaging to the portfolio's success. This may explain the 

variations in trading styles during the different phases of the portfolio lifecycle. 

Specifically, I find that while the disposition effect is very strong in the anonymous 

stage of trading on the platform (i.e., the test phase), traders start to sell more losing 

positions compared to winning positions as their holdings become public, thus 

reducing the disposition effect in the published phase and, subsequently, the investable 

phase.  

I also demonstrate that the negative relationship between transparency and the 

disposition effect might be intensified by additional factors. These include increasing 

age, and living in areas with generally high educational attainment or income. This 
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supports the intuition that traders are protective of their image which they present to 

other users of the platform. It appears that with increasing age and income, individuals 

are more affected by an increase in transparency.  

Finally, I provide evidence of regional differences between investors which act 

as proxy for what I term the ‘transparency culture’. I find that trading behaviour differs 

significantly between users living within the geographical boundaries of the former 

East and West Germany. Transparency appears to have a larger moderating effect on 

the disposition effect in the regions belonging to former West Germany. I suggest 

possible explanations for this based on the cultural impact of differences in state 

surveillance before the German reunification in 1989. The findings suggest that it may 

be possible to get used to being observed and that a change in transparency then no 

longer has the same effect.  

These results have important implications for theory and practice. I show that 

increased transparency, and the way gains and losses are displayed in the platform, 

may help fund managers improve their performance by reducing the disposition effect. 

While fund managers already publish their holdings on a quarterly or monthly basis, 

increasing the frequency and potentially the extend of detail may have positive welfare 

implications. The existing evidence (e.g., Heisler, 1994; Odean, 1998; Barber & 

Odean, 2000; Kaustia, 2010; Seru et al., 2010) on the welfare impact of the disposition 

effect implies that the transparent display of financial performance may positively 

contribute to investor returns. 
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2.2 Theoretical Framework 

The disposition effect has been closely scrutinised in the behavioural finance 

literature. Shefrin & Statman (1985), who first documented the effect, argue that the 

combination of mental accounting, loss aversion, regret aversion and low self-control 

drive the disposition effect. Other studies (e.g., Barber et al., 2007; Odean, 1998; Feng 

& Seaholes, 2005) focus more on the prospect theory of Tversky & Kahneman (1981), 

which can result in sub-optimal buy or sell decisions (Grinblatt & Keloharju, 2001, 

Genesove & Mayer, 2001).  Tversky & Kahneman (1981) argue that there is only 

about half as much satisfaction in realising a gain as the displeasure of an equal loss.  

Another common explanation for the disposition effect is mental accounting, 

which explains why traders do not consider their overall wealth or financial holdings 

as a unified whole, but as segregated accounts. Traders create reference points (e.g., 

Weber & Camerer, 1998) for each position, with common reference points being the 

share purchase price or its highest value during the holding period. These reference 

points form the basis for the evaluation of all subsequent changes in price (Tversky & 

Kahneman, 1981; Thaler, 1985; Thaler, 2008). In general, when investors sell a stock 

at a loss, they close the associated mental account at a loss.  

Furthermore, cognitive dissonance (Festinger, 1957) provides an alternative 

explanation for the disposition effect (Chang et al., 2016). An investor may justify 

buying a security by evaluating the available information. If new information 

contradicting existing beliefs becomes available, a mental conflict arises. To reduce 

the psychological unease, an individual tries to reduce the dissonance by either 

adapting an existing belief or cognition, modifying its importance or by introducing a 

third cognition mediating between the existing ones (Chang et al., 2016). This suggests 
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that in the context of the disposition effect, that paper losses result in less cognitive 

unease than realised losses since the belief remains that losing stocks will gain in value 

in the future. 

The way financial information is displayed can also influence financial 

behaviour. For example,  Frydman & Rangel (2014) find that the saliency of a stock 

can affect trading decisions. Bazley et al. (2017) and Gnambs et al. (2015) illustrate 

how different colours, particularly red, can influence financial decision-making. Since 

modern financial platforms often provide colourful illustrations of trades and 

performance, I also discuss the potential impact of profit and loss illustrations in my 

findings.  

Additionally, the responsibility felt by investors for their performance (e.g., 

Summers & Duxbury, 2012) can also affect trading decisions (Chang et al., 2016). 

This confirms prior research by Calvet et al. (2009) on Swedish traders and by Ivković 

and Weisbenner (2009) who suggest individuals show less disposition effect when 

investing in mutual funds. Chang et al. (2016) argue that the reason for a reversed 

disposition effect is that mutual fund investors blame the manager for poor 

performance. This delegation of failure reduces the cognitive dissonance and 

associated negative feeling of realising a loss and therefore leads to a reversed 

disposition effect. Kaustia & Knüpfer (2012) argue that investors assume 

responsibility for their successful trades, but tend to blame  

non-alterable external factors for their potential losses. Nevertheless, traders can 

“learn” that they do not have sufficient skills and therefore stop their trading activity 

(Seru et al., 2010). They reduce their cognitive dissonance by adjusting one of the 

cognitions.  
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The expectation of receiving feedback can change behaviour. For example, 

fund managers have been found to hide poor performance which might indicate 

significant operational risks (Aragon & Nanda, 2017). Fund managers may be 

motivated to copy other peoples’ behaviour while at the same time limiting the amount 

of information they voluntarily share. Elton et al. (2011) show that an increase in the 

disclosure of fund holdings improves the selection of high-performing funds. Also, it 

has been shown that copying public holdings can provide similar returns to investing 

in a fund (Verbeek & Wang, 2013) and that increased transparency benefits funds with 

illiquid holdings (Aragon et al., 2013; Parida & Teo, 2018).  

Importantly, the social environment can influence information processing and 

motivate behavioural change. Investors tend to observe other informed traders before 

deciding on an investment (Qin, 2012). Social investors increase their participation 

level, activity, and risk level compared to non-social investors (Hong et al., 2004, 

Kaustia and Knüpfer, 2012). They put more trust in those individuals they know than 

in financial advisors, make less use of information to make investment decisions if 

they trust a certain advisor, and weigh word-of-mouth more heavily than professional 

advice (García, 2013). Duflo & Saez (2002), as well as Beshears et al. (2015), show 

that social interactions influence the saving decisions of individuals. An increase in 

communication activity between investors may increase the trading activity on social 

trading platforms compared to traditional brokerage accounts. This involves both 

active communication by commenting on certain activities and passive 

communication, since all activities are transparent. Pelster & Hofman (2018) find 

evidence that users who have followers tend to have a higher disposition effect than 

those without followers and argue that the felt responsibility might drive the change in 
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behaviour. Furthermore, Hermann et al. (2019) use an experimental setting to show 

that the disposition effect is higher once traders perform trades on behalf of others. Liu 

et al. (2014) present similar evidence for users of eToro. 

Investigating the behaviour of traders on a forex social trading platform, 

Heimer (2016) finds that their tendency to realise gains instead of losses increases once 

traders join the platform. However, trading in foreign exchange differs significantly 

from trading in equity. For example, O’Connel & Teo (2009) find that institutions 

trading with foreign exchange rates tend to close their positions much quicker if they 

are in the loss region. Locke & Mann (2005) furthermore argue that the trading speed 

and the magnitude of each position are very different. Currency traders tend to only 

trade a couple of select currency pairs, and hold them for a very short time. On the 

other hand, equity traders typically hold positions for longer periods. However, to the 

best of my knowledge, there is no prior research on the behavioural biases of equity 

traders, and fund managers in particular, within a transparent environment. Hence, I 

argue that any discussion about the impact of social trading on behaviour must take 

note of the asset class being traded. The fund like structure of the wikifolios and the 

fact that portfolio managers need to convince other users to invest their money into the 

portfolios is similar to the processes of mutual funds. While existing studies about 

social trading platforms usually use data focused on currency traders, the present study 

is among the first to use data about portfolios trading equity. 
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2.3 Data and Empirical Approach 

2.3.1 Data 

There are currently around 25 social trading platforms in existence (Gemayel 

& Preda, 2018). Social trading platforms allow traders to observe all other traders, 

their performance, holdings and related investment details. While their underlying 

processes are similar, the majority of platforms, such as eToro or Zulutrade, the self-

reported market leaders, focus on contract for difference (CFD) trading on foreign 

exchange currency pairs, commodities or indices. Users can start trading their own 

funds or make a virtual portfolio, with trader compensation based on a combination of 

factors such as assets under management, number of followers, and portfolio 

performance.  

My study uses data from Wikifolio.com, a social trading platform established 

in 2012. I acquired their full data set, including the trading and holding data of 10,604 

Wikifolios, trading 2,974 different stocks as of May 2016. I excluded ca. 5,000 

portfolios managing exchange traded funds, options and other synthetic products.  I 

also excluded Wikifolios which executed less than ten trades since their initiation. Not 

all portfolios were able to accumulate funds, but as many as 1,938 equity traders on 

this platform manage around €281 million. I analyse the differences between traders 

who achieve investable portfolios, and those who never become investable. To address 

concerns regarding survivorship bias, I compare ‘successful’, i.e.,  portfolios that have 

accummulated funds, with those having no assets under management.  

Figure 2.1 illustrates the different phases a Wikifolio goes through to become 

investable for other users. The first phase is the test phase, where a user can trade 

without being observed by the public. She can then decide whether to publish or to 
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delete the test portfolio. Once published, it cannot be deleted (except if the user deletes 

their account), and each user can see all of the portfolio’s current holdings and past 

trades. This includes all trades in the test phase of the respective portfolio which were 

hidden before. However, if a user decides to delete a test portfolio and start a new one, 

other users will not be able to retrieve the deleted information. My proprietary data 

set, however, includes portfolios that have been deleted, this gives me the opportunity 

to analyse behaviour of non-survivors. Importantly, a user can have only one test 

portfolio but several published or investable portfolios.  

Before a portfolio becomes investable, certain quality criteria have to be met. 

These include, interest from at least ten other traders, a period of 30 days spent in the 

published phase, a telephone interview with Wikifolio.com and the provision of a 

suitable document to prove one’s identity which ensures that every individual can have 

only a single account. Once these criteria are satisfied, the portfolio becomes 

investable, and an equivalent certificate is created. The certificate value directly 

depends on the performance of its associated portfolio. A 1% increase in the portfolio’s 

value corresponds to a 1% increase in the respective certificate price on the stock 

exchange.  
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Figure 2.1 Lifecycle of Wikifolios 
This figure presents the three main phases of a Wikifolio. In the test phase, traders can 
try out their strategy and build a track record of their activities. None of the trades are 
public, unless the trader later decides to publish the portfolio. In the second phase 
(published phase), the portfolio is visible to every visitor on the platform. Now, 
previously hidden trades are visible. However, no user can invest money in this 
portfolio. To create an investable portfolio, each Wikifolio manager must comply with 
certain quality criteria. These include earmarked investment by at least ten users, 
having spent at least 30 days in the published phase, passing ID checks, and phone 
interviews. Once the portfolio is investable, a Wikifolio-certificate based on this 
specific portfolio is listed on the stock exchange and given a unique identifier. From 
this point, everyone can invest in this certificate and therefore create assets under 
management for the respective Wikifolio manager. Wikifolios can be closed, and each 
trader can have several published portfolios, but the formerly published portfolios will 
always be linked to the same account and be visible to the community. 
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Wikifolio managers are arguably motivated to perform similar to other 

investment managers, with reimbursement dependent on performance and assets under 

management. They self-select a performance fee which can range between 5% and 

20%. This fee is based on a high-watermark principle, and the proportion that goes to 

the user depends on assets under management. Those portfolios with more than 

€125,000 in assets under management receive 50% of the performance fee with the 

rest going to the platform. This watermark is reset at the end of December to match 

the index level of the respective portfolio on that day. 

As can be seen in Table 2.1, the portfolios have produced an annualised mean 

return of almost 13% per year. The portfolios are quite young, with the oldest being 

around 4 years old with a median of 1.69 years. Money-managing portfolios are 

slightly older with a median of 2.10 years. The average assets under management of 

the money-managing portfolios is €66,720, with the largest currently managing more 

than €11 million. The median asset under management is €5,450, suggesting that few 

traders are able to accumulate significant funds, and the income to most Wikifolio 

managers from their trading activity will be low.  
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Table 2.1. Summary Statistics 
The table provides descriptive statistics for the assets under management, the number 
of buy and sell trades, the annualised return of the portfolios in absolute terms, the 
number of realised gains and losses, and the average time portfolios spend in each of 
the three phases. Annualised portfolio return is winsorized at the 95% level. Panel A 
considers all traders and Panel B considers the portfolios that have accumulated assets. 
Panel C shows the distribution of the Wikifolio managers’ age and the education and 
level of income of individuals in the managers’ neighbourhood. Education is proxied 
by the percentage of pupils leaving school with a university-entrance qualification in 
the individual’s zip code. Disposable income is similarly aggregated for households in 
the same zip code. 

 

 Mean Std. Median Min Max N 
Panel A: All Wikifolios       
Assets under management (‘000 €) 11.63 190.79 0 0 11,604.84 10,604 
Number of trades 149.69 356.68 53 10 10,126.00 10,604 
Annualised portfolio return (in %) 12.83 27.62 5.08 -28.98 92.19 10,604 
Number of realised gains 37.95 94.81 11 0 1,934.00 10,604 
Number of realised losses 22.68 60.43 7 0 1,565.00 10,604 
Days in the test phase 105.56 209.04 14 1 1,379.00 6,914 
Days in the published phase 218.84 260.19 117 1 1,397.00 8,735 
Days in the investable phase 395.61 323.85 329 1 1,364.00 3,246 
Portfolio age in years 1.83 1.01 1.69 0.02 3.89 10,604 
 
Panel B: All money-managing Wikifolios 
Assets under management (‘000 €) 66.72 453.07 5.45 0.001 11,604.84 2,290 
Number of trades 312.60 582.86 122.50 10 6,685.00 2,290 
Annualised portfolio return (%) 17.88 31.89 8.52 -28.98 92.19 2,290 
Number of realised gains 83.31 161.82 30.00 0 1,934.00 2,290 
Number of realised losses 49.95 105.36 17.00 0 1,565.00 2,290 
Days in the test phase 42.74 106.47 6.00 1 1,072.00 1,246 
Days in the published phase 110.25 152.59 48.00 1 1,218.00 2,071 
Days in the investable phase 448.89 337.12 377.00 1 1,364.00 2,290 
Portfolio age in years 2.10 1.02 2.10 0.07 3.89 2,290 
 
Panel C: Demographic information 
Age (in years) 39.63 11.51 39.00 17.58 87.50 3,334 
Level of education (in %) 36 9 37 12 60 5,668 
Disposable income (in ‘000 €) 21.65 2.74 21.54 16.14 41.71 5,677 
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My sample includes more than 2.2 million transactions: 1,368,107 buy and 

849,889 sell trades. On average, each trader realises 37.95 (median 11) gains and 22.68 

(median 7) losses. Compared to most other social trading platforms that focus on forex, 

the average number of trades in Wikifolio is lower, an attribute of equity trading where 

holding periods tend to be longer. While the majority of users are from German-

speaking countries, the selection of stocks is globally diversified, with US stocks being 

popular. Historically, traders have selected 882 different stocks, with Apple featuring 

in 4,074 portfolios. At the time of writing, users could invest into 3,062 stocks. 936 of 

those are US companies. However, it should be noted that users could invest into 1,367 

ETFs and 255,117 derivatives. 

While I know the age and the location of the majority of Wikifolio managers, 

I do not have access to their personal data. To control for potential unobserved 

heterogeneity in trader characteristics, I include trader fixed effects in the majority of 

tests. However, to explore the possible impact of age, income and education on 

transparency and the disposition effect, I also include an analysis with proxies for 

disposable income and education based on the provided trader zip code. I collect data 

from Germany’s Federal Statistical Office (2016), which provides demographic 

information for 403 different German regions and cities. I use the regional level of 

disposable income per household as a proxy for income and the percentage of 

graduates with a university-entrance qualification as a proxy for education (see Figure 

2.4). 

Panel C in Table 2.1 shows the summary statistics for self-reported age, 

education and disposable household income in the respective regions. Some test 

portfolios are excluded since they did not provide their zip code which is only 
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mandatory once the portfolios become public. While there are limitations in using zip 

code data for income and education to proxy for that of the individual Wikifolio trader, 

the results can be interpreted in the context of social effects consistent with the 

theoretical framework introduced above. Figure 2.2 illustrates the interface visible to 

traders and other users, and Figure 2.3 shows the typical portfolio overview displaying 

the last ten trades per page. While the full trading history and the percentage gain or 

loss on completed trades is reported (as illustrated in Figure 2.3), it is noteworthy that 

the main portfolio overview at Wikifolio.com focuses on the current holdings and 

whether the various shares held are currently at a gain (highlighted in green) or at a 

loss (highlighted in red) relative to their average purchase price. This is a key 

difference to other social trading platforms such as eToro which focus on the ratio of 

profitable trades. 
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Figure 2.2 Portfolio overview at Wikifolio.com 

This figure illustrates a typical user’s portfolio overview at wikifolio.com. Current 
holdings flash red (high saturation) or green (low saturation) every ten seconds if the 
position is currently in the gain (green) or loss (red) region. Each user and the 
Wikifolio manager can see this overview. 
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Figure 2.3 Trading history at Wikifolio.com 
This figure shows the trade history of a typical Wikifolio once it is published. This 
overview is visible to each visitor of the webpage and begins with the latest trade 
executed in the portfolio. It shows the traded stocks, order type, time, price and the 
weighting of the position as well as the relative return of this transaction. 
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Figure 2.4 Education and income in Germany 
The upper illustration shows the education level as a percentage of graduates with a 
university-entrance diploma. The lower illustration shows the level of disposable 
income for the respective regions (Federal Statistical Office, 2016). The lowest income 
and education areas are marked in dark grey, the highest in light grey. The lowest 
category for education ranges from 0% to 23.6%, the highest from 38.6% to 59.7%. 
The lowest incomes range from €16,136 to €18,673, the highest range from €22,945 
to €41,707 
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2.3.2 Empirical Approach 

Fundamentally, I aim to explore the impact of transparency on the disposition 

effect by comparing trading behaviour in different phases, each characterised by an 

increasing level of transparency. To analyse the disposition effect, Grinblatt & 

Keloharju (2001) developed a regression model focusing on the holdings of each 

investor. More recently, Heimer (2016) expanded the work done by Grinblatt et al. 

(2012), Kaustia (2010) and Linnainmaa (2010) by comparing the trading behaviour 

before and after joining the social trading platform. I adjust Heimer’s approach by 

testing the impact of changing Wikifolio status on the behaviour of the users, i.e., the 

impact of trading in a more transparent phase. My model is specified as follows: 

 

        saleijt = β1gainijt +β2post-testijt +β3gainijt * post-testijt +εit  (Eq. 2.1) 

 

The dependent variable ‘sale’ takes a value of either zero or one depending on 

whether the respective stock i is sold by trader j on day t, where t refers to any day on 

which the Wikifolio manager makes a sale transaction. For example, if a Wikifolio 

manager has ten stocks in her portfolio and sells two of them on day t, I would observe 

ten decisions; two times the sale dummy would be equal to one, and eight times it 

would be equal to zero. This also means that, while I observe buy transactions in the 

data, I only use days on which a sale transaction takes place. The gain variable takes a 

value of one if the security has appreciated compared to its average purchase price and 

zero otherwise. Thus, a positive and significant value for the coefficient on the gain 

variable indicates the presence of the disposition effect, showing that traders have a 
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higher propensity to sell shares which have appreciated in value than those which have 

lost in value. Table 2.2 describes all additional variables. 

To capture the impact of the change from managing a private portfolio (during 

the test phase) to managing a portfolio that is visible to all Wikifolio users, I introduce 

a dummy variable ‘post-test’, taking the value one for portfolios that are either in the 

published or in the investable phase, and are thus transparent to every other user and 

zero otherwise. This difference-in-differences test will, therefore, examine the impact 

of trading in public compared to trading in an anonymous environment.  

Next, I explore whether behaviour depends on the degree of transparency a 

portfolio manager is exposed to. To this end, I analyse phase dummies for the 

published and investable phases, as well as their interaction with the gain variable, 

with the test phase being the baseline. To control for attention, the model includes time 

series data of the assets under management for each Wikifolio interacted with the gain-

dummy variable:  

 

saleijt = β1gainijt + β2publishedijt +β3gainijt * publishedijt + β4investableijt  

+ β5gainijt * investableijt + β6AUMijt + β7gainijt * AUMijt + wX + εit  (Eq. 2.2) 

 

In the main analysis, I include trader, week-of-the-year and year fixed effects. 

I also cluster standard errors at the trader and week level. I conduct robustness tests 

controlling for the impact of gaining experience by having previously run a Wikifolio. 

Controls for learning effects help address my main research question, by suggesting 

that the change in behaviour is the result of increased transparency, rather than 

increased investment experience.  
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Table 2.2 Variable Definition 
 

Variable 
 

Description 

Saleijt Takes the value one if a position i is sold on day t by portfolio manager 
j and zero otherwise. Observations include any day in which a sale 
transaction takes place. 
 

Gain Takes the value one if a position is in the gain domain at time t and 
zero otherwise 
 

Post-Test Takes the value one if a transaction occurs in either the published or the 
test phase 
 

Published Takes the value one if a transaction occurs in the published phase 
 

Investable Takes the value one if a transaction occurs in the investable phase 
 

AUM Time-series data of assets under management, measured in Thousand 
Euros 
 

Portfolio Return 
 

Overall portfolio return since the Wikifolio inception 
 

Sharpe Ratio Quarterly calculated Sharpe Ratio for each Wikifolio 
 

Number of 
Holdings 

Time-Series data of the number of holdings at time t by portfolio 
manager j 

  
Number of 

Transactions 
Total number of transactions by portfolio manager j over the whole 
observation period 
 

Market Returns Seven different non-overlapping market returns. Ranging from t-1 to t-
365 
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As suggested in previous research on the disposition effect (e.g., Birru, 2015; 

Chang et al., 2016; Grinblatt and Keloharju, 2001), I also control for market returns 

using index returns with different time horizons. Following Birru (2015), I include the 

same-day returns (RM=0), one, two, three and four previous days and five additional 

non-overlapping time periods between 19 and 179 days before the sale transaction. 

The results I show, are robust to the inclusion of additional controls for portfolio 

specific measures such as portfolio return, Sharpe ratio, number of trades by each 

Wikifolio manager as well as the number of holdings at the time of sales. 

2.4 Empirical Results 

2.4.1 Core findings 

In my empirical model, the main variable of interest is the gain dummy and its 

interaction with other variables. This variable takes a value of one for each stock, if 

the market price exceeds its average purchase price for that stock. My dependent 

variable in the main analysis is a dummy taking the value of one if the position is sold. 

I include trader fixed effects to control for heterogeneity in trader characteristics, 

which may affect their susceptibility to a disposition effect separate from the impact 

of transparency, as well as week and year fixed effects to control for any time effects. 

Standard errors are clustered by trader ID and week. I perform the first specification 

of Eq. 2.1 to compare the magnitude of the disposition effect without controlling for 

other factors other than the trader and timing fixed effects. The second to fourth 

specifications only consider observations in the test, published, and investable phases, 

respectively. The fifth specification introduces a dummy variable for the transition 

from the test phase to the portfolio becoming visible, while the sixth specification 
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explores whether behaviour alters with the degree of transparency (Eq. 2.2), separating 

out the transparent period into the published and investable phases. For this, I include 

dummy variables for the published and the investable phase and their interaction with 

the gain variable, as well as controls for trading activity such as number of trades and 

number of holdings.  

A positive and significant loading on the gain variable indicates that portfolio 

managers are more inclined to sell winning shares than losing ones, suggesting the 

presence of the disposition effect. The results are reported in Table 2.3. In column one, 

I find a value of 8.46% for the coefficient on the gain variable. This value is higher but 

comparable to findings by Chang et al. (2016) (3.9%). This indicates that Wikifolio 

users are on average somewhat more subject to the disposition effect than equity 

traders in a traditional environment, consistent with the findings by Heimer (2016) for 

currency traders. However, the results for the second, third and fourth specifications 

show a monotonous decline in the disposition effect, as traders move from the test to 

the published and on to the investable phase. The gain variable is more than 35% 

smaller in the investable phase than in the test phase. Importantly, I show trading 

behaviour changes when a portfolio becomes transparent as well as with increasing 

transparency throughout the portfolio lifecycle. In other words, this suggests that 

transparency may mediate the disposition effect. The difference-in-differences test in 

column five shows a significant reduction in the disposition effect as the portfolio 

becomes transparent, with the coefficient of the interaction term (Gain * Post-Test) 

becoming negative with a magnitude of -2.89%. As transparency increases, with the 

portfolio moving from the published to the investable phase, the disposition effect is 
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further reduced (column six). These robust results imply that the behaviour of traders 

changes between the different phases. 

To test if my core results are influenced by outliers, I exclude the upper and 

lower decile for the variables capturing assets under management, number of holdings, 

number of trades and portfolio return. I find that the coefficient for the key differences-

in-difference variable interaction (Gain * Post-Test) remains negative and significant 

as in previous results. The effect even becomes stronger when I exclude assets under 

management outliers (i.e., very small and very large portfolios). Combining all 

exclusion rules in model six shows a similar effect, as in this case the coefficient is 

even stronger than in the other models and in the original results. This suggests that 

my results are robust to outliers. Table 2.4 shows the results for this analysis. The 

remainder of the tests will include all observations. 
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Table 2.3 Transparency and the Disposition Effect 
The table presents the results of my main regression specifications. The dependent 
variable is the dummy Sale taking the value one if a sale takes place at time t and zero 
otherwise. The independent variable Gain takes a value of one for every position in 
the portfolio on time t, which is in the gains region and zero otherwise. The first is a 
simple specification with gain as my main explanatory variable. The second 
specification only includes observations from the test phase, the third only from the 
published phase and the fourth only from the investable phase. The fifth specification 
includes a test for the difference-in-differences of trading in the test phase or 
subsequent phases. The sixth specification includes interaction terms between phase-
dummy variables and the gain variable. The control variables included are assets under 
management (AUM, reported in € million) at time t, number of transactions, the 
portfolio Sharpe-ratio. Not reported are market returns in several non-overlapping time 
periods. All models include week of the year and year-fixed-effects. Clustered (by 
trader ID and week) robust standard errors are reported in parentheses with *** 
p<0.01, ** p<0.05, * p<0.1. 

 
 (1) (2) (3) (4) (5) (6) 
VARIABLES Sale Sale - 

Test 
Sale - 

Published 
Sale - 

Investable 
Sale -  
DID 

Sale –  
All phases 

Gain 0.0845*** 0.113*** 0.0984*** 0.0720*** 0.112*** 0.112*** 
 (0.00267) (0.00527) (0.00339) (0.00327) (0.00544) (0.00546) 
Gain * Post-Test     -0.0289***  
     (0.00561)  
Post-Test     -0.0382***  
     (0.00454)  
Gain * Published      -0.0144** 
      (0.00564) 
Gain * Investable      -0.0385*** 
      (0.00598) 
Published       -0.0423*** 
      (0.00465) 
Investable       -0.0478*** 
      (0.00500) 
Gain * AUM      -0.0120*** -0.00975*** 
     (0.00261) (0.00236) 
AUM     0.00427 0.00317 
     (0.00265) (0.00266) 
Sharpe Ratio     -0.00212** 0.00216*** 
     (0.000970) (0.000469) 
Num. holdings     -0.000262*** 1.58e-05 
     (7.49e-05) (5.38e-05) 
       
Observations 6,421,124 610,856 2,109,338 3,700,880 6,421,124 6,421,124 
Adjusted R-squared 0.102 0.216 0.126 0.060 0.103 0.104 
Number of ID Clusters 10,587 4,041 8,235 3,379 10,587 10,587 
Trader-FE YES YES YES YES YES YES 
Week- & Year-FE YES YES YES YES YES YES 
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Table 2.4 Regression Analysis Outlier Impact 
The table presents the results of my main regression specifications controlling for 
outliers in the control variables. The dependent variable is the dummy, taking the value 
one if a sale takes place at time t and zero otherwise. The independent variable Gain 
takes a value of one for every position in the portfolio at time t which is in the gains 
region, and zero otherwise. This regression table excludes outliers for my key control 
variables for trading activity: assets under management, number of activities (trades), 
number of holdings and portfolio return. The first model includes all portfolios as 
before. Models 2 to 5 exclude the upper and lower deciles in the respective category. 
For example, in model 3, portfolios with more than 2,702 or less than 116 trades in 
total are excluded. Model 6 excludes all outlier accordingly. AUM (.000341 | .09704), 
number of activities (116  |  2,702), number of holdings (13  |  130) and portfolio return 
(-.0874165  |  2.971). All specifications include trader, week and year-fixed-effects. 
Clustered (by trader ID and week) robust standard errors are reported in parentheses 
with *** p<0.01, ** p<0.05, * p<0.1. 

 

 (1) (2) (3) (4) (5) (6) 
VARIABLES Sale - All Sale - 

AUM 
outliers 
excluded 

Sale - 
Activities 
outliers 
excluded 

Sale - 
Holdings 
outliers 
excluded 

Sale - 
Return 
outliers 
excluded 

Sale - all 
outliers 
excluded 

Gain 0.112*** 0.139*** 0.0977*** 0.0932*** 0.111*** 0.146*** 
 (0.00520) (0.0260) (0.00588) (0.00524) (0.00525) (0.0240) 
Gain * Post-Test -0.0289*** -0.0624** -0.0204*** -0.0204*** -0.0284*** -0.0796*** 
 (0.00540) (0.0252) (0.00601) (0.00536) (0.00549) (0.0231) 
Post-Test -0.0382*** -0.0263*** -0.0361*** -0.0335*** -0.0381*** -0.0128 
 (0.00421) (0.00848) (0.00454) (0.00473) (0.00433) (0.00777) 
Gain * AUM  -0.0120*** -0.314** -0.0138*** -0.0099*** -0.0104*** -0.161 
 (0.00267) (0.142) (0.00336) (0.00234) (0.00369) (0.162) 
AUM 0.00427 0.111 0.00284 0.00459* 0.00419 0.0334 
 (0.00266) (0.134) (0.00417) (0.00273) (0.00319) (0.130) 
# holdings -2.86e-06 -5.61e-05 -0.0001*** -3.05e-05 1.04e-05 -0.000113* 
 (5.09e-05) (4.51e-05) (3.28e-05) (4.54e-05) (6.20e-05) (5.88e-05) 
       
Observations 6,421,141 2,334,221 5,122,041 5,064,630 5,136,814 1,300,416 
Adj. R2 0.025 0.022 0.022 0.021 0.024 0.019 
Trader-FE YES YES YES YES YES YES 
Week- & Year-FE YES YES YES YES YES YES 
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I also explore whether the change in behaviour is related to loss or gain 

realisation, or whether both are equally important. Figure 2.5 shows the daily 

magnitude of average loss and gain realisation around phase changes in the ten days 

before and after a phase change. The figures suggest that the magnitude of realised 

gains and losses increases over time and between the phases. The graphs support the 

intuition that just after a phase shift, individuals seem to increase their loss realisation 

behaviour. They appear to ‘clean’ out starkly losing positions just after changing the 

phase. 

Figure 2.6 further substantiates this analysis. This figure shows the daily 

average number of realised gains and losses around phase changes around the ten days 

before and after a phase change. It suggests that individuals reduce gain realisation 

after phase shifts in favour of loss realisation. The effect seems to be especially strong 

when considering the change from the published to the investable phase.  

These findings are somewhat surprising. Since the traders are able to decide 

themselves when to change from the test to the published phase, I would have expected 

that they ‘clean’ their portfolio before and not after a change. The same is true for the 

change from published to the investable phase. While traders need to qualify for a 

change, for example by having at least ten other traders interested in their portfolio, 

they can still themselves decide to stay in the published phase or move to the investable 

phase. To better explore the different behaviour between phases and the influence of 

transparency and the way information is illustrated to the portfolio manager but also 

potential followers (i.e., saliency of financial information), the next sections will test 

several possible alternative explanations such as survivorship or learning and will also 

explore regional and other demographic differences.  
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Figure 2.5 Realised Returns around Changes in Transparency 
This figure shows the daily magnitude of average loss and gain realisation. The first 
graph depicts these values around the change from the test to the published phase, 
while the second from the published to the investable phase. The x-axis shows the 
number of days before and after a phase shift, with day zero being the first day in the 
new phase. The y-axis is the average realised return of each trade in percent. 
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Figure 2.6 Realised Transactions around Changes in Transparency 
This figure shows the daily average number of realised gains and losses around phase 
changes. The first graph depicts these values around the change from the test to the 
published phase, while the second from the published to the investable phase. The x-
axis shows the number of days before and after a phase shift with day zero being the 
first day in the new phase. The y-axis shows the average number of gains to losses 
realised around phase shifts. 

 

 

  

0
2

4
6

8

-10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10

Number of realized gains and losses around change to published

Realized Gains Realized Losses

0
3

6
9

12
15

-10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10

Number of realized gains and losses around change to investable

Realized Gains Realized Losses



 

 

 

76 

2.4.2 Survivorship Bias 

One concern of my current findings is that only those portfolio managers who 

perform well, i.e., those who show low bias, are able to move through to the published 

or investable phase. To address this potential survivorship bias, I perform additional 

tests for portfolios that are not and will not be published and/or investable. By grouping 

each portfolio based on its final stage, I can observe differences in behaviour between 

successful prospective portfolios and those which will not move into the published or 

investable phase. For example, I compare the coefficient on the gain variable in the 

test phase of those portfolios which eventually become investable against those which 

will not move through the complete life-cycle. Table 2.5 summarises these results and 

compares them to my baseline findings in Table 2.3. Comparing the results in column 

four and seven, I find little evidence to suggest that test portfolios which are closed 

down by traders who do not progress beyond the test phase suffer from greater 

behavioural biases than test portfolios for other traders. Both types of portfolios, those 

which progress only to the published phase and those which progress up to the 

investable phase, show a reduction in the disposition effect after the phase change. 

This suggests that survivorship bias does not drive my results. The next sub-section 

provides additional tests exploring the impact of learning effects and also if the volume 

of assets under management matters. 
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Table 2.5 Controlling for Survivorship Bias 

The table presents the results of my main regression specifications for different groups. The 
dependent variable is a dummy taking the value one if a sale takes place at time t and zero 
otherwise. The independent variable Gain takes a value of one for every position in the 
portfolio at time t which is in the gains region and zero otherwise. Specification one considers 
all observations from all portfolios in all phases. The second considers all observations from 
those portfolios which become investable. Specifications three to eight compare the coefficient 
on the gain variable for portfolios in the test phase which never become published (column 
three), become published but not investable (column four) and become investable (column 
six). It also shows the coefficient for the published phase for those portfolios which become 
published (column five), and investable (column seven), and for the investable phase only 
portfolios which become investable (column eight). All specifications include trader, week 
and year-fixed-effects. Clustered (by trader ID and week) robust standard errors are reported 
in parentheses with *** p<0.01, ** p<0.05, * p<0.1.  

 

 (1) (2) (3) (4) (5) (6) (7) (8) 
 Sale – all 

observations 
Sale – all 
trades for 
portfolios 

which trade 
in all phases 

Sale – 
during test 
phase – for 
portfolios 

which trade 
only in the 
test phase 

Sale – 
during test 
phase - for 
portfolios 

which trade 
in the test 

and 
published 

phases 

Sale – 
during 

published 
phase - for 
portfolios 

which trade 
in the test 

and 
published 

phases 

Sale - 
during test 
phase - for 
portfolios 

which trade 
in all 

phases  

Sale - during 
published 
phase - for 
portfolios 

which trade 
in all phases 

Sale - during 
investable 
phase - for 
portfolios 

which trade 
in all phases  

Gain 0.112*** 0.135*** 0.114*** 0.102*** 0.104*** 0.127*** 0.0875*** 0.0720*** 
 (0.00546) (0.0170) (0.00666) (0.00989) (0.00437) (0.0164) (0.00468) (0.00327) 
Gain * Publ. -0.0144** -0.0474***       
 (0.00564) (0.0160)       
Gain * Invest. -0.0385*** -0.0584***       
 (0.00598) (0.0165)       
Published  -0.0423*** -0.0339***       
 (0.00465) (0.00694)       
Investable  -0.0478*** -0.0403***       
 (0.00500) (0.00771)       
Gain * AUM  -0.0097*** -0.0472***       

(0.00236) (0.0129)       
AUM 0.00317 0.0206       

(0.00266) (0.0149)       
Observations 6,421,124 1,570,884 393,181 137,373 1,404,624 80,302 704,714 3,700,880 
Adj. R2 0.104 0.061 0.210 0.227 0.144 0.217 0.086 0.060 
# ID Clusters 10,587 711 1,681 1,593 5,516 767 2,719 3,379 
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2.4.3 Moderating Effect of Learning 

Besides survivorship bias, another concern is that by considering all trades per 

phase, I might observe learning taking place over time instead of changes between 

phases. To address potential learning effects, I conduct additional tests focusing on the 

tenure of portfolio managers on the platform. At any given time, each user can have 

one test portfolio and an unlimited number of published and investable portfolios. It is 

possible at any time to restart or delete a portfolio in the test phase, but within the 

published and investable phases, this is no longer possible. To disentangle any learning 

effects, I explore differences between users’ first portfolio and, for those with more 

than one portfolio, their last. On average, each user has 1.8 portfolios with a maximum 

of 18 portfolios. About half the users manage more than one portfolio. As in the 

previous analysis, I use two different model specifications; one with a  

difference-in-differences setting, including a ‘post-test’ dummy variable to capture the 

impact of the portfolio moving from the hidden test phase to becoming visible, and the 

second specification with separate dummy variables for the published and investable 

phases. The results are reported in Table 2.6. 

My results suggest that traders do not learn within a phase, with the behaviour 

of traders in their most recent portfolios being very similar to what I observe in their 

first portfolio. I find no reduction in the general level of the disposition effect (as 

captured by the coefficient on the Gain variable) from their first to their last portfolio. 

However, for both their first and their last portfolios, the disposition effect is 

significantly reduced as the portfolio moves out of the test phase and becomes 

transparent. Again, the coefficients are very similar for traders’ first and last portfolios, 

suggesting limited learning.   
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Table 2.6 Learning Effects 
The table presents the results of my main regression specifications for different groups. 
The dependent variable is the dummy Sale taking the value one if a sale takes place at 
time t and zero otherwise. The independent variable Gain takes a value of one for every 
position in the portfolio on time t, which is in the gains region and zero otherwise. The 
first two specifications consider all observations from all first portfolios of all users if 
they have at least two portfolios, excluding subsequent ones. The third and fourth 
considers all observations from all last portfolios of every user. All specifications 
include trader, week and year fixed effects. Clustered (by trader ID and week) robust 
standard errors are reported in parentheses with *** p<0.01, ** p<0.05, * p<0.1. 
 

 (1) (2) (3) (4) 
 All first 

portfolios 
All first 

portfolios 
All last 

portfolios 
All last 

portfolios 
VARIABLES DID three phases DID three phases 
     
Gain 0.0989*** 0.0992*** 0.112*** 0.113*** 
 (0.0111) (0.0111) (0.00999) (0.00999) 
Gain * Post-Test -0.0199*  -0.0184*  
 (0.0111)  (0.0112)  
Post-Test -0.0391***  -0.0431***  
 (0.00729)  (0.00934)  
Gain * Published  -0.0129  -0.00531 
  (0.0111)  (0.0111) 
Gain * Investable  -0.0243**  -0.0313** 
  (0.0117)  (0.0126) 
Published   -0.0396***  -0.0477*** 
  (0.00732)  (0.00924) 
Investable   -0.0523***  -0.0530*** 
  (0.00853)  (0.00968) 
Gain * AUM  -0.0107*** -0.00987*** -0.0373 -0.0218 
 (0.00164) (0.00150) (0.0255) (0.0259) 
AUM 0.00702*** 0.00661*** 0.0221 0.0149 
 (0.00213) (0.00222) (0.0137) (0.0151) 
     
Observations 2,063,808 2,063,808 922,638 922,638 
Adjusted R2 0.079 0.079 0.031 0.031 
Number of ID 
Clusters 

2,279 2,279 4,851 4,851 

Controls YES YES YES YES 
Trader-FE YES YES YES YES 
Week- & Year-FE YES YES YES YES 
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Another potential explanation is that users improve their trading style 

throughout the phase and thus show a reduction in the disposition effect in the later 

phases. To address this, the next test compares individuals’ behaviour just before and 

after moving to a new phase. I analyse the last and first ten trading days for each 

transition from one phase to the next.  

Table 2.7 reports the results of this test. The increase of observations suggests 

an increased trading activity shortly after changing from the test to published phase. 

However, the results suggest that once traders are in the new phase, they begin 

realising more losses than before. The coefficient on the Gain variable changes 

significantly in magnitude between the last ten days within the test phase and the first 

ten days in the published phase (t = 2.639; p = 0.0083). However, the coefficient in the 

first ten days and the last ten days within the published phase are not statistically 

different from each other (t = 0.532; p = 0.5947). The first ten days in the investable 

phase then again show significantly lower disposition effect than that during the last 

ten days of the published phase (t = 7.549; p < 0.0001). This suggests that while traders 

do not appear to learn significantly within a given phase, they react quickly following 

a phase change, with the disposition effect falling as their transactions and holdings 

become more transparent.  

These results suggest that traders are reacting to an increase in transparency by 

reducing the number of losing positions in their portfolio. They appear to repeat this 

cleaning process to an even larger extent once their portfolio becomes investable. 

These findings link back to the window dressing literature and suggest that once the 

level of transparency is increased, fund managers start to clean out their portfolio and 

thereby reduce the disposition effect.   
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Table 2.7 Regression Results: Learning 

The table reports the coefficient on the Gain variable for users just before and after changing 
the status of their portfolio. Column one shows the results for all trades in the last ten days of 
the test phase, column two for the first ten days of the published phase, the third for the last 
ten days in the investable phase and the last column shows results for trades within the first 
ten days of the investable phase. All specifications include trader, week and year fixed effects 
as well as time variant control variables. Clustered (by trader ID and week) robust standard 
errors are reported in parentheses with *** p<0.01, ** p<0.05, * p<0.1. 
 

 (1) (2) (3) (4) 
VARIABLES Last 10 

days test 
phase 

First 10 days 
published 

phase 

Last 10 days 
published 

phase 

First 10 days 
investable 

phase 
     
Gain 0.158*** 0.137*** 0.140*** 0.0962*** 
 (0.00720) (0.00417) (0.00517) (0.00486) 
Gain * AUM    -0.0129 
    (0.00962) 
AUM    0.00143 
    (0.0184) 
Observations 107,808 267,655 246,002 151,521 
Adjusted R2 0.432 0.269 0.344 0.216 
Number of ID Clusters 3,992 8,183 8,104 3,349 
Controls YES YES YES YES 
Trader-FE YES YES YES YES 
Week- & Year-FE YES YES YES YES 
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2.4.4 Behavioural Impact of Assets under Management  

The availability of asset under management (AUM) time series data supports 

a trade-by-trade analysis of its impact in my empirical setting. I use AUM as a proxy 

for the number of followers of a portfolio, i.e., the level of attention it receives. I argue 

that the more assets managed in a portfolio, the more followers a portfolio manager is 

likely to have, and thus, the more attention her actions receive. She may also feel a 

heavier burden of responsibility managing another person’s money, as for example 

suggested by Hermann et al. (2019).  

The regression results in Table 2.8 and Table 2.9 show that the AUM have a 

statistically significant impact on Wikifolio managers’ behaviour. The coefficient on 

the interaction between the Gain dummy variable and AUM, measuring the disposition 

effect, is negative and significant. This suggests that individuals with higher AUM, 

i.e., receiving more attention, particularly in the context of Wikifolio, which highlights 

gains and losses on current holdings, are less inclined to keep losing positions in their 

portfolio. Controlling for this, however, does not change the significant and negative 

sign of the phase dummy, thus supporting my argument that transparency and the way 

holdings are framed drive the reduction of the disposition effect. To further control for 

the impact of AUM, both tables illustrate the differences in behaviour between 

investable portfolios with no AUM, and those with AUM. The results suggest that the 

impact of transparency appears to be stable and that the disposition effect is reduced 

in both settings. Hence, while there is an effect from managing more assets, it appears 

that the impact of trading in a transparent space is more likely to reduce the disposition 

effect than the AUM alone since the coefficient on the interaction between phase-

dummy and gain coefficient remains negative and significant.   
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Table 2.8 Assets under Management, Difference-in-Differences 
The table presents the results of my main regression specifications for different groups. 
The dependent variable is the dummy sale taking the value one if a sale takes place at 
time t and zero otherwise. The independent variable gain takes a value of one for every 
position in the portfolio on time t, which is in the gains region and zero otherwise. The 
first specification considers all observations from all investable portfolios. The second 
considers all observations from investable portfolios which do not have accumulated 
assets at the time of observation (sale of a holding). The third observes the behaviour 
of portfolio managers once the portfolio has assets under management.  All 
specifications include trader, week and year fixed effects. Clustered (by trader ID and 
week) robust standard errors are reported in parentheses with *** p<0.01, ** p<0.05, 
* p<0.1.  
 
 (1) (2) (3) 
VARIABLES Investable all Investable AUM = 0 Investable AUM > 0 
    
Gain 0.134*** 0.141*** 0.131*** 
 (0.0168) (0.0188) (0.0226) 
Gain * Post-Test -0.0582*** -0.0509*** -0.0610*** 
 (0.0164) (0.0177) (0.0223) 
Post-Test -0.0350*** -0.0425*** -0.0318*** 
 (0.00751) (0.0120) (0.00837) 
Gain * AUM -0.0101***  -0.00847*** 
 (0.00239)  (0.00231) 
AUM  0.00326  0.00442 
 (0.00275)  (0.00268) 
    
Observations 4,485,931 1,395,959 3,089,907 
Adjusted R2 0.064 0.095 0.049 
Number of ID Clusters 3,388 3,281 2,161 
Controls YES YES YES 
Trader-FE YES YES YES 
Week- & Year-FE YES YES YES 
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Table 2.9 Assets under Management, All Phases 

The table presents the results of my main regression specifications for different groups. 
The dependent variable is the dummy sale taking the value one if a sale takes place at 
time t and zero otherwise. The independent variable gain takes a value of one for every 
position in the portfolio on time t, which is in the gains region and zero otherwise. The 
first specification considers all observations from all investable portfolios. The second 
considers all observations from investable portfolios which do not have accumulated 
assets at the time of observation (sale of a holding). The third observes the behaviour 
of portfolio managers once the portfolio has assets under management.  All 
specifications include trader, week and year fixed effects. Clustered (by trader ID and 
week) robust standard errors are reported in parentheses with *** p<0.01, ** p<0.05, 
* p<0.1. 
 
 (1) (2) (3) 
VARIABLES Investable all Investable AUM = 0 Investable AUM > 0 
    
Gain 0.134*** 0.141*** 0.131*** 
 (0.0169) (0.0188) (0.0228) 
Gain * Published -0.0472*** -0.0476*** -0.0500** 
 (0.0164) (0.0178) (0.0231) 
Gain * Investable -0.0607*** -0.0518*** -0.0631*** 
 (0.0166) (0.0179) (0.0226) 
Published  -0.0325*** -0.0405*** -0.0256*** 
 (0.00738) (0.0119) (0.00856) 
Investable  -0.0422*** -0.0505*** -0.0397*** 
 (0.00787) (0.0122) (0.00894) 
Gain * AUM -0.00955***  -0.00815*** 
 (0.00235)  (0.00230) 
AUM  0.00301  0.00428 
 (0.00271)  (0.00263) 
    
Observations 4,485,931 1,395,959 3,089,907 
Adjusted R2 0.064 0.095 0.050 
Number of ID Clusters 3,388 3,281 2,161 
Controls YES YES YES 
Trader-FE YES YES YES 
Week- & Year-FE YES YES YES 
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2.4.5 Demographic factors 

Several demographic factors can influence the strength of behavioural biases 

such as the disposition effect (Seru et al., 2010). To control for these and other time-

invariant trader characteristics, I included trader-fixed effects in the main analyses in 

the previous sections. However, to explore what impact such demographic factors have 

on trader behaviour and the change in behaviour in the published and investable 

phases, I conduct several tests analysing changes in behaviour throughout the portfolio 

lifecycle. I focus here on the impact of age, education and income, while also 

controlling for the trading experience of the user and the amount of assets under 

management as well as the Sharpe-ratio, number of positions in the portfolio and its 

return.  

The average Wikifolio trader is 39 years old. The average age is not 

significantly different per phase; hence, age should not be a confounding factor in my 

phase analysis. Following Dhar and Zhu (2006), I expect that age can partially explain 

investor behaviour. With increasing age, traders are likely to adapt their trading style. 

For example, I expect that young traders trade more aggressively to distinguish 

themselves from competitors, whereas older traders focus on a more diversified 

strategy. It is not mandatory to provide information about one’s age when signing up 

at Wikifolio, and this information is not reported publicly. This explains the reduced 

number of observations in the age analysis.  

To analyse the impact of age on the change in behaviour between phases, I 

observe the interaction between gain, the phase dummy and age. The results are 

reported in Table 2.10 and Table 2.11. I find that this interaction is negative and 

significant for the published phase when the portfolio becomes investable. Hence, with 
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increasing age, the mitigating effect of transparency appears to become stronger, 

indicated by the negative coefficients for the triple interactions of the gain, phase and 

age variable.  

Both tables also show results for the mediating impact of neighborhood levels 

of education and income. With increasing education levels and income, I find that the 

attributes of the investable phase become stronger along with the decreasing 

disposition effect. This suggests that older Wikifolio managers, as well as those living 

amid wealthy and well-educated peers, are more strongly affected by the change in 

portfolio stage. This may suggest that such traders fear losing their good reputation, or 

being less successful than their peer group, and therefore are more protective of their 

public (self-)image. Nevertheless, possible interpretations might be limited given that 

only proxies and education were available. 
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Table 2.10 Demographic Factors, Difference-in-Differences 

The table presents the results of the regression analysis for regressing sale on several 
control variables including interactions between the gain variable and phase dummies 
as well as interactions between gain and demographic factors. I include the percentage 
of graduates with a university-entry qualification in the first specification. The age of 
the Wikifolio manager is included in the second specification. The third specification 
controls for the average income of the Wikifolio manager. All specifications include 
week and year fixed effects. Clustered (by trader) robust standard errors are reported 
in parentheses with *** p<0.01, ** p<0.05, * p<0.1. 

 

 (1) (2) (3) (4) 
VARIABLES Age Education Income All Demographic 

Variables 
     
Gain 0.121*** 0.0859*** 0.0960*** 0.132*** 
 (0.0119) (0.00674) (0.00893) (0.0144) 
Gain * Ln(Age) * post_test -0.0136***   -0.0179** 
 (0.00323)   (0.00741) 
Gain * Education * post_test  -0.0437**  0.00683 
  (0.0174)  (0.0328) 
Gain * Income * post_test   -0.00122*** 0.000201 
   (0.000407) (0.00110) 
Ln(Age) -0.00854   -0.00537 
 (0.00545)   (0.00635) 
Education  0.0300**  0.0210 
  (0.0149)  (0.0203) 
Income   0.00137*** 0.00129** 
   (0.000459) (0.000544) 
post_test  -0.0296*** -0.0367*** -0.0307*** -0.0331*** 
 (0.00648) (0.00678) (0.00556) (0.00776) 
Gain * AUM -0.00906 -0.00816*** -0.00871*** -0.00876 
 (0.00652) (0.00171) (0.00184) (0.0158) 
AUM 0.000172 -1.35e-05 0.000548 -0.000747 
 (0.00420) (0.00229) (0.00211) (0.00673) 
     
Observations 2,865,219 4,734,549 4,752,037 2,438,230 
Adjusted R2 0.030 0.029 0.029 0.032 
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Table 2.11 Demographic Factors, All Phases 

The table presents the results of the regression analysis, regressing the sale on several 
control variables, including interactions between the gain variable and phase dummies 
as well as interactions between gain and demographic factors. I include the percentage 
of graduates with a university-entry qualification in the first specification. The age of 
the Wikifolio manager is included in the second specification. The third specification 
controls for the average income of the Wikifolio manager. All specifications include 
week and year fixed effects. Clustered (by trader) robust standard errors are reported 
in parentheses with *** p<0.01, ** p<0.05, * p<0.1. 

 

 (1) (2) (3) (4) 
VARIABLES Age Education Income All 

Demographic 
Variables 

     
Gain 0.125*** 0.108*** 0.132*** 0.164*** 
 (0.00783) (0.00723) (0.0119) (0.0119) 
Gain * Ln(Age) * Published -0.000542**   -0.00136*** 
 (0.000218)   (0.000447) 
Gain * Ln(Age) * Investable -0.00138***   -0.000337 
 (0.000183)   (0.000255) 
Gain * Education * Published  -0.0197  0.0662 
  (0.0256)  (0.0569) 
Gain * Education * Investable   -0.125***  -0.00455 
  (0.0186)  (0.0333) 
Gain * Income * Published   -0.00132** -0.000556 
   (0.000598) (0.00133) 
Gain * Income * Investable   -0.00325*** -0.00389*** 
   (0.000547) (0.000813) 
Ln(Age) 0.00353   -0.00443 
 (0.00562)   (0.00655) 
Education  0.0563***  0.0199 
  (0.0144)  (0.0201) 
Income   0.00201*** 0.00263*** 
   (0.000486) (0.000564) 
Published  -0.0332*** -0.0217*** -0.0160** -0.0334*** 
 (0.00715) (0.00705) (0.00622) (0.00769) 
Investable  -0.0486*** -0.0388*** -0.0317*** -0.0466*** 
 (0.00719) (0.00702) (0.00628) (0.00774) 
Gain * AUM -0.00735 -0.00533*** -0.00691*** -0.00185 
 (0.00663) (0.00169) (0.00171) (0.0156) 
AUM 0.00148 -3.65e-05 0.000742 -0.000199 
 (0.00421) (0.00232) (0.00202) (0.00648) 
     
Observations 2,865,219 4,734,549 4,752,037 2,438,230 
Adjusted R2 0.034 0.032 0.033 0.037 
Week- & Year-FE YES YES YES YES 
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2.4.6 Regional and Cultural Differences  

To better understand the impact of transparency on investor behaviour, I 

compare trading behaviour in different geographic regions. While not all wikifolio 

traders are German, the majority is. I split this sample into three different groups: 

whole of Germany, former West Germany and former East Germany. For the purpose 

of empirical analysis, I consider Berlin as part of former East Germany. Table 2.12 

and Table 2.13 summarise the key findings. The first finding is that for each of the 

regions, the coefficient on the gain variable remains positive and statistically 

significant. However, some differences in behaviour between East and West Germany 

are apparent. In particular, the impact of transparency on the disposition effect is 

significantly stronger in West Germany than in East Germany.  

Column two in Table 2.12 shows that in former West Germany there is a 

significant negative relationship between the disposition effect and trading in a 

transparent portfolio. While Table 2.13 shows that the coefficient on the interaction 

term between Gain and the published phase dummy is not quite significant at 

conventional levels, the negative coefficient on the interaction between Gain and the 

investable phase dummy is large and highly significant. However, I do not find that 

portfolio managers from former East Germany show lower disposition effect in the 

transparent environment.  

In Germany, additional data concerning education and income levels are 

available for 406 different regions. Hence, I can include two additional specifications, 

controlling for education and income to ascertain whether either income or education 

exert any effect in my comparison of those two regions. Columns four and five 

summarise this comparison. After controlling for education and income, I find that the 
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difference between East and West on the impact of transparency on the disposition 

effect remains. Hence, there appears to be a robust difference in the impact of 

transparency on the disposition effect between these two regions. 

To provide more granular evidence, the state-level analysis in Figure 2.7 

depicts the value of the coefficient on Published * Gain. I find statistically significant 

and negative coefficients for nearly all West German states. The opposite is true for 

East Germany. Only Brandenburg shows a negative coefficient at the state level. An 

unreported city-level analysis suggests that the negative coefficient for Brandenburg 

is strongly driven by the impact of Potsdam, a comparatively rich city with well-

educated inhabitants in former East Germany. The non-significance in Berlin may 

reflect the dual Eastern and Western character of the capital city. This analysis 

provides further evidence that transparency may have a different impact on former 

West and East German investors and suggests that cultural differences might be 

responsible for this.  
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Table 2.12 Regional Variations, Difference-in-Differences 

The table presents the results of my main regression specifications for different 
regions. I distinguish between former East and West Germany but also show the results 
for Germany as a whole. The model specification remains as before, with the main 
distinction that I now include dummies for the published and investable phase and 
their interaction with the gain dummy. I include week and year fixed effects, with 
trader fixed effects also included in all models except 4 and 5 where I control for 
regional income and education levels. Clustered (by trader) robust standard errors are 
reported in parentheses with *** p<0.01, ** p<0.05, * p<0.1. 
 
 (1) (2) (3) (4) (5) 
 Sale -  

Germany 
Sale –  
West 

Germany 

Sale –  
East 

Germany 

Sale –  
West 

Germany 

Sale –  
East 

Germany 
Gain 0.103*** 0.110*** 0.0858*** 0.103*** 0.0818*** 
 (0.00815) (0.00924) (0.0182) (0.0124) (0.0165) 
Gain * Post-Test -0.0214*** -0.0313*** 0.00359 -0.0354*** -0.000208 
 (0.00812) (0.00918) (0.0176) (0.0125) (0.0163) 
Post-Test -0.0418*** -0.0411*** -0.0426*** -0.0304*** -0.0406*** 
 (0.00535) (0.00622) (0.0107) (0.00567) (0.00972) 
Gain * AUM -0.0110*** -0.0109*** -0.00907 -0.00840*** -0.0209 
 (0.00270) (0.00266) (0.0215) (0.00157) (0.0292) 
AUM 0.00375 0.00529 -0.00146 0.000261 0.0125* 
 (0.00345) (0.00338) (0.00365) (0.00229) (0.00652) 
Income    0.000742 -0.00789** 
    (0.000567) (0.00351) 
Education    0.0161 -0.167*** 
    (0.0166) (0.0457) 
Observations 4,860,603 4,174,349 560,200 4,174,349 560,200 
Adjusted R2 0.023 0.023 0.028 0.029 0.035 
Trader-FE YES YES YES NO NO 
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Table 2.13 Regional Variations, Three Phases 
As in Table 2.12 this table distinguishes between former East and West Germany but 
also shows the results for Germany as a whole. The model specification remains as 
before, with the main distinction that I now include dummies for the published and 
investable phase and their interaction with the gain dummy. I include week and year 
fixed effects, with trader fixed effects also included in all models except 4 and 5 where 
I control for regional income and education levels. Clustered (by trader) robust 
standard errors are reported in parentheses with *** p<0.01, ** p<0.05, * p<0.1. 

 

 (1) (2) (3) (4) (5) 
VARIABLES Sale – 

Germany 
Sale – West 

Germany 
Sale – East 
Germany 

Sale – West 
Germany 

Sale – East 
Germany 

      
Gain 0.104*** 0.111*** 0.0871*** 0.104*** 0.0824*** 
 (0.00821) (0.00934) (0.0186) (0.0125) (0.0165) 
Gain * Published -0.00558 -0.0148 0.0111 -0.0148 0.00709 
 (0.00834) (0.00980) (0.0160) (0.0132) (0.0147) 
Gain * Investable -0.0295*** -0.0384*** -0.00301 -0.0426*** -0.00581 
 (0.00836) (0.00938) (0.0195) (0.0126) (0.0179) 
Published  -0.0458*** -0.0445*** -0.0459*** -0.0226*** -0.0310*** 
 (0.00555) (0.00643) (0.0103) (0.00590) (0.00942) 
Investable  -0.0514*** -0.0489*** -0.0645*** -0.0374*** -0.0511*** 
 (0.00596) (0.00683) (0.0118) (0.00582) (0.00991) 
Gain * AUM -0.0092*** -0.00931*** -0.00567 -0.00693*** -0.0144 
 (0.00245) (0.00243) (0.0203) (0.00139) (0.0263) 
AUM 0.00305 0.00447 -0.00121 0.000548 0.0127* 
 (0.00342) (0.00351) (0.00346) (0.00219) (0.00720) 
Income    0.000585 -0.00852** 
    (0.000501) (0.00334) 
Education    0.0170 -0.169*** 
    (0.0157) (0.0425) 
Observations 4,860,603 4,174,349 560,200 4,174,349 560,200 
Adjusted R2 0.024 0.023 0.029 0.031 0.037 
Trader-FE YES YES YES NO NO 
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Figure 2.7 Published and Gain Interaction at State Level 
This figure shows the coefficient on the interaction term between the published phase 
dummy and the gain dummy. Diagonal lines represent significant negative 
coefficients, dots represent positive significant coefficients, and grey states are marked 
if the coefficients were not significant. The coefficients for Berlin, Mecklenburg 
Vorpommern, Saxony, Schleswig-Holstein and the Saarland were not statistically 
significant at the 10% level. Hence, only one out of seven former East German states 
show a negative coefficient for this interaction, whereas seven out of nine former West 
German states show a significant change in this phase. 
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2.5 Discussion 

My findings show that the level of disposition effects falls considerably as 

portfolios go from phase one (test) to phase two (published) and then to phase three 

(investable). Tracking the coefficient on the Gain variable in my baseline regression 

(Table 2.3), the reduction in the disposition effect from the test to published phase is 

13% and from published to investable is 27%, with the total reduction of 36%. 

While I find that the level of assets under management, as well as trader 

characteristics, moderate the disposition effect, none of them are able to fully explain 

the change in behaviour between phases. Therefore, I conclude that factors specific to 

the second and third phase of the portfolio lifecycle, mainly transparency, are 

associated with this change in trading behaviour. In particular, I argue that the 

increased transparency as portfolios move through the subsequent stages, and the 

salient impact of current holdings becoming visible and colour-coded, depending on 

loss or gain, are the main factors associated with the reduction of the disposition effect.  

At first glance, my core results may seem to contradict those of Heimer (2016) 

and Pelster & Hoffman (2018), who study other social trading platforms and show that 

as individuals join social trading platforms, the disposition effect increases. However, 

similar to these studies, I find high levels of the disposition effect of social trading 

platform users. I further investigate this, and show that my different results are likely 

driven by the differences in instruments traded, the saliency of displayed trading 

information, and the time horizon of trades. In particular, on Wikifolio, the paper gains 

and losses are far more salient, whilst on other social trading platforms such as eToro 

(see Figure 2.8), it is the proportion of realised gain and losses that is more salient.  
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Additionally, while Heimer (2016) shows that the disposition effect increases 

as traders join the platform, this does not contradict the core findings of this chapter, 

where the sole focus is on behaviour within the platform. I similarly find that traders 

on a social trading platform generally have fairly high levels of disposition effect, but, 

crucially, the level of the disposition effect falls significantly as portfolios transition 

to stages with higher levels of transparency. 

One potential explanation could be that the cognitive discomfort of having 

one’s losing positions in the public domain may be magnified by the way Wikifolio 

presents current holdings and past trades. The value of holdings is refreshed every ten 

seconds, and each position will be marked red if it is currently in the loss region, and 

green if it is in the gain region (Bazley et al., 2017). Thus, the current relative position 

of each holding is highly salient to observers and to the portfolio manager herself.  

Hence, to improve the impression of one’s portfolio, the manager might be 

motivated to cut the number of losing positions swiftly to make them less salient. This, 

in turn, can lower the disposition effect. In fact, empirical evidence shows that fund 

managers engage in window-dressing to attract potential investors. Positive 

performance, and especially realised gains, increase the communication activity of 

investors (Han et al., 2018). However, in the Wikifolio setting, it is only possible to 

comment on one’s own trades. Therefore, the main channel for communicating success 

stories is the actual portfolio dashboard. As such, optimising the self-image may 

involve reducing the red-colour positions to present successful decisions to potential 

followers. While it is still possible to see the trading history of each portfolio and 

identify losing trades, the effort to find these is increased and hence poor performance 

is made less visible (see Figure 2.3).   
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Figure 2.8 Trade illustration on eToro 
This figure shows the typical overview provided for the users of eToro, an alternative 
social trading platform focusing on forex. The snapshot highlights the strong emphasis 
on the percentage of (realised) profitable trades, while at wikifolio.com the focus is on 
current holdings and their (paper) losses and gains.  
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I also show that the level of assets under management influences the 

disposition effect, and test the moderating effect of experience, age, income, education 

and location. My findings suggest that age and the level of education and income in 

the neighborhood matter. With an increase in these variables, the negative relationship 

between the investable phase and the disposition effect intensifies. 

In addition, my findings indicate a significant difference between West and 

East German traders, with transparency affecting East German traders less than their 

West German counterparts. Germany is the only country in Western Europe to have 

gone through separation and unification in the past 100 years. Among others, Easterlin 

& Plagnol (2008), Pollack & Pickel (1998) and Rosenfeld et al. (2004) discuss the 

implication of reunification on the identity and satisfaction differences between West 

and East. My results indicate that transparency may affect individuals from former 

East Germany less strongly than those from West Germany. One potential explanation 

could be the form and severity of state surveillance in former East Germany. Before 

reunification, the East German secret police (Staatssicherheit) was well known for its 

public and private surveillance and severe punishments for transgressors. I argue this 

shared cultural experience of omnipresent surveillance is deeply rooted in East 

Germans, and by extension, investors living in former East Germany. This is 

particularly plausible as the average trader in my sample (mean age of 39) has spent 

the first 11 years of his or her life in the former regime prior to reunification in 1989. 

This and other regional differences pose interesting research questions which are 

beyond the scope of the present work. 

Taking a broader view, while there is little evidence concerning the impact of 

transparency in the finance literature, qualitative work in sociology can be usefully 
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drawn upon. Most prominently, Foucault (1979) refers to the concept of ‘panopticon’ 

as a means to produce “a state of conscious and permanent visibility that assures the 

automatic functioning of power” (Bentham, 1843, p.196). A panopticon is an 

architectural concept in prisons allowing wardens to observe each of the inmates from 

a central tower. Hence, inmates know the possibility exists that they are being observed 

without actually knowing whether the warden is watching them at any given moment. 

The panopticon-shaped society, in my case a social trading platform, is an institution 

which fulfils this observational and recording function. The centrality and anonymity 

of the observer allow for his or her diverse characteristics. Hence, an observer can be 

a prison guard, a website visitor or the financial regulator in my context; the observed 

would be unable to distinguish. Similar to Foucault, Power (1999) suggests that 

modern society uses self-auditing as a means of control. In my setting, society 

members (traders) are aware that the society (all platform users) can observe them at 

all times. This power of perceived control by investors may result in self-governance 

and mitigation of cognitive biases and therefore explain the reduced disposition effect.  

2.6 Conclusion 

This chapter contributes to finance literature by showing that the level of 

transparency significantly influences trading behaviour as illustrated by changes in the 

disposition effect. Using trading data from thousands of Wikifolio managers in a 

transparent environment, I demonstrate that individuals show a reduced disposition 

effect once their portfolios become visible to others.  

The results of my analysis suggest that the reduction of the disposition effect 

is mainly due to the impact of transparency and saliency of financial performance. 
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Transparency is associated with self-governance in a social environment, which allows 

observation through third parties. I posit that due to the structure of the Wikifolio 

platform which highlights current holdings, the discomfort from having to publicly 

show negative portfolio holdings is paramount and associated with more loss 

realisation and a lower disposition effect.  The results suggest that loss realisation, key 

to reducing the disposition effect, is encouraged via two methods. Firstly, by the way 

portfolio holdings are displayed in different colours based on past performance, and 

secondly, through the more prominent display of current gains and losses, which 

focuses on current holdings rather than on realised gains and losses. These tools both 

encourage loss realisation and therefore reduce the disposition effect. 

My empirical findings have important implications for theory and practice. I 

show how the level of transparency, and the way past and performance is illustrated 

might mitigate the disposition effect. The way information is displayed, both to the 

fund manager herself and to her followers, can also affect trader behaviour. As the 

disposition effect has been found to be wealth-diminishing (e.g., Barber & Odean, 

2000; Singal & Xu, 2011), applying these insights in practice may help to improve the 

performance of investment managers by reporting the relative performance of their 

positions more frequently than on a monthly or quarterly basis. The findings also 

suggest that social comparison between traders while focusing on the relative 

performance of current holdings might further support them in reducing losing 

positions.  
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3 The Influence of Budgets on Consumer Spending 

3.1 Introduction 

The digital age has transformed the way consumers budget.  Past generations 

physically allocated money to budget categories by “tin can accounting” (Rainwater, 

Coleman, and Handel 1959; Zelizer 1993), balanced their cheque books by hand, and 

waited for month’s end to receive hard copies of their financial statements in the mail. 

In contrast, today’s consumers can set budgets digitally using apps that allow them to 

track their expenses in real time. The digital age has also transformed the way 

researchers study the consumer budgeting process, as new technology allows us to use 

data from financial apps to measure real world budgeting and spending behaviour 

across multiple expense categories, and multiple points in time. The present research 

is the first to use such data – provided by Money Dashboard, the UK’s largest financial 

aggregation app – to examine the influence of budgeting on consumer spending “in 

the wild”. 

Personal finance advisors frequently invoke budgeting as a way to curb 

overspending, and therefore increase savings, decrease debt, and improve financial 

security (Bell, 2019; Caldwell, 2019; Credit Counselling Society, 2019; Money 

Advice Service, 2019). However, a growing chorus of voices has begun to argue that 
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budgeting simply doesn’t work (Elkins, 2018; Olen, 2015; Pratt, 2019). Surprisingly, 

the academic literature on consumer budgeting has little to offer on this debate: for all 

we know about the psychology of budgeting, we know very little about the extent to 

which budgets do (or do not) influence spending in the wild (Zhang & Sussman, 2018). 

The goal of the present research is to address this gap in the literature.  

The first question posed is: do consumers comply with their budgets? Seminal 

research on consumer budgeting characterises budgets as “inflexible” (Heath & Soll, 

1996), suggesting that compliance – defined as spending less than or equal to budget 

– should be commonplace. Regardless, research concerning planning fallacies and 

consumer budget forecasting offers reasons to believe that consumers will commonly 

spend more than they budget (Buehler et al., 2010; Sussman & Alter, 2012; Ulkumen 

et al., 2008). I contribute to the literature on both subjects by testing these competing 

hypotheses using real-world data. 

The next question posed is: does post-budget spending differ from pre-budget 

spending? And if so, how persistent is this change in spending? Past research on 

consumer budgeting has primarily used lab studies to elucidate how budgets 

psychologically influence spending. It is therefore still an open question how much 

influence budgets have upon spending in the real world (Zhang & Sussman, 2018). 

Through this study, I shed light on the answer to this question by comparing the pre- 

and post-budget spending of each app-user who sets a budget, and by comparing the 

spending of users who set budgets versus those who do not. This contributes not only 

to the academic literature on consumer budgeting by deepening our understanding of 

the relationship between budgets and spending, but also to an important public debate 
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about whether budgeting in the digital age matters at all (e.g., Steverman, 2014; Olen, 

2015). 

The remainder of this chapter is organised as follows: I first present the 

theoretical background that motivates each of my research questions. I then introduce 

the data set and detail my analyses and results. Finally, I summarise the implications 

of my work and present directions for future research in the general discussion.  

3.2 Theoretical Framework 

3.2.1 Budget Compliance 

The consumer budgeting process consists of two stages. First, consumers set a 

budget by allocating money to an expense category. For example, a consumer may set 

a monthly budget of ₤200 for spending on dining and drinking. Second, consumers 

track their expenses. This requires that expenses be both “booked” (noticed) and 

“posted” (assigned) to the correct expense category (Heath 1995; Heath & Soll 1996; 

Thaler 1985). 

Consumer budgeting theory asserts that when expenses are easily booked and 

posted – as is the case when using a budgeting app – budgets will be “inflexible” 

(Heath & Soll, 1996). This characterisation of budgets is supported by lab studies 

showing that budgets constrain individuals’ spending and investment decisions, by 

drawing their attention to relevant sunk costs (Heath, 1995; Heath & Soll, 1996). It is 

also supported by field studies showing that consumer spending on groceries closely 

approximates spending intentions because consumers build slack into their budgets for 

unplanned purchases (Kollat and Willett, 1967; POPAI, 1995; Stilley et al., 2010). 
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Taken together, these findings lead to the hypothesis that consumer spending will 

closely approximate budgeted spending (H1a).  

However, there are also reasons to expect that consumer spending will be 

substantially higher than budgeted spending. Research on planning fallacies has 

demonstrated that when individuals plan for the future, their predictions are generally 

optimistic (see Buehler et al., 2010 for a review). This implies that actual spending 

will be higher than budgeted spending because budgets are a plan for future spending 

(Novemsky & Kahneman, 2005; Ulkumen et al., 2008), and optimism in this context 

is likely synonymous with the belief that certain expenses can be avoided. Similarly, 

research on consumer budget forecasting has demonstrated that people do not naturally 

incorporate contingencies into their expense predictions (Sussman & Alter 2012; 

Ulkumen et al., 2008). This suggests that users’ spending will exceed their budget 

because plans are based on forecasts (Kahneman & Tversky 1979; Buehler et al., 

1994), and budget forecasts simply do not account for all expenses that will arise. 

These findings lead to the hypothesis that consumers spend significantly more than 

they budget (H1b).  

I test these competing hypotheses by comparing consumers’ budgets against 

their post-budget spending in three expense categories: dining and drinking, groceries,  

and fuel. My expectation is that the tension between H1a and H1b can be resolved in 

large part by considering the nature of pre-budget spending in each category. 

Specifically, I expect that support for H1a (H1b) will be stronger in expense categories 

in which spending is relatively more (less) typical, where typicality is inferred through 

the amount of within-subject skew in the distribution of pre-budget spending in a 

category. This expectation is supported by experimental evidence demonstrating that 
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expense forecasts are based on modal spending, and that forecasts are therefore lower 

and less accurate when an expense distribution is positively skewed with mode smaller 

than mean versus normally distributed with mode equal to mean (Howard et al., 

2019a). This expectation is also supported by research suggesting that consumers over-

spend on exceptional expenses (which are most commonly found in the right-tail of a 

positively skewed distribution) because they are easily written off as an “exception to 

the rule” that will not occur again (Sussman & Alter, 2012).  

3.2.2 Budget Influence  

Regardless whether consumers strictly comply with their budgets or not, it is 

still possible for budgets to influence their spending. To illustrate this possibility, 

consider a consumer who typically spends ₤200 on dining and drinking per month, 

sets a budget of ₤100 for the next month, then ends up spending ₤150. All else equal, 

this consumer’s budget may have influenced their spending even though they have not 

strictly complied with their budget.  

Mental accounting and consumer budgeting theory offer several reasons to 

believe that budgets will influence a consumer’s spending to at least some degree. For 

example, setting a budget can act as a self-control device that helps consumers limit 

their spending by creating strict rules to follow like “do not spend more than $X on Y” 

(Heath & Soll, 1996; Thaler, 1985). Setting a budget may also constrain spending 

because once money is labelled for a specific use, it can be psychologically 

challenging to spend it otherwise (Soman, 2001; Thaler, 1985). Furthermore, the act 

of expense tracking can impose a psychological tax on budget deviation, creating 

further incentive to limit spending (Heath & Soll, 1996; Thaler & Shefrin, 1981).  
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In tandem, these findings and the preceding argument lead to two hypotheses. 

The first is that consumers who set budgets will spend less money post-budget than 

they did pre-budget (H2). As the data set contains spending data for each user, both 

before and after they set their budgets, I am able to test this hypothesis directly on a 

within-subject basis. The second hypothesis is that consumers who set a budget will 

subsequently spend less than similar users who do not set a budget (H3). The data set 

includes both budgeters and non-budgeters, so I am able to test this hypothesis using 

a quasi-experimental propensity score matching procedure. 

3.3 Data 

I begin by testing my hypotheses using data provided by Money Dashboard 

(MDB), a British financial aggregation app. The primary function of MDB is to 

provide users with a holistic overview of their financial situation. To accomplish this, 

MDB collects and combines all transactional information across all financial accounts 

for each user. So, for example, if a user has two credit cards, a chequing account, and 

a savings account, MDB will aggregate all inflows and outflows across these cards 

and accounts, then present the user with up-to-the-minute information on when, where, 

and how they are spending their money. The data set used in this chapter includes all 

user transactions – more than 300 million – between January 2014 and December 

2016. Each transaction is automatically assigned to a spending category by MDB (e.g., 

“Groceries”), and includes a merchant tag (e.g., “Tesco”) and time stamp. Figure 3.1 

shows the interface for the mobile and web application. 
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Figure 3.1: Money Dashboard Interface 

This figure illustrates the iOS and web interface of Money Dashboard. The example 
for the mobile phone interface shows the current balance across accounts and a chart 
summarising expenditures per category and the current status of three active budgets. 
The web interface shows similar information but in more detail. (Source: 
www.moneydashboard.com) 
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Cash spending represents less than 5% of total spending in the sample and 

appears in the data set as ATM withdrawals. Thus, although I do not observe exactly 

what users spend their cash withdrawals on, I do observe how much cash they 

withdraw. This allows me to estimate cash spending in each budget category using 

spending statistics from the UK Office for National Statistics (ONS). For example, if 

a user has budgets for groceries and clothing and withdraws ₤100 in cash, I can use 

ONS figures to estimate that ca. 28% of their withdrawal was spent on groceries.  

In addition to this detailed transactional information, the data set also includes 

budgets that users can choose to set for themselves, using the MDB budgeting 

function. This feature allows users to set budgets for expenses in multiple categories. 

For example, a user may set a monthly budget of ₤150 for dining and drinking, ₤200 

for groceries, and ₤100 for fuel. MDB then automatically tracks transactions in these 

categories and allows users to observe their spending against their budget. Users do 

not receive push notifications relating to their budget compliance and must manually 

log in to track their expenses. However, when they do login, they are presented with a 

salient illustration of their budget, as well as the remaining funds in each category (see 

Figure 3.1). When users download the app, they grant MDB access to their history of 

financial transactions for the previous twelve months. Thus, I am able to observe both 

pre- and post-budget spending in the data as well as the budgets set by users. In total, 

the data set includes 9,403 monthly budgets. I focus my analysis on the three most 

popular budget categories: dining and drinking (n = 2,479), groceries (n = 2,618), and 

fuel (n = 1,127). Table 3.1 summarises user demographic, budgeting and account data. 
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Table 3.1: User Profile Statistics 
This table summarises the key behavioural and demographic variables of MDB users. 
The age is calculated in full years based on the year of birth provided by the user. Net 
salary figures are provided by MDB. Logins per month are the number of days on 
which the users logged in (max. 31). The vast majority of users comes from England 
mirroring the population distribution of the UK. The majority of users are male 
(68.2%). 

 

 Mean Median St. Dev. 
Age 36.2 34 9.67 

Annual Salary (000’s) 28.4 25 14.10 
Days with logins per month 5.8 4 6.41 

# of Budget Categories per User 1.58 1 0.709 
# of Accounts Linked per User 4.69 4 3.54 

% Male 68.2% N/A 0.47 
% England 85.6% N/A 0.35 
% Scotland 9.6% N/A 0.30 

% Wales 4.8% N/A 0.21 
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3.4 Methods and Empirical Results 

3.4.1 Budget Optimism  

To test the hypothesis that budgets are significantly lower than past spending, 

I compare the budget that users set for each category against their mean spending in 

that category, prior to setting their first budget. The results in Table 3.2 suggest that 

users are optimistic when setting budgets, and that they plan to spend, on average, 

₤78.63 (27%) less than they did before creating the budgets (p < .001). Individuals 

seem especially keen to reduce spending on dining and drinking – on average they 

plan to spend ₤98.70 (39%) less per month in this category. This is consistent with the 

conceptualisation of budgets as a self-control device (Thaler, 1985).  

3.4.2 Budget Compliance 

I define budget compliance as the difference between a consumer’s budget and 

their spending in the target month (i.e., the month immediately following budget 

creation). Figure 3.2 illustrates the mean difference between budgeted and actual 

spending across the three budget categories. The more detailed view in Table 3.3 

shows that actual spending is significantly higher than budgeted spending for dining 

and drinking (mean difference = £56.50, SD = 202.00, t(2,474) = 13.92, p < .001) and 

groceries (mean difference = £63.48, SD = 259.05, t(2,638) = 12.58, p < .001), but 

significantly lower than budgeted spending for fuel (mean difference = -£23.84, SD = 

118.26, t(1,132) = 6.79, p < .001).   
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Table 3.2: Budget Ambition 
This table shows three main panels summarising budget ambition. All figures are 
presented in Pound Sterling (£). Panel A summarises a user’s mean spending, prior to 
the creation of a budget for each of the main categories discussed in this study. The 
mean spending is based on the three-month average spending prior to budget set-up. 
Panel B shows the user-defined budget per category. Panel C compares the two figures 
and tests if pre-budget spending budget significantly exceeds the budget, i.e., if users 
plan to spend less than they did on average before setting up a budget. 
 

Panel A: Mean spending in £ prior to setting up a budget  

 mean median sd n p-value 
Overall  290.32   229.94   211.56   6,614   
Dining and Drinking 255.88 217.49 167.86 2,479   
Groceries 392.33 325.11 248.77 2,618   
Fuel 178.38 162.50 86.73 1,127   
Panel B: Budget  

Overall  211.69   160.00   168.75   6,614   
Dining and Drinking  157.18   120.00   124.53   2,479   
Groceries  301.21   250.00   195.84   2,618   
Fuel  157.54   150.00   91.72   1,127   
Panel C: Budget Optimism (prior spending minus budget)   

Overall 78.63 (27.08%) 57.60 173.62 6,614 < 0.001 
Dining and Drinking 98.70 (38.57%) 81.06 171.89 2,479 < 0.001 
Groceries 91.12 (23.23%) 73.93 200.64 2,618 < 0.001 
Fuel 20.83 (11.68%) 19.12 90.00 1,127 < 0.001 
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Figure 3.2: Mean Budgeted and Actual Spending Across Categories  
This graph compares the budgeted to the actual spending per category in £ for the three 
main categories. The black bar shows the budgeted amount whereas the grey bar shows 
the actual amount in month one after budget creation. Differences between the graphs 
are significant for each category.   
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Table 3.3: Budget Compliance  
This table shows three main panels summarising budget compliance. All figures are 
presented in Pound Sterling. Panel A summarises the budget per category. Panel B 
shows the actual spending in the target month per category. Panel C compares the two 
figures and tests if post-budget spending significantly exceeds the budget, i.e., if users 
comply with their own spending goals. Negative values indicate that users exceed their 
goals.  

 
Panel A: Budget 

 mean median sd n 
Overall  211.69   160.00   168.75   6,614  
Dining and Drinking 157.68 120.00 124.26 2,475 
Groceries 301.17 250.00 195.11 2,639 
Fuel 157.44 150.00 91.84 1,133 
Panel B: Spending in the target month 

Overall 263.13 190.86 244.83 6,614 
Dining and Drinking 214.18 157.36 191.13 2,475 
Groceries 364.65 294.85 288.37 2,639 
Fuel 133.60 105.14 105.16 1,133 
Panel C: Budget compliance (budget – spending in target month) 

Overall -51.44 -30.86 219.31 6,247 
Dining and Drinking -56.50 -32.87 202.00 2,475 
Groceries -63.48 -47.58 259.05 2,639 
Fuel 23.84 21.67 118.26 1,133 
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To better understand the pattern of results illustrated in Figure 3.2, I 

characterise the nature of spending in each category by examining the skew of the 

distribution of pre-budget spending. Skewness close to zero is literally closer to 

“normal” in a distributional sense, suggesting that spending is relatively typical or 

routine. In contrast, a high degree of positive skew implies that spending in the 

category includes at least some atypically high expenses. Typicality could also be 

defined by the spread in spending captured by the standard deviation. My expectation 

is that budget compliance will be stronger (weaker) in categories with relatively low 

(high) skew (Howard et al., 2019b).  

Table 3.4 presents the skewness of pre-budget (t-1) spending in each budget 

category, the relative deviation between budgeted (t0) and actual spending (t+1), and 

the percentage change in the price of goods in each category, as reported by the ONS 

during the observational time period. The skewness results accord strongly with 

intuition. The distribution of spending on dining and drinking displays relatively high 

skew, reflecting the atypical or exceptional expenses that occur in this category, such 

as an anniversary dinner with one’s spouse (Sussman & Alter, 2012). In contrast, the 

distribution of spending on groceries displays only moderate skew and the distribution 

of spending on fuel is almost normal. This reflects the more typical, routine nature of 

expenditures in these categories (Stilley et al., 2010). Furthermore, the relative 

deviation between budgeted and actual spending in the dining and drinking and 

grocery categories corresponds directly to the level of skew. Additionally, once the 

relative change in price is accounted for the relative deviation in the fuel category is 

close to zero, which is what I expect given the (almost) normal distribution of spending 
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in that category. Therefore, it appears that relative budget compliance is inversely 

related to spending typicality (skew) across budget categories.  

 

Table 3.4: Distribution of pre-budget spending, compliance and price changes  
Skew in the distribution of pre-budget spending, relative budget compliance (the 
relative deviation of budgeted and absolute spending), and the percentage change of 
the price of goods in each budget category. 

        

  
Skew Budget 

Deviation 
Price 

Change 
Dining and Drinking 0.377 35.83% 2.00% 

Groceries 0.239 21.08% -2.53% 

Fuel 0.103 -15.14% -15.59% 
  

 

Regression Analysis 

To further understand which factors might be able to explain budget deviation, 

I perform the following regression analysis: 

 

!"#$ = 	'( + *( ∗ ,-./01"# +	*2 ∗ 34/5678"$ 	+ 	*9 ∗ 34/567_7;8"$	 

+	<="$* + >"$ (Eq. 3.1) 

 

where, !"#$ is the absolute budget deviation of user i in category c in month t. 

The independent variables include the absolute budget, number of logins, salary and 

other control variables further illustrated in Table 3.5. 

My first expectation is that higher budgets will be associated with higher 

budget compliance because, when controlling for income, a higher budget includes 

more slack for unanticipated expenses. My second expectation is that login frequency 

will be positively associated with budget compliance because it is an indicator of 
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expenses tracking, and consumer budgeting theory asserts that expenses must be 

tracked for budgets to be effective (Heath & Soll, 1996). Users may login to the app 

for many reasons. However, when they login they are presented with a salient 

illustration of their budget, spending and remaining funds. So, regardless of whether 

or not they intend to track their expenses when they login, logging in is an expense 

tracking activity. Recall also that users do not receive push notifications from MDB 

regarding budget compliance. Thus, it is reasonable to assume that expense tracking is 

in fact frequently the intention behind logging in.  

My regression results for budget compliance are presented in Table 3.6. The 

positive coefficient on the Budget variable suggests that higher budgets may be 

associated with higher budget compliance, while controlling for income. This suggests 

that individuals who include some slack in their budget are more likely to achieve their 

goals (Stilley et al., 2010). For example, the mean user sets a budget of £157.68 for 

dining and drinking. Hence, the results suggest that a one standard deviation (£124.26) 

increase in the budget, whilst holding all else equal, the model predicts an increase in 

budget compliance of £55.67. In tandem, the positive coefficient for Logins and the 

negative coefficient for Logins Squared suggest a quadratic relationship between login 

frequency and budget compliance, such that the positive marginal effect of logins on 

budget compliance diminishes as the number of logins increases. Interestingly, the 

magnitudes differ significantly between the categories. It seems that budget size is an 

especially strong predictor for dining and drinking expenses. Moreover, logins 

(attention) appears to have a much smaller influence for fuel expenses than for other 

categories. In combination, these results provide first evidence that the size of the 
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budget may influence the degree of budget deviation, especially when users frequently 

log in.  

I next turn my attention to the relationship between pre-budget and post-budget 

spending. For this, I repeat the analysis above but change the dependent variable to the 

amount of overall spending per category in the respective month. The expectation is 

that users who create a higher budget spend more than those who set a lower budget, 

even when controlling for income. The results for this analysis are summarised in 

Table 3.7 and suggest that a larger budget is positively correlated with additional 

spending. This would suggest that, all else equal, users who set smaller budgets, might 

end up spending less. For example, considering the same average user as above, a one 

standard deviation decrease of the budgeted amount whilst holding all else equal 

would result in a £34.17 decrease in spending for this expense category. As above, I 

find a negative relationship between logins and spending. This suggests that once users 

pay more attention, i.e., login more frequently, they spend less in the respective 

categories.  

These correlational results suggest that budgets may influence spending 

behaviour and that the size of the budget influences the amount of spending. However, 

several unobserved factors might bias these results. Hence, the presented results 

motivate two additional questions and additional tests. First, does the process of setting 

up a budget itself induce a change in behaviour? At the moment the tests above only 

consider users who set up a budget and therefore only limited conclusions are possible. 

To further test the influence of a budget on spending, section 3.4.4 introduces a quasi-

experimental approach to test this relationship. In this approach I compare the month-

to-month change of spending from users who set a budget to similar users who do not 
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set up a budget. The second question is: does a lower, i.e., more ambitious budget, 

result in lower subsequent spending when holding pre-budget spending constant? At 

the moment, I only provide correlational evidence from a simple OLS regression. To 

further test this relationship, an experimental study that controls for unobserved 

individual differences through random assignment was conducted and its findings 

support the correlational evidence. However, this study was mainly conducted by the 

co-author of the underlying paper for this chapter and is therefore not part of the thesis.  
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Table 3.5: Regression Variables 

Formula Variable Definition 
Y(1)  Dependent 

Variable: 
Budget 
compliance 

Budgeted minus actual spending in each category. For 
example, if a user sets a budget of ₤50 for dining and 
drinking and spends ₤75, the budget deviation would 
be -₤25. Hence, negative values indicate 
overspending. 

Y(2)  Dependent 
Variable: 
Actual Spending 

Actual (absolute) spending in the budgeted category  

i User identifier Unique identifier for every money dashboard user.  
c Category 

identifier 
Budget category identifier.  

t Date (in months) Month and year of observation. 
Budget Total Budget Absolute value of each user’s budget.  
loginm 
(squared) 

Logins per 
month (squared) 

Sum of daily logins per month. Every day a user logs 
into their money dashboard account a login is 
registered. Hence, login ranges from 0 (no logins) to 
31 (daily logins) per month. The squared term is 
included to account for the possibility of a non-linear 
relationship between login frequency and budget 
compliance. 

 <′ 
  
  
  
  

  

Vector of 
additional 
control variables 

The vector comprises the below listed control 
variables. 

Age (squared) The birth year of users is provided. Age is calculated 
as year - birth year. A squared term is included to 
account for the possibility of a non-linear relationship 
between age and budget compliance. 

Gender 
identifier 

This dummy variable is equal to one if the user is 
male and zero otherwise. 

Salary groups Dummy variable for gross salary groups provided by 
the data provider. Groups range from 0 to 10k, up to 
over 80k (nine groups in total). I use the 20k to 30k 
group as my baseline because this group includes the 
largest number of users (38% of the sample). 

Month-of-the-
year-FE 

Dummy variable for month and year of budget 
creation. 

Country-FE Dummy variables for Scotland and England, Wales is 
the baseline group. 
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Table 3.6: Budget Compliance Regression Results 
This table summarises the regression analyses for budget compliance. The dependent 
variable for all models is budgeted minus actual spending in the relevant category. All 
regressions use robust standard errors. 

 
 (1) (2) (3) 
VARIABLES Dining  

& Drinking 
Groceries Fuel 

    
Budget 0.448*** 0.250*** 0.448*** 
 (0.0376) (0.0304) (0.0314) 
Logins 12.08*** 12.47*** 3.238*** 
 (1.475) (1.880) (1.036) 
Logins squared -0.342*** -0.336*** -0.0665 
 (0.0612) (0.0800) (0.0412) 
    
Observations 2,471 2,602 1,124 
Adjusted R-sq. 0.231 0.124 0.234 
Demographic controls YES YES YES 
Salary-FE YES YES YES 
Month-of-Year-FE YES YES YES 
Country-FE YES YES YES 

Robust standard errors in parentheses. *** p<0.001, **p<0.01, *p<0.05 
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Table 3.7: Actual Spending 
This table summarises the regression analyses for spending in the first month after 
budget creation. The dependent variable for all models is the spending per category in 
the relevant month.  

 
 (1) (2) (3) 
VARIABLES Dining  

& Drinking 
Groceries Fuel 

    
Budget 0.275*** 0.566*** 0.303*** 
 (0.0352) (0.0342) (0.0382) 
Logins -12.22*** -12.57*** -2.990*** 
 (1.479) (1.992) (1.080) 
Logins squared 0.334*** 0.343*** 0.0570 
 (0.0613) (0.0850) (0.0428) 
    
Observations 2,471 2,602 1,124 
Adjusted R-sq. 0.225 0.342 0.179 
Demographic controls YES YES YES 
Salary-FE YES YES YES 
Month-of-Year-FE YES YES YES 
Country-FE YES YES YES 

Robust standard errors in parentheses. *** p<0.001, **p<0.01, *p<0.05 
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3.4.3 Budget Influence (Within-Subject Analysis) 

The analysis above suggests that the size of a budget is a strong predictor of 

budget compliance and overall levels of spending. However, to better understand if 

budgets influence spending over time, I perform additional tests comparing spending 

levels before and after a budget was set. For this, I define budget influence as the 

difference between a consumer’s pre- and post-budget spending. My expectations are 

that users who set budgets will spend less money post-budget than they did pre-budget 

(H2), and that the spending of users who set budgets will subsequently be lower than 

the spending of similar users who do not set budgets (H3). I test H2 on a within-subject 

basis, comparing each user’s pre-budget spending against post-budget spending in the 

six months following budget creation. I then test H3 using a quasi-experimental 

propensity score matching procedure. 

Figure 3.3 and Table 3.8 summarise the results of my within-subject analysis 

of budget influence. Post-budget spending on dining and drinking (- 15.3%), groceries 

(-6.8%) and fuel (-24%) is immediately and significantly lower than pre-budget 

spending in these categories. Moreover, post-budget spending remains significantly 

lower than pre-budget spending (except fuel), six months after budget creation. All 

differences between pre-budget spending and budgets are also significant (p’s < .01).  

I also analyse budget compliance and influence by login quartile to test the 

influence of attention. The data set contains information on the number of days per 

month each user checks their MDB account. The results summarised in Figure 3.4 

suggest that especially users who frequently log in are reducing their overspending to 

a larger degree. Additionally, spending by active users seems to be most impacted by 

budgets. Table 3.9 provides additional details of this analysis for the main categories. 
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The table compares budget compliance and influence by login quartile. The results 

suggest that those individuals who did log in after creating a budget (i.e., lowest login 

quartile), show the highest overspending (£89.59 on average) and the lowest reduction 

in spending when comparing pre and post-budget spending (£12.76). Those users who 

log in most frequently (more than three logins per months) only overspend by £12.96 

on average and reduce their spending by £56.17. These findings therefore indicate that 

additional attention and budget tracking positively influences budget compliance and 

increases the effectiveness of budgets as a way of reducing spending. 
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Figure 3.3: Mean Pre-Budget Spending, Budgets, and Post-Budget Spending 
This figure summarises three key analyses. For each of the three categories it provides the average values for pre-budget spending, the set 
budget as well as post budget spending per month over a six-month time period. All values are expressed in £ per month. Table 3.8 provides 
additional details and t-tests comparing pre to post-budget spending. 
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Table 3.8: Longitudinal Difference between Pre- & Post-Budget Spending 
This table presents the results for the longitudinal budget influence analysis. It reports the difference between the pre-budget spending and 
post-budget spending per month after budget creation. The p-value column tests if the change in pre to post-budget spending is significant.  

 

 Panel A: First month Panel B: Second month 
 mean relative sd n p-value mean relative sd n p-value 

Dining and Drinking 40.53 18.88% 161.75 2,474 < 0.001 56.76 28.57% 166.86 2,474 < 0.001 
Groceries 24.78 6.92% 225.19 2,635 < 0.001 33.63 9.54% 234.33 2,635 < 0.001 

Fuel 47.71 36.76% 103.54 1,133 < 0.001 33.78 23.50% 103.15 1,133 < 0.001 

 Panel C: Third month Panel D: Fourth month 
 mean relative sd n p-value mean relative sd n p-value 

Dining and Drinking 62.99 32.73% 174.85 2,474 < 0.001 68.91 36.93% 180.31 2,474 < 0.001 
Groceries 44.02 12.91% 241.88 2,634 < 0.001 38.92 11.28% 249.46 2,634 < 0.001 

Fuel 21.85 14.17% 104.31 1,132 < 0.001 17.52 11.08% 101.08 1,132 < 0.001 

 Panel E: Fifth month Panel F: Sixth month 
 mean relative sd n p-value mean relative sd n p-value 

Dining and Drinking 76.23 42.52% 188.32 2,474 < 0.001 77.51 43.66% 201.29 2,473 < 0.001 
Groceries 45.63 13.43% 246.43 2,634 < 0.001 43.74 12.88% 255.32 2,632 < 0.001 

Fuel 21.96 14.25% 97.34 1,132 < 0.001 18.94 12.07% 99.96 1,132 < 0.001 
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Figure 3.4: Budget Compliance and influence by logins 

This graph provides further details regarding the budget compliance and influence per 

user. It groups users by login frequency quartiles. Negative values for budget deviation 

suggest overspending. Positive values for budget influence indicate a reduction in 

spending after budget creation.  
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Table 3.9: Budget Compliance and Influence by Login Quartile 

This table summarises the robustness test for logins and shows the mean budget 

compliance and budget influence per login quartile and category. The fourth column 

per panel shows the p-value for testing if the mean is significantly different from zero. 

 

Budget Compliance by Quartile 

 
Panel A: First login quartile  

(zero logins) 

Panel B: Second login quartile 

(one login) 

 mean sd n p-value mean sd n p-value 

Overall -89.59 207.82 2,052  < 0.001 -40.01 201.86 1,267  < 0.001 

Groceries -103.80 195.85  795  < 0.001 -47.73 197.04  450  < 0.001 

Dining and drinking -121.58 247.69  782  < 0.001 -60.93 237.25  519  < 0.001 

Fuel 2.72 103.30  343   0.626  25.72 96.97  198  < 0.001 

 
Panel C: Third login quartile 

(two or three logins) 

Panel E: Fourth login quartile 

(four or more logins) 

 mean sd n p-value mean sd n p-value 

Overall -21.84 200.82 1,787  < 0.001 -12.96 203.65 1,498  < 0.001 

Groceries -30.02 192.89  696  < 0.001 -30.06 191.76  536  < 0.001 

Dining and drinking -36.47 238.42  695  < 0.001 -23.79 241.57  616  < 0.001 

Fuel 38.26 106.39  303  < 0.001 37.49 110.76  281  < 0.001 

Budget Influence by Quartile 

 Panel A: First login quartile Panel B: Second login quartile 

 mean sd n p-value mean sd n p-value 

Overall  12.76   154.00  2,052  < 0.001  26.92   152.74  1,267  < 0.001 

Groceries  15.73   145.45   795   0.002   39.86   142.02   450  < 0.001 

Dining and drinking  5.46   189.20   782   0.420   15.37   186.88   519  < 0.001 

Fuel  33.50   78.98   343  < 0.001  41.75   78.09   198  < 0.001 

 Panel C: Third login quartile Panel E: Fourth login quartile 

 mean sd n p-value mean sd n p-value 

Overall  36.26   149.88  1,787  < 0.001  56.17   162.40  1,498  0.014  

Groceries  42.91   140.00   696  < 0.001  62.50   146.67   536  < 0.001 

Dining and drinking  29.28   184.30   695  < 0.001  54.33   202.21   616  0.015  

Fuel  47.43   78.33   303  < 0.001  54.62   85.76   281  < 0.001 
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3.4.4 Matching Approach & Results 

The preceding analysis paints a remarkably clear picture: post-budget spending 

is significantly and consistently lower than pre-budget spending, which suggests that 

budgets do influence spending. However, the purely descriptive nature of the analysis 

limits the generalisability of the results. To help address this limitation, I next perform 

a pseudo-experimental propensity score matching analysis (Rosenbaum & Rubin, 

1983; Imbens & Rubin, 2015) that allows me to compare the spending of budgeters 

vs. similar non-budgeters. Analytically, this parallels the approach taken by 

behavioural researchers who have used secondary data of a similar nature to 

investigate the listening behaviour of music streaming platform users (Datta, et al., 

2018) or the distribution of alcohol (Friberg & Sanctuary, 2017). 

For this analysis, I need define my outcome variable Y for budget category c 

of user i. For budget users (i.e., the treatment group), this is the difference between 

their spending in category c before and after budget creation. For the non-budget users 

(i.e., the control group), this is the month-to-month difference but without a budget 

having been created at any point in time. Following the notation convention from 

Imbens & Rubin (2015) I define treatment status as !". This is equal to one if a user 

sets a budget for category c	at time t and zero otherwise. Hence, similar to Friberg & 

Sanctuary (2017), I define:  

&"'(	 ≡ 	 *
&"'(	(0), 	/0	!"'(	 = 0
&"'(	(1), 	/0	!"'(	 = 1

	

  
When conducting matching approaches, several, ideally non-continuous variables, 

need to be defined to match treated and non-treated individuals. In this analysis I 

match budgeters and non-budgeters on login frequency, salary, age, gender, month 

and year of spending, and country of residence. A potential concern is that budget 
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users are inherently different from non-budget users in observable ways. For 

example, I do not want to compare an older male user who frequently logs in, earns 

£30,000 and lives in Edinburgh with a younger female user who lives in London, 

rarely logs in and earns £80,000. To test for this bias between the treatment and 

control group, I follow Leuven & Sianesi (2003) and estimate differences for all of 

the matching variables. If matching is successful, these variables should not differ 

significantly from each other (p > 0.1). Table 3.10 shows that this condition is 

fulfilled since none of the matching variables differ significantly between the budget 

and non-budget users. 

Even though my estimators are not significantly biased, I also make use of 

nearest-neighbour bias-corrected matching estimators as a robustness test (Abadie & 

Imbens, 2011). This estimator adjusts the &"'(	(0) for differences in the matching 

variables between budgeters and non-budgeters. Following Abadie & Imbens (2011) 

and Friberg & Sanctuary (2017), I then test: 

&3"'(	(!"'(	) = 	 *
&4'(	 + 	µ78(9"'() −		µ78(9"'(),			/0	!"'(	 = 0,
&"'(	,																																															/0	!"'(	 = 1.

	

	
To obtain µ78 I estimate by <8 = =(&(1)	|9 = ?) using orinary least square regression. 

I can then calculate the average treatment effect on the treated (ATET), i.e., the effect 

of using budgets by the user as:  

@A=A = =[&3"'((1) − &3"'((0)	C		!"'(	 = 1.	 

Hence, a significant ATET will suggest the influence of a budget on spending 

behaviour in the relevant category.  
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Table 3.10: Bias Analysis, all categories 

This table reports the results for the bias analysis of matching variables. It summarises 

the mean values for each of the matching variables for the budget users (treated) and 

non-budget users (control), shows the percentage deviation and tests if the difference 

is significant.  

 

Variable Treated Control %bias t p-value 

age 37.34 37.061 2.8 0.8 0.426 

salary 28.43 28.18 1.7 0.5 0.620 

logins 7.4682 7.2759 3.1 0.8 0.422 

male 0.69028 0.71134 -4.4 -1.33 0.184 

England 0.84694 0.85426 -2 -0.59 0.553 

Scotland 0.10324 0.1015 0.6 0.17 0.868 

Wales 0.04982 0.04424 2.7 0.76 0.447 
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Table 3.11 reports the results for the matching analysis, and uses the month-

to-month change in spending per category as a dependent variable. As a robustness 

test and to exclude possible noise, Table 3.12 reports the results for the same type of 

analysis but uses the difference between a three-month average before and after as the 

dependent variable. For further robustness, both tables include two different matching 

approaches, the propensity score matching and the nearest neighbour matching in 

order to show that the results do not depend on the type of matching approach used.  

The analysis suggests that the within-subject budget influence results above 

are largely replicated. Even the magnitudes are similar per group. It appears that 

compared to non-budgeters, budgeters are able to decrease their spending to a larger 

degree. I find that there is a significant reduction in spending for all categories after 

the users set up a budget. The propensity score matching results in Table 3.11 indicate 

that individuals who chose to create a budget reduce their spending by £34.34 for 

groceries, £39.73 for dining and drinking and £20.35 for fuel. The results are similar 

when using nearest neighbour matching analysis and when looking at three-month 

averages instead of month-to-month changes. 

The granularity of the available data allows a high degree of confidence in this 

analysis. Accounting for time, demographic and spatial differences and similarities, 

this quasi-experimental analysis may suggest a causal relationship between budget 

creation and the observed change in spending patterns. This extends the descriptive 

analysis of the previous sections and suggests that budgets do in fact help individuals 

to significantly reduce their spending. 
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Table 3.11: Matching Analysis, month-to-month 

Coefficients represent average treatment effects. The first row shows results for the 

propensity score matching analysis. The second row shows results for the nearest 

neighbour analysis that makes use of the bias adjusted estimator developed by Abadie 

& Imbens (2011). Dependent variable is the month-to-month difference in spending 

before and after a budget was set. The selected matching variables are age, gender, 

salary groups, number of logins per month, month of the year, country (Wales, 

England, Scotland) 

 

 (1) (2) (3) 

Delta Spending Groceries Dining and 
Drinking 

Fuel 

       

Treatment PSM 34.34***  39.73***  20.35**  

 (6.289)  (4.264)  (9.872)  

       

Treatment NN  34.45***  42.57***  22.32** 

  (6.595)  (4.666)  (10.60) 

       

Observations 80,840 76,358 70,476 63,467 54,931 42,355 

 
Matching Variables 

      

Age Yes Yes Yes Yes Yes Yes 

Gender Yes Yes Yes Yes Yes Yes 

Logins Yes Yes Yes Yes Yes Yes 

Salary group Yes Yes Yes Yes Yes Yes 

Month of the year Yes Yes Yes Yes Yes Yes 

Country Yes Yes Yes Yes Yes Yes 

 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Table 3.12: Matching Analysis, average monthly spending 

Coefficients represent average treatment effects. The first row shows results for the 

propensity score matching analysis. The second row shows results for the nearest 

neighbour analysis that makes use of the bias adjusted estimator developed by Abadie 

& Imbens (2011). Dependent variable is the difference in three-month average 

monthly spending before and after a budget was set. The selected matching variables 

are age, gender, salary groups, number of logins per month, month of the year, country 

(Wales, England, Scotland) 

 

 (1) (2) (3) 

Delta Spending Groceries Dining and 
Drinking 

Fuel 

       

Treatment PSM 46.58***  29.93***  37.81***  

 (6.050)  (3.797)  (8.875)  

       

Treatment NN  42.96***  28.04***  33.71*** 

  (6.065)  (3.966)  (8.587) 

       

Observations 86,938 86,938 70,691 70,691 69,567 69,567 

 
Matching Variables 

      

Age Yes Yes Yes Yes Yes Yes 

Gender Yes Yes Yes Yes Yes Yes 

Logins Yes Yes Yes Yes Yes Yes 

Salary group Yes Yes Yes Yes Yes Yes 

Month of the year Yes Yes Yes Yes Yes Yes 

Country Yes Yes Yes Yes Yes Yes 

 

Standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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3.5 Discussion 

The present research was motivated by a question of substantive importance to 

consumers, the firms that serve them, and the scholars who study their behaviour: do 

budgets work? The evidence presented in this chapter suggests that they do, although 

not perfectly. Below I discuss the implications of my findings and directions for future 

research.  

3.5.1 Budget Compliance and Distributional Skew 

In this chapter, I demonstrate that budget compliance corresponds closely with 

the amount of skew in the distribution of pre-budget spending (H1). I argue that this 

may be because budget compliance is a two-sided variable: it first requires consumers 

to accurately plan or forecast what they need, then it requires them to stick to their 

budget. Distributional skew might therefore be a useful predictor of budget compliance 

because it captures both sides of this equation: higher positive skew makes under-

budgeting more likely (Howard et al., 2019), and it represents the exceptional expenses 

that consumers are most likely to over-spend on (Sussman & Alter, 2012).  

The correlational analysis of the relationship between budget compliance and 

skew of pre-budget spending suggests that higher amounts of skew in a spending 

distribution makes forecasts lower and less accurate. This chapter therefore provides 

real-world evidence of this relationship and contributes to existing experimental 

evidence (Howard et al., 2019). In tandem, these findings make an important 

contribution to the forecasting literature by documenting the ways in which 

distributional skew can negatively impact forecast accuracy. These findings also have 

implications for firms that need to predict consumers’ ability to stay on budget (e.g., 
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loan service or debt collection companies), because it suggests that spending skew is 

a simple way to do so. Similarly, consumers who need to accurately predict their own 

future spending (e.g., when taking out a mortgage) should be advised to consider the 

right tail of their spending distribution so that they don’t overspend today as a result 

of underestimating what they will spend tomorrow.  

One fruitful avenue for future research in this area is to better understand the 

extent to which skew captures under-budgeting versus overspending. Similarly, I think 

it is well worth identifying outcomes that are negatively skewed and investigating the 

extent to which negative skew represents over-budgeting and/or underspending. 

Finally, it is important to gain a better understanding of which psychological concepts 

can be mapped onto skew (or vice versa). For example, does low versus high positive 

skew reflect the continuum between ordinary and exceptional expenses (Sussman & 

Alter, 2012)?  

3.5.2 Optimism and Influence 

Research on planning and forecasting is often focused on reducing prediction 

optimism (e.g., Buehler et al., 1994; Howard et al., 2019; Peetz & Buehler, 2009; 

Ulkumen et al., 2008). One reason for this is undoubtedly that de-biasing techniques 

can inform theory, but this focus is also driven in large part by the assumption that 

optimistic forecasts are detrimental, and that realistic forecasts are beneficial (Howard 

et al., 2019). This assumption is undoubtedly true in some circumstances: for example, 

consumers who take out a mortgage or lease a car based on an optimistic forecast of 

their future spending will likely find themselves in a financial bind that could have 

been avoided had they made a more realistic forecast that led them to borrow less. 

However, the presented regression analysis of budget size and actual spending as well 
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as the excluded experimental evidence suggests that budget optimism may, with 

respect to ongoing monthly expenditures, be a good thing. It appears that more 

ambitious budgeters, i.e., those who set a much lower budget compared to their pre-

budget spending, might spend significantly less than those budgeters who set are more 

realistic (achievable) budget. Future work can and should look deeper into the 

boundary conditions of this effect and identify when or for whom budget optimism 

backfires, and more clearly delineate the types of circumstances in which optimism 

and realism are preferred.  

3.5.3 Longitudinal Influence  

Past research has shown that plans and forecasts either do not influence 

behaviour (Buehler et al., 1994; Peetz & Buehler, 2009; Ulkumen et al., 2008), or that 

their influence diminishes quickly (Buehler et al., 2010). However, I provide some 

evidence that spending continued to fall and move toward budgeted spending even six 

months after a budget was set (except for fuel). This not only suggests that budgets 

influence spending, it suggests that budget influence is remarkably persistent.  

I believe one explanation for the difference between my results in this regard 

and past research is that MDB users engage in a relatively high degree of expense 

tracking (i.e., behaviour monitoring). Thus, their budget becomes a very salient 

reference point against which they can compare their spending behaviour. Moreover, 

because the app makes past spending behaviour easily accessible, it is likely that 

consumers are motivated by the observation that they are spending less than they used 

to, rather than becoming demotivated by the observation that they have spent more 

than they budgeted (Soman & Cheema, 2004). Future research on the temporally 

extended influence of plans and predictions on behaviour should test this conjecture.  
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The present research offers insights into the nature of budgeting. First and 

foremost, I demonstrate that budgets influence spending, even when budget 

compliance is weak. I also provide evidence that budget influence is maintained over 

time, and that it is not contingent on initial success. In sum, these results indicate that 

budgets do work, even if they are not quite as inflexible as was once believed.  

3.6 Conclusion 

The present research is the first to test key implications of consumer budgeting 

theory using naturally occurring data. This approach allows me to complement 

previous research in this domain by measuring consumers’ budgeting and spending 

behaviour with unprecedented scope, accuracy, and ecological validity. My findings 

reveal that although consumers do not strictly comply with their budgets, budgets do 

influence spending. Furthermore, I find that the influence of budgets on spending is 

sticky, and that budget influence is amplified by expense tracking.  

3.6.1 Limitation 

One limitation of this study is that budgeters may differ from non-budgeters in 

unobservable ways. To address this concern, I begin by offering the following thought 

experiment: what if the budgeters in the data set are inherently more financially 

responsible than the non-budgeters? If true, then the budget compliance results become 

even more interesting because this implies that even relatively responsible consumers 

have trouble accurately forecasting their expenses and sticking to their budgets. It is 

also informative to consider the inverse: what if the budgeters in the data set are 

somehow less financially responsible than the non-budgeters? If true, then the results 

of the propensity score matching analysis become even more interesting because this 
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implies that budgeting helped relatively less responsible consumers decrease their 

spending to a greater degree than their relatively more responsible peers. Furthermore, 

there is no reason to believe that MDB budgeters are any different from many 

consumers who currently use budgeting apps world-wide, which implies that my 

results are likely indicative of a large group of consumers whose budgeting and 

spending behaviour is of immense interest to marketing researchers.  

3.6.2 Implications for Theory 

Consumer budgeting theory implies that consumers will tend to comply with 

their budgets when their expenses are easy to track and categorise (Heath & Soll, 

1996), and field studies have found that consumer spending during grocery shopping 

trips does closely approximate their spending intentions (e.g., Kollat & Willet, 1967; 

POPAI, 1995; Stilley et al., 2010). On the other hand, theories of (mis)prediction 

suggest that budgets will be overly optimistic (e.g., Kahneman & Tversky, 1979; 

Buehler et al., 1994; Howard et al., 2018), and financial diary studies have 

demonstrated that consumers – including those who budget – tend to spend more than 

they think they will on both a weekly and monthly basis (Ulkumen et al., 2008; Peetz 

& Buehler, 2009; Sussman & Alter, 2012; Howard et al., 2018).  

This chapter contributes to theory by testing these competing hypotheses 

revealing that consumers in this sample do not comply with their monthly budgets for 

groceries, dining and drinking, and fuel. Although this finding supports the proposition 

that budgets are generally optimistic, it does not necessarily represent a direct 

challenge to consumer budgeting theory or the empirical findings that support it. 

Instead, my perspective is that it suggests an important boundary condition: budget 

compliance is more likely to be observed when budgets and spending decisions are 
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temporally proximal (e.g., Heath & Soll, 1996; Stilley et al., 2010) than during an 

entire month of spending with ample opportunity to succumb to momentary lapses of 

self-control, social pressure, marketing influence, and so on.  

Furthermore, my finding that budgets influence spending even when 

consumers exceed their budgets, and that this influence persists up to six months after 

budget creation, provides strong support for the proposition that budgeting impacts 

spending in important ways (Thaler, 1985; Heath, 1995; Heath & Soll, 1996). Finally, 

my finding that login frequency amplifies the influence of budgets on spending 

supports the proposition that expense tracking is an important part of the budgeting 

process (Heath & Soll, 1996).  

3.6.3 Implications for Practice 

The present research carries one key implication for consumers: setting a 

budget and tracking expenses can positively influence spending behaviour. The 

present research also carries two key implications for the financial technology 

companies who develop budgeting apps, and service providers whose business model 

includes helping consumers budget. First, although my results demonstrate that 

budgets positively influence spending, there is room to improve consumer budget 

compliance. One way to do this is to help consumers make more realistic budgets by 

prompting them to consider atypical expenses when creating their budget (Howard et 

al., 2019).  

Second, my finding that login frequency (i.e., expense tracking) amplifies 

budget influence suggests that apps, and the consumers who use them, should not shy 

away from sending (receiving) the occasional push notification that draws users’ 

attention to their spending. Notably, the analysis of login activity and budget 
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compliance (influence) suggests that one or two well timed notifications per month 

would be sufficient to ensure users log in at least every two weeks to check their 

remaining funds.  

This chapter provides an answer to the question if budgets matter. Financial 

advice providers (e.g., the Money Advice Service in the UK) and charitable debt 

managers might want to use this evidence and suggest to their clients to use a financial 

management app to help them improve their budgeting capability and therefore also 

help them to reduce their spending.  
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4 Payday - Dashboard Effect on Consumption Smoothing 

4.1 Introduction  

Every day individuals are faced with a large number of financial and 

consumption decisions. This chapter will discuss how financial aggregation apps can 

support a consumer's planning and subsequent spending behaviour. The main focus of 

this chapter is on the question whether or not individuals are smoothing the volume of 

their spending over the course of a month, or if they spend more just after receiving 

their salary (an example of the so-called payday effect). If we assume consumers are 

rational, a predictable pay cheque should not factor into the timing of spending on 

discretionary items (e.g., Friedmann, 2018). However, this chapter will show that 

individuals do usually not smooth their consumption, but that financial technology 

might help them in doing so. While it is not the goal of the chapter to understand the 

downstream consequences of the payday effect, the aim of this chapter is to better 

understand how financial technology, specifically money aggregation apps, may 

support individuals to smooth their consumption. It also is the goal to test if users 

retain changes in spending patterns after they stop using the app and thereby help us 

to better understand if using financial technology has a lasting effect. 

The introduction of new ways to manage money does not only influence 

consumer financial decision-making, but also enables researchers to conduct more 
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granular analysis to empirically test existing theories. Often this data is made available 

by financial service providers such as mint.com (US), Money Dashboard (as in the 

previous chapter) (UK) or Meniga (Iceland). Gelman et al. (2014), Olafsson & Pagel 

(2018), Carlin et al. (2017), Baker (2014) and Kueng (2015) use these new data sets 

to improve the accuracy of empirical testing, while reducing potential problems 

concerning survey or experimental data (e.g., De Nicola & Gine, 2014; Karlan & 

Zinman, 2008). 

In the given context of the payday effect, my research shows the advantages of 

using transaction level data for the empirically testing of consumption theories. The 

unique structure of my data set allows for additional contributions to existing studies. 

Using the granular transaction by transaction data, I can analyse consumption 

behaviour before and after joining a platform. The available login data helps me to 

establish a link between attention and consumption smoothing. By analysing 

behaviour after users stopped using the service and by using the longitudinal setting, I 

can test the influence of specific functions on the behaviour of all users.  

While other studies, especially Gelman et al., (2014) and Olafsson & Pagel, 

(2018), focus their analysis on behaviour after individuals start using the financial 

aggregation service, my study is the first to compare the payday effect before and after 

a user joins the service. The structure of Money Dashboard allows the users, and 

therefore us as researchers, to analyse banking transactions for up to twelve months 

before a user signed up. This means that if a user signs up on May 1st, 2017, she can 

see all transactions that have occurred since May 1st, 2016. Therefore, I can test the 

behaviour before vs. after joining a money aggregation platform. By doing so, I show 

that users are reducing their tendency to spend more on discretionary items after they 
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join the platform and that even more significant changes in behaviour occur once their 

attention increases.  

MDB users provide their online banking account login data to the platform. 

MDB uses this data to record the users' banking transactions. This also means that 

MDB can keep collecting the data even if the user has stopped logging into their MDB 

account. Therefore, data about spending behaviour is available even for users who 

have stopped using the service. While other studies focus on active users only, I also 

explore whether behaviour changes once individuals have stopped using the service. I 

can therefore test to what extent one-off saliency of financial transactions can have a 

lasting effect on financial decision-making. Three key results emerge from this 

analysis. First, users who log in at least once significantly reduce their tendency to 

spend more once they receive their pay cheque. Second, the marginal benefit of 

additional logins is small. Even if users log in more than once a week, they only 

marginally improve their behaviour compared to those users who log in only once. 

Lastly, there appears to be only limited learning experienced by the users. Even if they 

used the app frequently over three months, they start spending more around payday if 

they do not log in during one particular month.  

Since financial aggregation applications and services such as mint.com (US), 

Meniga (Iceland) or Money Dashboard are recent innovations, they themselves are 

constantly changing. One major introduction of MDB was the planner function which 

allows users to predict their balance on a certain point in time utilising their historic 

transaction data. For this, MDB uses established spending patterns and recurring costs 

to predict a balance on a certain date. I can use this information about the introduced 

feature and test if an increase in the saliency of future predicted balances may affect 
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present behaviour. This test shows, however, that the introduction of this feature did 

not significantly influence consumption smoothing for the whole sample. More 

granular engagement data would be necessary to further analyse differences between 

users actively using the planner function and those who do not. The assumption is that 

the effect of a new function is especially strong for those users who actively use it. In 

this case manually creating expected cash flows, checking the predicted data provided 

by MDB and in general spending more time than before on the platform.  

Besides extending the aforementioned literature on the payday effect (e.g., 

Gelman et al., 2014; Olafsson & Pagel, 2018), this chapter contributes to the literature 

on attention and financial decision-making (e.g., Hirshleifer & Theo, 2003; Stango & 

Zinman, 2014) by providing evidence that individuals smooth their consumption to a 

larger extent once they log in more often. The chapter shows that once individuals sign 

up for a financial aggregation platform which provides them with a better overview of 

their financial situation, they are more consistently smoothing their consumption 

across the month. Thereby this study also contributes to the discussion around the 

influence of technology on financial behaviour (e.g., Hillis, 2017; Levi, 2016). Since 

access to the platform is not randomly assigned, the applied tests do not allow for a 

causal interpretation of the results. Nevertheless, the descriptive statistics suggest that 

high levels (i.e., at least weekly usage) of engagement with financial technology may 

help consumers to better smooth their consumption. It also helps researchers to design 

interventions and experiments to determine the mechanisms behind the behaviour 

changes I observe. 

Another contribution of this chapter is the analysis of learning effects. The data 

structure allows me to observe an individual’s consumption behaviour even if they do 
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not actively engage with the app in a given month. I show that intense usage of the 

app, over a time-frame of three months, does not have a lasting influence on 

individuals if they stop using the app. I thereby contribute to the current literature on 

financial literacy (e.g., Carlin et al., 2017; Fernandes et al., 2014), and argue that 

ongoing active engagement seems to be required to ensure individuals maintain 

changes to their consumption patterns. While I do not test financial literacy 

specifically, I do test whether individuals improve their financial decision making, 

here consumption smoothing, and if they retain this behaviour after they stop using a 

personal finance app. The evidence summarised by Fernandes et al., (2014) suggests 

that few interventions have a lasting effect. I provide additional evidence for this in 

the context of financial technology. My study suggests that either even longer 

interventions or other forms of help are necessary to help individuals smooth their 

consumption. 

Besides these contributions to theory, this chapter has a strong focus on 

practice. My findings suggest that financial service providers need to design their web 

and mobile applications in a way which ensures consistent engagement of the user, in 

order to support their financial decision-making. The findings also imply that, to 

ensure consumer welfare, policy makers need to regulate that financial information is 

provided in the most salient and accessible form possible. While individuals are in 

theory able to comprehend and process provided information, they often are inattentive 

when confronted with a large amount of data. Hence, a large body of information might 

be less important than accessibility and engaging presentation. Lastly, my results 

imply that financial advisors and money focused charities (e.g., the Money Advice 

Service in the UK) should use modern forms of financial technology, such as financial 



 

 

 

147 

management apps, to ensure a lasting change in their client’s behaviour. The presented 

evidence suggests that apps such as MDB might be a cheap and effective way to help 

individuals improve their financial decision-making. Given the demographics of app 

users, this could especially apply for younger adults who are more likely to be 

financially vulnerable than older individuals (FCA, 2017).  

The remainder of this chapter is structured as follows: the next section will 

introduce the literature concerning consumer financial decision-making and define 

potential biases such as the payday effect and likely remedies, section 4.3 and 4.4 will 

discuss the data and methods used. Section 4.5 presents the main results, while section 

4.6 analyses the key findings. Section 4.7 concludes and presents avenues for further 

research. 

4.2 Theoretical Framework  

4.2.1 Rational Agent Theory and Decision Readiness 

While rational behaviour implies that we should be able to process all available 

information in order to make an informed decision, anecdotal observations from the 

real life question this assumption. Many of us feel overwhelmed when making 

financial decisions. Generally speaking, the information processing capacities of 

humans have been found to be limited. For example, Shiv & Fedorikhin (1999) show 

that if individuals have to hold a certain volume of numerical information in their 

memory, they are more likely to fall prey to external triggers of temptation such as 

choosing chocolate cake instead of fruit salad.  

To better understand factors related to rational decision-making, Soll et al. 

(2015) introduce a framework to understand the decision readiness of an individual. 
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The authors present three factors which support decision readiness. First, the 

individual must have the ability to cognitively focus on a given piece of information. 

Second, the individual must be in an emotional and physical state which allows them 

to rationally process information. Third, the person making the decision needs to have 

the required literate and numerical ability to understand all presented information. 

Several factors negatively affect the decision readiness introduced above. For 

example, the presence of fatigue or distraction may negatively influence an 

individual’s capacity to reason and reduce self-control, therefore increasing the 

individuals' tendency for a present bias (Milkman, 2012). Beyond consumers, finance 

professionals such as analysts have also found to be exposed to decision fatigue. 

Research by Hirshleifer et al. (2019) suggests that after a certain number of decisions, 

analysts are more likely to herd instead of evaluating all available information. 

Moreover, if individuals are faced with time pressure, they are less able to make use 

of their full cognitive capacity (Payne et al., 1993) leading to shallow thinking, which 

limits the ability to understand all necessary and available information (Bond et al., 

2008, 2010). 

This suggests that individuals are prone to making costly mistakes if their 

decision readiness is limited. Especially when confronted with financial or 

consumption decisions, individuals often struggle to evaluate all available options, and 

are thus less likely to take the most rational action. Even though access to more 

information and a larger variety of options suggests better decisions, evidence by 

Iyengar & Lepper (2000) suggests the opposite. Individuals faced with a plethora of 

available choices may easily feel overwhelmed and may forego making a decision 
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altogether. Hence, if an individual is not able to make use of all presented information, 

they might make biased, i.e., non-optimal decisions.  

 

4.2.2 Payday Effect – Theories and Evidence 

One of these potentially problematic behaviours is the payday effect. This 

effect occurs if an individual is unable to smooth their consumption across a certain 

time period. Rational agent theory suggests that individuals should smooth 

consumption, i.e., spread their consumption over the period in which they receive 

payment, if they can predict their next income or pay cheque. Theories on the life-

cycle permanent-income hypothesis by Friedmann (2018) or Hall (1978) for example 

suggest that the timing of income should not influence consumption. Hence, if an 

individual is aware of upcoming income, they should be able to plan ahead and not to 

react differently on the day of the pay being received than on any other day.  

In contrast to these life-cycle models, Kaplan & Violante (2014) developed a 

theoretical model to predict the hand-to-mouth consumption of wealthy individuals, 

who have a large proportion of their wealth stored in illiquid assets. Jappelli & 

Pistaferri (2010) provide a review of the literature, and the applied empirical 

approaches to understand the sensitivity of consumption to income changes. This 

evidence suggests that many individuals tend to spend money immediately after it 

arrives, even if they have enough liquidity and even if they can predict future inflows. 

Olafsson & Pagel (2018) support this further and show that the payday effect is not 

limited to liquidity-restricted households. In their Icelandic data set, they find that even 

households which hold a liquidity buffer show excessive income sensitivity, for both 

regular and irregular income. This means that even those households which have 
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several days’ worth of spending available in cash spend significantly more when their 

income arrives. Addoum et al. (2018) suggest that a positive balance, or rather, 

additional liquidity after payday, gives consumers the feeling that they obtain a 

“license to spend”, or the right to spend their deserved income. Ruberton et al. (2016) 

furthermore find that liquid cash reserves were a key determinant of satisfaction. They 

argue that while increasing income is beneficial for the individual's happiness, 

increasing liquidity is even more important. 

Further evidence for the existence of the payday effect is provided through 

studies using the Consumer Expenditure Survey in the US which show that consumers 

often lack the ability to smooth their consumption (e.g., Parker, 1999; Souleles, 1999). 

Shapiro & Slemrod (2003) and Shapiro & Slemrod (2009) provide additional evidence 

from tax rebates, suggesting that individuals change their spending pattern around cash 

inflow even if they can foresee future income through rebates.  

Spending money immediately after it arrives instead of saving parts of it or at 

least smoothing the consumption across the month can have negative welfare effects. 

Failing to set consumption at a level equal to income can result in utility loss (e.g., 

Browning & Crossley, 2001, Cochrane, 1988 and Krussell & Smith, 1996). Additional 

studies by Ganong & Noel (2015) and Baker & Yannelis (2017) further substantiate 

the negative implications of excessive income sensitivity. For example, an individual 

who spends more on discretionary items shortly after receiving a pay cheque might be 

faced with very limited options in the days before a new payment arrives. This in turn 

could force the individual to use some form of high interest-bearing debt products such 

as unarranged overdraft, late fees on credit card repayment or even payday loans, some 

of which may charge more than a 500% annual percentage rate (e.g., Agarwal et al., 
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2009; Bhutta, 2014). Therefore, it is important to understand how individuals may be 

supported in their financial decision-making in order to improve their consumption 

smoothing. 

The discussion above implies that if individuals are able to process all 

information, they should not engage in utility reducing financial decision-making such 

as spending more around payday than on other days. However, the presented evidence 

suggests that individuals start spending money immediately after it arrives. Hence, the 

question arises what factors could be responsible for individuals spending more around 

payday? Possible hypotheses to answer this question are: a lack of self-control and 

patience, missing or limited attention, a lack of transparency or saliency of decision-

making.  

4.2.3 Attention and Information Availability 

While we know that individuals should try to always search for the best 

alternative before deciding upon consumption or investment (e.g., Lippman & McCall, 

1976), information is often hard to obtain or, alternatively, overwhelming. Increased 

availability of information can be linked to positive changes in behaviour. For 

example, the very salient presentation of calories in a drink leads individuals to order 

less-calorific alternatives (Bollinger et al., 2011). 

More generally in the case of spending vs. saving decisions, information should 

be easily accessible for each individual. Whenever an individual makes a purchase 

decision, they could easily access information online to check if a similar item is 

available for a cheaper price or in a better quality. However, in this scenario an excess 

of options is often available, and each agent therefore must understand their own utility 

function and which option best satisfies it. Information overload often occurs during 
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this process in which individuals are not able to distinguish between or even 

understand all possible avenues (Iyengar & Lepper, 2000).  

Loewenstein et al. (2014) argue that individuals can only obtain and use a 

limited amount of information. Their review of the literature suggests that the positive 

effect of information disclosure can be diminished by limited attention on the part of 

the individual. They argue that the scope of disclosures is often overwhelming to an 

individual and therefore of limited use. In these scenarios, information acquisition, or 

rather processing, is costly since a high degree of cognitive effort is required. An 

example for this is that consumers fail to update their consumption plans even if their 

financial situation changes (e.g., Reis 2006).  

However, Sims (2003) develops an early model that suggests that if given 

limited capacity, an individual may benefit from inattention to all available 

information. Tutino (2013) and Luo et al. (2017) provide further support for this model 

and Maćkowiak et al. (2018) add analytical evidence. They suggest that if too much 

noise (see also Kahneman et al., 2016) or limited memory capacity exists, individuals 

might benefit from limiting the amount of information they process to make a better 

decision.  

Besides the way information is illustrated, also the form of payment for 

consumption matters and might increase attention and information processing 

capabilities. Soman (2001) for example shows that credit card payments may lead 

consumers to underestimate past expenses and therefore have a potentially positive 

effect on future purchases. On the other hand, cheque payments and immediate 

feedback after purchases lead to reduced purchase intention. The “rehearsal” of writing 

down the total in words and figures when paying by cheque improves the memory of 
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past expenses and thereby reduces future payment intention which confirms theories 

of the pain of payment literature (e.g., Prelec & Loewenstein, 1998). This would imply 

that if individuals make an increased use of credit and debit cards, they are likely to 

spend more than they did when using cheques or cash. Another form of rehearsing 

spending is the use of prospective hindsight, sometimes also referred to as pre-

mortems (e.g., Koriat et al., 1980; Mitchell et al., 1989; Meissner & Wulf, 2015). 

Individuals engaging in this way of thinking imagine their situation in a certain time 

in the future and ask themselves what went wrong, and why a potentially negative 

outcome occurred. The studies suggest that this way of thinking helps to reduce 

planning optimism. This implies that if individuals are supported in predicting future 

cash flows, they should be able to adjust present behaviour.  

In general, the presented evidence suggests that increasing the attention of 

individuals or the saliency of relevant information seems to positively influence 

decision-making (e.g., Bordalo et al., 2012a, 2012b, 2013). The same is true in the 

context of banking, individuals who are asked questions related to overdraft in surveys 

appear to overdraw less often, and therefore end up paying less in overdraft fees 

(Stango & Zinman, 2014). The survey draws the attention of the consumer to their 

spending behaviour and therefore increases the saliency of incurring fees. Moreover, 

even if the decision-makers lack financial literacy or numeracy skills, improved 

transparency in information disclosure can support financial decision-making (Soll et 

al., 2013).  

To conclude, the presented evidence suggests that if available information is 

delivered in a more salient way and if the information is summarised graphically, the 
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increase in information quality should lead to improved decision-making because 

available data is easier to process for the individual.  

4.2.4 Present-Bias and Self-Control 

Even if all information is available, individuals often struggle to wait for an 

event. This desire for instant gratification, also known as present-bias (e.g., 

Balakrishnan et al., 2017) can have several negative consequences (Milkman et al., 

2008). Substance abuse is one of the more severe examples to show that the increase 

in short-term happiness is stronger for individuals than the potential medium-term 

negative consequences. Similar behaviour can be observed when it comes to nutrition 

(e.g., Volkow & Baler, 2015; Zhong & DeVoe, 2010), or social media usage (e.g., 

Burbules, 2016; Turner, 2015; Quan-Haase & Young, 2010).  

This form of present-bias is one potential explanation for the existence of the 

payday effect. The impatience of individuals might lead them to excessively spend 

money on discretionary items once they have sufficient funds without considering the 

medium-term implications, in this case the purchase of non-discretionary items until 

the arrival of the next salary or fund. The instant gratification of going out for drinks 

on payday seems to outweigh the consequences such as potentially higher costs, rolling 

over credit card debt, late repayment fees or overdraft charges. These behaviours can 

only partly be explained by hyperbolic discounting models (e.g., Angeletos et al., 

2001; Cochrane, 1988; Laibson et al., 2007; Loewenstein & Prelec, 1992). 

One potential reason for the existence of the present-bias is a deficit of self-

control. Strömbäck et al. (2017) find that self-control influences financial behaviour 

and subjectively perceived financial well-being (including financial anxiety and 

perceived financial security). Individuals with good self-control were more likely to 
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save money regularly from their pay and were therefore better prepared to manage 

unforeseen expenses. Furthermore, Horváth et al. (2015) find that compulsive buyers 

aspire to control their buying behaviour, but this goal is seldom active and thus only 

rarely guides their behaviour. Compulsive buyers are often too late in sensing 

imminent financial difficulty and seem to prefer self-control strategies that tackle the 

negative consequences of compulsive buying (financial problems), rather than 

addressing the behaviour directly.  

Self-control can further be linked to the calorie intake by poorer households. 

Mastrobuoni & Weinberg's (2009) results suggests that especially low-income 

households which rely on social security payments are often unable to smooth their 

consumption. Using data from a food intake survey, they find that those households 

consume 25% fewer calories in the week before they receive their next social security 

payment compared to other weeks. These low-income households are also often 

households with a low level of financial literacy (e.g., Shah et al., 2012; Fernandes et 

al., 2014). Unfortunately, a lack of financial literacy is strongly positively related with 

over-indebtedness (Lusardi & Tufano, 2015) which in turn could start a vicious cycle 

(e.g., Mani et al., 2013). Hence, improving financial literacy or supporting financial 

decision-making in general should help individuals to smooth their consumption and 

ideally as a consequence increase their welfare. 

4.2.5 Financial Technology and Literacy 

Given the evidence about missing self-control and the apparent inability of 

many individuals to process all available information, one key question is how to 

improve the likelihood that individuals choose ‘the right’ option. Thaler & Sunstein 

(2008) suggest that small adjustments in the environment of a decision-maker can 
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support the reduction of biased decision-making. Financial technology may provide 

such support structures to improve financial decision-making. Existing studies suggest 

that using interventions such as reminders through apps can reduce late fees (e.g., 

Medina, 2017) or increase attendance of vaccination appointments (Milkman et al., 

2011). 

However, conducting a meta-analysis of existing studies on financial literacy, 

Fernandes et al. (2014) find that the majority of interventions to increase financial 

literacy have very small or only temporary effects. Nevertheless, if information is 

provided through a different medium, i.e., in this case using financial technology, 

individuals may be better suited to understand it and make better decisions. For 

example, Lusardi et al. (2017) develop online educational material with the aim to 

improve financial literacy. They find that risk-literacy and self-efficacy in particular 

were significantly improved. Similar evidence is provided by Carlin et al. (2017) who 

find that video content including clear recommendations for actions can improve 

attention and financial decision-making quality. Cooperating with different retail 

banks, Karlan et al. (2016) show the efficiency of text reminders in terms of saving 

commitment suggesting that the introduction of mobile notifications can support 

individuals in their behaviour. 

Financial technology in the form of mobile applications can further increase 

the saliency of available funds or credit. After an introduction of a mobile app, Hillis 

(2017) shows that individuals are improving their ability to smooth their consumption 

of food stamps when available balances are made easy to access. Levi (2016) uses 

access to a similar data provider as the present study. He shows that by building an 

information architecture focusing on a personalised financial health index, users start 
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to spend less and save more. The presented evidence therefore suggests that financial 

technology might support individuals in improving their financial decision-making. 

4.2.6 Hypothesis Development: Financial technology improves decision-making 

The presented literature suggests that agents are not paying enough attention 

to potential negative implications of their spending behaviour around payday. 

Combined with the hypothesized inability to process all relevant information, negative 

utility effects may occur if an agent is not patient enough to save before spending 

money on a discretionary item. The literature above also suggests that if information 

is aggregated and displayed in accessible ways, financial decision-making should be 

improved. In the present context this implies that a service such as Money Dashboard, 

which aggregates hundreds of monthly data points into graphical representation of 

financial behaviour, can be expected to change consumption behaviour. Based on this, 

the following hypotheses are developed: 

1. The magnitude of the payday effect is lower after an individual joins MDB than 

before. 

2. Increased attention, measured by login frequency, is positively related to 

consumption smoothing.  

3. The magnitude of the payday effect increases in the sub sample of users who 

stopped using the app. 

4. The introduction of the ‘planner function’ reduced the payday effect of active 

users.  

4.3 Data 

The analysis of this chapter is based on data provided by Money Dashboard 

(MDB), a personal finance app with more than 300,000 users in the UK. MDB 

aggregates all transactions from linked bank accounts and credit or debit cards. The 
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aggregated information is illustrated in a variety of graphs. The service is aimed at 

individuals who have more than one bank account or several different providers of 

credit cards. The data set used for this chapter includes all user transactions – more 

than 400 million – between January 2013 and December 2018.  

Once users sign up, MDB uses a web scraper to collect all available 

information from an individuals’ online banking account. This allows them to collect 

transactional data for the twelve months prior to sign up. Hence, this study can 

compare behaviour before and after an individual joins the service. In the next step, 

MDB uses a machine learning algorithm to identify the type of transaction and 

automatically assigns each transaction to one of 270 expense and income tags. It also 

provides the timestamp of the transaction and includes a merchant tag (e.g., “Tesco”). 

Figure 4.1 shows the user interface for the mobile and web application. 

One concern about analysing this data is that MDB is not able to identify how 

individuals use cash or money which is not part of the banking cycle, for example 

household bills and services paid in cash. While MDB offers users the ability to split 

individual transactions, few users make use of this function. However, median cash 

spending per month is only £200 in this sample and appears in the data set as ATM 

withdrawals. So, although I do not observe exactly how users spend their cash, I see 

how much cash they withdraw on a given day and can test if users withdraw more or 

less cash around payday.  
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Figure 4.1: Money Dashboard User Interface 

This figure illustrates the iOS and web interface of Money Dashboard. The example 

for the mobile phone interface shows the current balance across accounts and a chart 

summarising expenditures per category and the current status of three active budgets. 

The web interface shows similar information but in more detail. (Source: 

www.moneydashboard.com) 
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Another concern is that users do not link all their banking accounts to MDB 

and that some information is therefore missing. However, users on average link 4.6 

accounts, which suggests that they try to link a substantial amount of their bank 

accounts with MDB. If a user has only one bank account, using MDB would probably 

not add value since their focus is on aggregating financial information from several 

accounts into one dashboard. Therefore, I assume that the majority of users has linked 

all available or meaningful accounts with MDB.  

Similar to Gelman et al. (2014, p. 214), I select only those users who regularly 

receive salary or wages from their employer. Regular payments are payments with a 

median number of 26-34 days between arrival (monthly or four-weekly payment). In 

addition, this study only uses observations from users who receive at least three 

identifiable pay cheques during the observational period. This selection process 

reduces the number of observed individuals from ca. 300,000 users to 67,370 (67% 

male). Table 4.1 summarises some of the key statistics. Panel A shows the age, gender 

and monthly login information. The median net salary of £1,758 is slightly higher than 

the UK average. However, this figure is only based on those users for whom I was able 

to identify at least three monthly pay cheques in a row which potentially excludes users 

with infrequent salary inflow or zero-hour contract workers. Panel B summarises the 

sum of monthly expenses per category. Discretionary expenses include all expenses 

with the tags: “Lunch or Snacks”, “Takeaway”, “Dining or Going Out”, “Cinema”, 

“Alcohol”, “Books and Magazines”, “TV, Movies Package”, “Mobile App”, “Media 

Bundle”, “Entertainment”, “Gambling”, “Games and Gaming”, “Clothes”, and 

“Appearance”. 
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For the sake of simplicity, I only consider negative cash flows for the spending 

analysis. While individuals may receive a refund when returning an item, the focus of 

this study is on the spending behaviour around the payday, and I therefore argue that 

possible post purchase regrets or realisation that a product is not needed, suitable or 

lacks desired quality should not influence the payday effect. Nevertheless, a detailed 

analysis of returning behaviour might be an interesting avenue for future research.  

The discussion of returns illustrates another challenge of the data set. While 

MDB provides a tag for refunds, some of the credit transactions from retailers, online 

shops, etc. are also potentially refunds individuals received but tagged as “Clothes” or 

“Online Shopping”. Hence, while the tagging by the data provider is a great help in 

analysing the data, there is an element of noise as well. Analysis of refunds might 

therefore require manual mapping of similar transaction values within a short time 

frame to identify if an individual returned the whole purchase or part of it. However, 

this is not focus of this chapter which concentrates on the consumption smoothing 

tendencies of individuals around payday. 

Another concern are incorrectly tagged items. For example, the summary 

statistics in Table 4.1 suggest that one user spent 1 million pound in cash in one of the 

observed weeks. While in theory this may be possible, it is unlikely to be a realistic 

depiction of usual consumption behaviour. The same is true for the user who has spent 

£100,000 on fuel in one week. Hence, to give a more realistic picture of usual 

consumption behaviour, I include one panel of summary statistics which trims the 

variables at the lower and upper 1% level. However, all future analyses use the full 

data set. Nevertheless, I provide one additional robustness test (Table 4.4) using the 
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trimmed values to show that the results do not differ significantly when excluding 

these outliers.  

To measure engagement with the platform, the data provider also collects login 

data for each user. Since only daily data is available, the maximum number of logins 

per month is 31. The login-data also includes the time-stamp of the logins. Figure 4.2 

below summarises the daily login time by user in a 24-hour time format as well as the 

total number of logins recorded per day of the month. The data suggests that there is 

one special day in the month on which users cannot wait to log in and check their 

accounts – payday.  
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Table 4.1: Summary Statistics 

 

Panel A of this table summarises key demographic indicators for those users whom I 

could identify as receiving regular pay cheques. Panel B shows the weekly sums of 

spending per category. Panel C as well as the Salary figures in Panel A provide a 

trimmed version. For trimming, I used the lowest 1% and highest 99% of each variable 

as cut-off point.  

 mean median min max sd n 

Panel A: Demographics 

Salary 2,634.83 1,758.08 0.01 42,739 3,647.78 67,370 

Salary (trimmed) 2,660.63 2,121.84 322.17 14,863 1,925.92 65,545 

Age 35.78 33.00 13.00 98 11.92 67,370 

Logins (month) 6.10 3.00 1.00 31 6.56 67,370 

Male 0.67 1 0.00 1 0.25 67,370 

Panel B: Weekly Sums 
Discretionary -179.70 -103.28 -1,000,152 0.00 1,224.85 6,061,953 

Cash -123.07 -50.00 -1,000,076 0.00 1,539.95 3,574,169 

Dining & Drinking -53.18 -30.55 -94,306 0.00 276.01 4,581,629 

Clothing -66.41 -35.98 -221,239 0.00 226.79 2,240,928 

Online shopping -112.03 -33.00 -51,300 -0.01 550.23 529,115 

Fuel -50.42 -43.04 -100,000 -0.01 157.84 2,320,301 

Panel C: Weekly Sums (trimmed) 
Discretionary -142.25 -99.96 -1,098.40 0.00 141.69 4,581,956 

Cash -88.29 -50.00 -800.00 0.00 99.51 2,747,257 

Dining & Drinking -43.14 -28.59 -307.28 0.00 44.55 3,375,754 

Clothing -57.32 -35.00 -456.03 0.00 65.05 1,648,195 

Online shopping -77.19 -31.22 -1,298.00 0.00 137.27 392,388 

Fuel -45.37 -41.53 -175.56 0.00 29.51 1,711,962 
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Figure 4.2: Login timing and number of observations 

 

This figure summarises the mean hour of the day users log in to check their MDB 

account and the number of logins per day of the month. The left y-axis depicts the time 

in a 24-format, i.e., 14 represents 2pm, the right y-axis the total number of login 

observations recorded per day of the month in thousands. The x-axis is the day of the 

month. 
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4.4 Methods 

4.4.1 Payday effect 

Exploiting data from financial aggregators, this chapter follows Gelman et al. 

(2014), Baker (2017) and Olafsson and Pagel (2018). This form of data source allows 

me to address issues such as self-reporting biases from surveys and cover different 

forms of panels over time. However, a limitation of this approach is that access to the 

platform is not randomised. Therefore, one reasonable concern is that a self-selection 

bias occurs, given that individuals decide if and when to join the platform. To address 

this concern, I perform several robustness tests which I lay out in this section. 

Nevertheless, as will be discussed in the conclusion of this chapter, additional tests are 

required to establish a causal relationship between platform usage and consumption 

smoothing.  

Following Gelman et al. (2014) and Olafsson & Pagel (2018), the main panel 

regression tries to determine each users’ spending sensitivity depending on pay cheque 

arrival. For this, the main econometric specification is:  

 

?"(' = ∑ EF(G"(HI/J'KF)
L
FMKL + 9′"' + O"' (Eq. 4.1) 

 

where ?"(' is the spending ratio of user / on day k in category P, HI/J	is a 

dummy equal to 1 if the user receives a pay cheque on day Q, 9′ is a vector of control 

variables which are defined in Table 4.2. Importantly, I include day of the week fixed 

effects which should control for the effect of payment arriving on different days of the 

week.  
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To test the effect of predictable income on consumption, i.e., the payday effect, 

this study follows the convention by Gelman et al. (2014), and observes the behaviour 

the week before and after an individual receives their pay cheque. This means that 

assuming a user receives monthly pay cheques, the regression will include the seven 

days before and after this event. Hence, up to 15 observations (seven days before and 

after plus the actual payday) per user and month are included if the user has expenses 

in the relevant category on every day before and after salary arrival. 

If the 15 beta-coefficients on the Paid variable are significantly different from 

zero, they indicate a percentage deviation from the average spending per day 

throughout the month. In other words, significant coefficients indicate that individuals 

are not smoothing their consumption. For example, a coefficient of 0.2 on the beta-

coefficient for the day the payment arrives (k = 0) would indicate that the individual 

spends 20% more on that day compared to average spending throughout the month.  

Under the consumption smoothing hypothesis, I would assume to find no 

significant EF( coefficients. However, the expectation is that individuals consume less 

before payday (e.g., Mastrobuoni & Weinberg, 2009), and that I will therefore find 

negative coefficients for the days before payday (k < 0) but that individuals will spend 

more on and after payday (e.g., Gelman et al., 2014; Olafsson & Pagel, 2018), i.e., that 

I will find positive coefficients for the days after payday (k ≥ 0). In addition to this, I 

will apply median splits to test for different behaviour between low vs. high income 

(age) as well as differences between female and male users to better understand how 

different demographic might drive the payday effect.  
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Table 4.2: Variables 

 

Formula Variable Definition 

?"(' 
Dependent 

Variable: 

Spending ratio 

Calculated as the ratio of spending in a certain 

category (i.e., “Groceries”, “Dining and Drinking”, 

“Clothes” or “Fuel”) to the monthly average of daily 

spending in the same category for each user. Average 

daily spending is calculated as the sum of all 

outflows in the particular month divided by 30 days.  

G"(HI/J'KF) 
Salary/Wage 

dummy 

variable 

Dummy variable which is equal to one if user 

receives payment at time t-k, where k ranges from -7 

to +7. 

I User identifier Unique identifier for every money dashboard user.  

C 
Category 

identifier 

Identifier for spending categories. Since Money 

Dashboard allows users to either use pre-defined or 

personal tags for their spending, several similar 

categories were summarised into budget groups. 

These groups are “Discretionary”, “Dining and 

Drinking”, “Cash”, “Clothes, “Online Shopping” and 

“Fuel.  

T Date Daily time stamps of transactions and logins. 

SITU" 
Gender 

identifier 

This dummy variable is equal to one if the user is 

male and zero otherwise. 

X’ 

Day of the 

week fixed 

effects 

Fixed effects for each weekday with Sunday being 

omitted. 

Age 
The birth year of users is provided. Age is calculated 

as year – birth year. 

Average 

salary 

Arithmetic mean of all salary transactions per user. 
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4.4.2 Dashboard effect: testing behaviour before vs. after joining  

The section above provides the basis for identifying the payday effect for users 

within different categories of discretionary consumption. The second part of the 

research questions then tries to establish a descriptive relationship between platform 

usage and potential behaviour changes. The unique structure of the Money Dashboard 

data allows me to compare spending before and after a user joined the platform. 

Specifically, once users sign up to the service, MDB collects all banking and credit 

card transactions for up to twelve months prior to joining.  

To test if individuals change their consumption smoothing behaviour, i.e., if I 

find the payday effect, I compare the coefficients’ value per day before and after an 

individual joins the platform. The expectation is that once individuals are provided 

with more details about their past spending behaviour and a current balance across 

their accounts, they start to spend more carefully. To test this, I compare if the 

coefficients on the HI/J variables are significantly smaller after joining MDB. Non-

significant coefficients would indicate that individuals smooth their consumption after 

joining MDB. 

4.4.3 Paying attention and learning: influence of login activity 

Individuals typically have to consider a large number of weekly transactions. 

Regularly logging into the account should help the user to process all available 

information and should support consumption smoothing. To test this third hypothesis, 

I first compare users who log in once per month to users who did not login in a given 

month. Significantly larger EF( coefficients on the HI/J variables would indicate that 

those users who do not log in show less consumption smoothing and therefore a 

stronger payday effect occurs for them. I then also test if users who log in most 
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frequently, here, more than six times per month (mean number of logins per month), 

show smoother consumption patterns.  

In addition to this, the temporal proximity of logins relative to the payday may 

influence consumption smoothing. To test this, I analyse the consumption smoothing 

of individuals who (1) logged in on payday and potentially on other days as well, (2) 

logged in only on the payday, (3) logged in before the payday and (4) logged in after 

the payday. The expectation is that those users who log in on their payday are most 

aware of their financial situation and should smooth their consumption accordingly.  

Lastly, I test whether users are learning from their past behaviour. For this, I 

only select users who on average logged in more than six times per month, for at least 

three months in a row. I then run the main regression model for those users who did 

not log in during the fourth month. The expectation is that an increased level of 

attention over a three-month time period should have helped users to develop a better 

understanding of their consumption patterns and therefore, I expect that they show 

similar patterns even if they did not log in during the fourth month.  

4.4.4 Planner function: the influence of predictive spending analysis  

The literature review suggests that increasing the saliency of potential future 

outcomes (conducting pre-mortems) may help to improve spending behaviour in the 

present. To test this, I compare the magnitudes of the payday effect for all categories 

before and after the launch of the so-called planner function. Unfortunately, the 

introduction of this service is not randomised and therefore all users received access 

to it at the same time which does not allow me to interpret a causal effect. I therefore 

conduct the same t-test and compare the 15 EF( coefficient values on the HI/J 
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variables before and after a product launch, predicting that additional aggregation of 

financial information and easier access should further reduce the payday effect.  

4.5 Empirical Results 

4.5.1 Payday Effect by category 

The first part of the results section will graphically illustrate the payday effect. 

These graphs follow the accepted standard depiction of the payday effect for example 

by other studies such as Gelman et al. (2014) or Olafsson & Pagel (2018). Figure 4.3 

shows the results for the main regression analysis by category. The y-axis depicts the 

value of the coefficient per day (x-axis). The x-axis ranges from seven days before to 

seven days after the payday of individual i. The reported categories are: all 

discretionary spending, dining and drinking, clothes, cash, online shopping and fuel. 

The dotted line represents the 95% confidence interval. Table 4.3 reports the detailed 

values. 

Both illustrations show significant coefficients for all days around payday, 

suggesting that users do not smooth their consumption during this 15-day window. In 

all categories, a significant increase in discretionary spending occurs on day zero 

(payday). While spending was lower than average (negative coefficients) before 

payday, on the day of pay cheque arrival and each of the following seven days, 

individuals spend significantly more than average (positive coefficients). The 

magnitude of changes, i.e., the deviation from zero, indicate the extent of individuals 

not smoothing their expenses. These findings suggest that spending on clothing 

(+73%) in particular, as well as online shopping (+58%) is stronger three days after 
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payday (k = 3). Smaller, but still significant, differences occur for spending on dining 

and drinking, cash and fuel.  

The timing of the changes also seems to differ between categories. While the 

data suggests a small change between days zero to two for dining and drinking, cash 

expenses immediately jump on the day of pay cheque arrival (k = 0). However, one 

possible explanation for this effect is that bar and restaurant expenses often occur on 

the weekend after the pay cheque arrived. These expenses might not be booked 

immediately and therefore occur with a lag in the data. This is different for cash 

withdrawals which will be booked immediately.4

 

 

4 I focus my discussion of the payday on the third day (k = 3) after payday to make sure that I include 

potential lags of outflows for the different categories. However, similar observations can be found for 

k =1, k = 2 and k = 4.  
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Figure 4.3: Payday Effect by Category 
These graphs show coefficient values for equation 4.1 per day around the payday per user per spending category for all users for all 
observations (before and after joining). Negative values indicate lower than average spending, positive values higher than average spending. 
The dotted line is the 95% confidence interval. Day zero is the payday. 
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Figure 4.4: Payday Effect by Category (continued) 
These graphs show coefficient values for equation 4.1 per day around the payday per user per spending category for all users for all 
observations (before and after joining). Negative values indicate lower than average spending, positive values higher than average spending. 
The dotted line is the 95% confidence interval. Day zero is the payday. 
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Table 4.3: Regression Analysis Payday Effect – all observations 

The dependent variable of this regression is the ratio of spending in a certain category 

to the monthly average of daily spending in the same category for each user. Average 

daily spending is calculated as the sum of all outflows divided by 30 days. Standard 

errors are cluster robust and all models include control variables for age, salary and 

gender as well as day of the week fixed effects.  

 

 Discretionary Dining and 
Drinking 

Clothes Cash Online 
Shopping 

Fuel 

       
paid_m7 -0.0637*** -0.0461*** -0.0912*** -0.0277*** -0.0674*** -0.0254*** 

 (0.00282) (0.00392) (0.00594) (0.00485) (0.0119) (0.00602) 
paid_m6 -0.0503*** -0.0432*** -0.0634*** -0.0194*** -0.0554*** -0.0172** 

 (0.00304) (0.00413) (0.00641) (0.00531) (0.0127) (0.00650) 
paid_m5 -0.0470*** -0.0272*** -0.0335*** -0.0451*** -0.0214 -0.00862 

 (0.00329) (0.00447) (0.00697) (0.00566) (0.0138) (0.00717) 
paid_m4 -0.0489*** 0.00424 -0.0956*** -0.00878 -0.0606*** -0.000608 

 (0.00347) (0.00528) (0.00763) (0.00604) (0.0141) (0.00761) 
paid_m3 -0.0923*** -0.0682*** -0.148*** -0.0584*** -0.100*** -0.0608*** 

 (0.00326) (0.00490) (0.00704) (0.00545) (0.0135) (0.00717) 
paid_m2 -0.0402*** -0.000580 -0.0566*** -0.0183*** -0.0838*** -0.0135* 

 (0.00317) (0.00457) (0.00681) (0.00518) (0.0132) (0.00682) 
paid_m1 -0.0460*** -0.00346 -0.0638*** -0.0268*** -0.0732*** -0.0203** 

 (0.00297) (0.00422) (0.00630) (0.00485) (0.0125) (0.00633) 
paid 0.103*** -0.0930*** -0.0700*** 0.345*** -0.128*** -0.120*** 

 (0.00297) (0.00367) (0.00559) (0.00504) (0.0109) (0.00538) 
paid_p1 0.240*** 0.0575*** 0.332*** 0.258*** 0.311*** 0.113*** 

 (0.00350) (0.00433) (0.00736) (0.00567) (0.0142) (0.00667) 
paid_p2 0.215*** 0.0885*** 0.245*** 0.136*** 0.217*** 0.0934*** 

 (0.00375) (0.00475) (0.00774) (0.00597) (0.0149) (0.00733) 
paid_p3 0.533*** 0.435*** 0.725*** 0.448*** 0.580*** 0.418*** 

 (0.00434) (0.00609) (0.00932) (0.00680) (0.0167) (0.00849) 
paid_p4 0.340*** 0.282*** 0.467*** 0.245*** 0.352*** 0.263*** 

 (0.00387) (0.00550) (0.00840) (0.00599) (0.0155) (0.00786) 
paid_p5 0.309*** 0.247*** 0.382*** 0.214*** 0.252*** 0.189*** 

 (0.00371) (0.00509) (0.00784) (0.00564) (0.0146) (0.00731) 
paid_p6 0.199*** 0.160*** 0.269*** 0.117*** 0.199*** 0.0949*** 

 (0.00332) (0.00457) (0.00711) (0.00515) (0.0137) (0.00662) 
paid_p7 0.141*** 0.0928*** 0.190*** 0.0913*** 0.147*** 0.0548*** 

 (0.00310) (0.00424) (0.00657) (0.00501) (0.0129) (0.00620) 
       

N 22,518,343 20,752,316 16,442,646 20,095,096 6,070,048 14,819,439 
adj. R2 0.027 0.028 0.012 0.014 0.005 0.011 
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Table 4.4: Regression Analysis Payday Effect – trimmed observations 

The dependent variable of this regression is the ratio of spending in a certain category 

to the monthly average of daily spending in the same category for each user. Average 

daily spending is calculated as the sum of all outflows divided by 30 days. Standard 

errors are cluster robust and all models include control variables for age, salary and 

gender as well as day of the week fixed effects. For a robustness test, this table uses 

only the trimmed (at the 1% and 99% level) observations of the main variables, the 

remainder of the tables use all observations 

 
 Discretionary Dining and 

Drinking 
Clothes Cash Online 

Shopping 
Fuel 

       
paid_m7 -0.0633*** -0.0463*** -0.0892*** -0.0274*** -0.0680*** -0.0231*** 

 (0.00276) (0.00395) (0.00604) (0.00489) (0.0122) (0.00612) 
paid_m6 -0.0481*** -0.0418*** -0.0651*** -0.0171** -0.0579*** -0.0163* 

 (0.00299) (0.00416) (0.00651) (0.00539) (0.0130) (0.00662) 
paid_m5 -0.0432*** -0.0264*** -0.0334*** -0.0401*** -0.0155 -0.00536 

 (0.00323) (0.00450) (0.00711) (0.00576) (0.0142) (0.00732) 
paid_m4 -0.0457*** 0.00525 -0.0970*** -0.00770 -0.0718*** 0.000273 

 (0.00345) (0.00536) (0.00778) (0.00614) (0.0144) (0.00776) 
paid_m3 -0.0893*** -0.0671*** -0.151*** -0.0559*** -0.0995*** -0.0627*** 

 (0.00322) (0.00497) (0.00717) (0.00552) (0.0139) (0.00731) 
paid_m2 -0.0397*** 0.000337 -0.0589*** -0.0167** -0.0843*** -0.0139* 

 (0.00313) (0.00463) (0.00694) (0.00524) (0.0135) (0.00695) 
paid_m1 -0.0437*** -0.00378 -0.0675*** -0.0262*** -0.0762*** -0.0197** 

 (0.00294) (0.00426) (0.00641) (0.00490) (0.0128) (0.00645) 
paid 0.0967*** -0.0979*** -0.0811*** 0.344*** -0.139*** -0.134*** 

 (0.00293) (0.00370) (0.00566) (0.00510) (0.0111) (0.00543) 
paid_p1 0.232*** 0.0537*** 0.335*** 0.256*** 0.321*** 0.109*** 

 (0.00344) (0.00436) (0.00752) (0.00575) (0.0146) (0.00678) 
paid_p2 0.214*** 0.0880*** 0.245*** 0.138*** 0.226*** 0.0954*** 

 (0.00371) (0.00481) (0.00791) (0.00608) (0.0154) (0.00748) 
paid_p3 0.532*** 0.437*** 0.734*** 0.450*** 0.585*** 0.418*** 

 (0.00434) (0.00619) (0.00956) (0.00693) (0.0172) (0.00867) 
paid_p4 0.339*** 0.284*** 0.471*** 0.245*** 0.360*** 0.264*** 

 (0.00385) (0.00560) (0.00861) (0.00609) (0.0160) (0.00803) 
paid_p5 0.308*** 0.250*** 0.388*** 0.211*** 0.259*** 0.189*** 

 (0.00369) (0.00517) (0.00802) (0.00571) (0.0151) (0.00747) 
paid_p6 0.196*** 0.161*** 0.274*** 0.113*** 0.205*** 0.0966*** 

 (0.00327) (0.00463) (0.00727) (0.00520) (0.0141) (0.00676) 
paid_p7 0.137*** 0.0920*** 0.190*** 0.0862*** 0.150*** 0.0527*** 

 (0.00305) (0.00428) (0.00670) (0.00506) (0.0132) (0.00631) 
       

N 21,617,393 19,942,543 15,732,939 19,272,664 5,736,335 14,209,475 
adj. R2 0.029 0.029 0.012 0.014 0.005 0.011 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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4.5.2 Payday Effect in discretionary spending by demographic and season 

The previous results confirm earlier findings by Gelman et al. (2014) and 

Olafsson & Pagel (2018) within a UK context and therefore suggests that the payday 

effect is also present in a major European economy. Given this prior evidence, it is not 

surprising to find that individuals are prone to spend more in all discretionary expense 

categories on or just after payday.   

To test the robustness of this prior section, Figure 4.5 and Table 4.5 summarise 

the results by gender, salary and age applying a median split for age (31 years) and 

salary (£1,758). The results suggest that individuals with lower income, younger 

individuals as well as female users show higher tendency to spend more around 

payday.5  

The fact that lower income groups seem to be more prone to spend more on 

discretionary items around payday suggests that individuals with less discretionary 

income tend to spend more on payday than those with higher discretionary income, 

confirming theories of hand-to-mouth consumption (e.g., Campbell and Mankiw, 

1989). In addition to this, the results provide some evidence that older individuals seem 

to be better in smoothing their consumption than younger users. One reason for this 

might be that individuals have learned to better anticipate and predict both their income 

but also their expenses over time and are therefore less likely to show non-smooth 

consumption patterns.  

 

 

5 Graphically this is illustrated by the non-overlapping confidence intervals of the individual 

graphs, i.e., if the dotted lines do not overlap, the coefficients between the two groups for the particular 

day are significantly different from each other.   
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While consumers may struggle to smooth their consumption throughout the 

month, it is also of interest to analyse how the payday effect evolves on a month to 

month basis. For this, Table 4.6 reports the values for the payday effect per month-of-

the-year. Of special interest are the months November (i.e., holiday shopping; users 

usually receive their pay cheque at the end of the month, therefore salary coming in at 

the end of December would be too late for Christmas shopping), January (limited 

resources because of insurance premiums or additional spending during the Christmas 

time) as well as the summer months during which I expect to see an increase in 

vacation related spending. The results suggest that this is the case with November 

showing one of the highest coefficient values for all months (+71%), suggesting that 

individuals spend significantly more than usual, even when comparing to other 

months. Similar results can be found for January with spending 71% higher than on 

average. However, these results also show that the payday effect cannot entirely be 

explained by seasonal effects. The table shows that individuals spend significantly less 

prior to the payday (negative coefficients if k < 0) and significantly more after payday 

(positive coefficients if ≥ 0) during every month of the year.  
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Figure 4.5: Payday Effect by net income 

This graph shows coefficient values for equation 4.1 per day around the payday for all 

users for discretionary spending. The graphs use median splits to separate the groups 

by salary (1,758). The dotted line shows the 95% confidence interval. 
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Figure 4.6: Payday Effect by age 
This graph shows coefficient values for equation 4.1 per day around the payday for all 

users for discretionary spending. The graphs use median splits to separate the groups 

by age (31). The dotted line shows the 95% confidence interval. 
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Figure 4.7: Payday Effect by Gender  
This graph shows coefficient values for equation 4.1 per day around the payday for all 

users for discretionary spending. The graph separates the groups by gender. The dotted 

line shows the 95% confidence interval. 
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Table 4.5: Regression Analysis Payday Effect – Demographic Variables 

As before, the dependent variable of this regression is the ratio of spending in a certain 

category to the monthly average of daily spending in the same category for each user. 

I use a median split for age and salary to separate two main groups. Standard errors 

are cluster robust and all models include control variables for age, salary and gender 

as well as day of the week fixed effects. The median splits make sure that I have the 

same number of users in both groups. However, the number of observations (i.e., 

spending transactions around payday) do not necessarily need to be the same for both 

groups. 

 

 Male Female Lower Age Upper Age Lower Salary Upper Salary 

paid_m7 -0.0501*** -0.0944*** -0.0917*** -0.0394*** -0.108*** -0.0418*** 
 (0.00335) (0.00522) (0.00423) (0.00377) (0.00545) (0.00329) 
paid_m6 -0.0407*** -0.0753*** -0.0652*** -0.0391*** -0.0745*** -0.0406*** 
 (0.00358) (0.00574) (0.00472) (0.00397) (0.00622) (0.00348) 
paid_m5 -0.0447*** -0.0546*** -0.0576*** -0.0403*** -0.0629*** -0.0424*** 
 (0.00381) (0.00648) (0.00516) (0.00425) (0.00705) (0.00370) 
paid_m4 -0.0314*** -0.0971*** -0.0975*** -0.0211*** -0.141*** -0.0145*** 
 (0.00405) (0.00671) (0.00553) (0.00445) (0.00705) (0.00396) 
paid_m3 -0.0732*** -0.142*** -0.128*** -0.0651*** -0.159*** -0.0638*** 
 (0.00383) (0.00618) (0.00511) (0.00423) (0.00645) (0.00376) 
paid_m2 -0.0309*** -0.0640*** -0.0593*** -0.0222*** -0.0749*** -0.0226*** 
 (0.00373) (0.00606) (0.00492) (0.00415) (0.00636) (0.00364) 
paid_m1 -0.0376*** -0.0653*** -0.0675*** -0.0267*** -0.0825*** -0.0274*** 
 (0.00350) (0.00564) (0.00455) (0.00393) (0.00583) (0.00345) 
paid 0.0832*** 0.156*** 0.133*** 0.0828*** 0.228*** 0.0471*** 
 (0.00348) (0.00572) (0.00465) (0.00386) (0.00598) (0.00335) 
paid_p1 0.191*** 0.370*** 0.334*** 0.178*** 0.452*** 0.159*** 
 (0.00401) (0.00705) (0.00573) (0.00439) (0.00755) (0.00386) 
paid_p2 0.173*** 0.333*** 0.314*** 0.151*** 0.413*** 0.144*** 
 (0.00428) (0.00771) (0.00624) (0.00467) (0.00830) (0.00413) 
paid_p3 0.445*** 0.761*** 0.777*** 0.348*** 0.964*** 0.344*** 
 (0.00495) (0.00886) (0.00730) (0.00527) (0.00934) (0.00471) 
paid_p4 0.283*** 0.489*** 0.469*** 0.248*** 0.554*** 0.249*** 
 (0.00445) (0.00774) (0.00633) (0.00484) (0.00796) (0.00434) 
paid_p5 0.263*** 0.425*** 0.416*** 0.235*** 0.494*** 0.232*** 
 (0.00429) (0.00735) (0.00596) (0.00472) (0.00760) (0.00418) 
paid_p6 0.173*** 0.265*** 0.270*** 0.150*** 0.313*** 0.151*** 
 (0.00388) (0.00637) (0.00520) (0.00430) (0.00660) (0.00379) 
paid_p7 0.131*** 0.168*** 0.189*** 0.108*** 0.200*** 0.116*** 
 (0.00366) (0.00583) (0.00482) (0.00405) (0.00604) (0.00358) 
       

N 16,237,351 6,280,992 9,298,282 13,220,061 6,522,586 15,995,757 
adj. R2 0.024 0.034 0.039 0.019 0.036 0.023 
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Table 4.6: Seasonal Effects in Payday Spending 
The dependent variable of this regression is the ratio of spending in a certain category to the monthly average of daily spending in the same category for each 
user. Each column represents data from every month of the year. Standard errors are cluster robust and all models include control variables for age, salary and 
gender as well as day of the week fixed effects. * p < 0.05, ** p < 0.01, *** p < 0.001 

 January February March April May June July August September October November December 
paid_m7 -0.104*** -0.0788*** -0.0555*** -0.0296** -0.139*** -0.0579*** -0.0631*** -0.0819*** -0.0675*** -0.0586*** -0.0399*** -0.0259** 
 (0.0106) (0.0111) (0.00999) (0.0111) (0.00927) (0.00970) (0.00931) (0.00946) (0.00968) (0.00915) (0.00910) (0.00937) 
paid_m6 -0.0812*** -0.0492*** -0.0182 -0.0998*** -0.0691*** -0.0228* -0.0543*** -0.0473*** -0.0447*** -0.0327*** 0.0208* -0.0363*** 
 (0.0116) (0.0117) (0.0108) (0.0112) (0.0105) (0.0106) (0.00986) (0.0106) (0.0105) (0.00974) (0.00981) (0.00998) 
paid_m5 -0.0802*** -0.0820*** -0.0482*** -0.0598*** -0.0455*** -0.0673*** -0.0672*** -0.0359** -0.0514*** -0.0376*** 0.0293** -0.0377*** 
 (0.0125) (0.0123) (0.0117) (0.0119) (0.0117) (0.0113) (0.0105) (0.0115) (0.0114) (0.0104) (0.0108) (0.0111) 
paid_m4 -0.0411** -0.101*** -0.0583*** -0.0662*** 0.0810*** -0.0640*** -0.0963*** -0.0821*** -0.0647*** -0.0200 -0.0290* -0.0140 
 (0.0131) (0.0130) (0.0129) (0.0125) (0.0122) (0.0119) (0.0109) (0.0121) (0.0121) (0.0111) (0.0114) (0.0117) 
paid_m3 -0.152*** -0.109*** -0.102*** -0.226*** -0.261*** -0.0800*** -0.0575*** -0.0566*** -0.0747*** -0.0402*** 0.0330** -0.0610*** 
 (0.0122) (0.0125) (0.0123) (0.0115) (0.0120) (0.0108) (0.0106) (0.0117) (0.0108) (0.0104) (0.0108) (0.0106) 
paid_m2 -0.0826*** -0.0953*** -0.0113 -0.155*** -0.0347** -0.0674*** -0.0832*** 0.0516*** -0.0726*** -0.0631*** 0.0369*** -0.00470 
 (0.0121) (0.0129) (0.0116) (0.0112) (0.0111) (0.0105) (0.0103) (0.0109) (0.0104) (0.0102) (0.0106) (0.0106) 
paid_m1 -0.111*** -0.0833*** -0.0522*** -0.134*** -0.0172 -0.0535*** -0.0886*** 0.0205* -0.0616*** -0.0306** 0.0353*** -0.0410*** 
 (0.0113) (0.0118) (0.0105) (0.0105) (0.0104) (0.00999) (0.00985) (0.0103) (0.0100) (0.00966) (0.00981) (0.00985) 
paid 0.0790*** 0.0658*** 0.137*** 0.0370*** 0.170*** 0.0780*** 0.0565*** 0.166*** 0.0783*** 0.0814*** 0.193*** 0.0670*** 
 (0.0112) (0.0115) (0.0107) (0.0106) (0.0104) (0.0101) (0.00975) (0.0102) (0.0102) (0.00952) (0.00987) (0.00995) 
paid_p1 0.240*** 0.275*** 0.234*** 0.162*** 0.163*** 0.290*** 0.233*** 0.242*** 0.260*** 0.270*** 0.333*** 0.204*** 
 (0.0147) (0.0145) (0.0117) (0.0126) (0.0125) (0.0116) (0.0117) (0.0119) (0.0116) (0.0118) (0.0113) (0.0109) 
paid_p2 0.294*** 0.221*** 0.202*** 0.201*** 0.172*** 0.221*** 0.190*** 0.240*** 0.173*** 0.246*** 0.314*** 0.114*** 
 (0.0168) (0.0160) (0.0118) (0.0138) (0.0131) (0.0125) (0.0123) (0.0128) (0.0124) (0.0130) (0.0118) (0.0118) 
paid_p3 0.712*** 0.653*** 0.469*** 0.588*** 0.196*** 0.562*** 0.528*** 0.313*** 0.584*** 0.629*** 0.705*** 0.395*** 
 (0.0189) (0.0183) (0.0138) (0.0163) (0.0144) (0.0152) (0.0132) (0.0144) (0.0158) (0.0136) (0.0147) (0.0134) 
paid_p4 0.357*** 0.227*** 0.159*** 0.0180 0.721*** 0.293*** 0.254*** 0.657*** 0.467*** 0.259*** 0.291*** 0.170*** 
 (0.0160) (0.0155) (0.0126) (0.0146) (0.0145) (0.0137) (0.0115) (0.0141) (0.0137) (0.0111) (0.0124) (0.0113) 
paid_p5 0.255*** 0.262*** 0.404*** 0.570*** 0.376*** 0.227*** 0.191*** 0.238*** 0.231*** 0.225*** 0.296*** 0.358*** 
 (0.0154) (0.0157) (0.0136) (0.0161) (0.0121) (0.0128) (0.0113) (0.0115) (0.0125) (0.0109) (0.0123) (0.0121) 
paid_p6 0.204*** 0.170*** 0.160*** 0.282*** 0.260*** 0.174*** 0.144*** 0.214*** 0.217*** 0.146*** 0.213*** 0.227*** 
 (0.0153) (0.0141) (0.0110) (0.0139) (0.0110) (0.0116) (0.0103) (0.0110) (0.0121) (0.00970) (0.0109) (0.0102) 
paid_p7 0.108*** 0.0890*** 0.144*** 0.299*** 0.166*** 0.106*** 0.109*** 0.142*** 0.159*** 0.104*** 0.133*** 0.133*** 
 (0.0151) (0.0124) (0.0105) (0.0133) (0.0106) (0.0104) (0.00994) (0.0103) (0.0108) (0.00967) (0.00996) (0.00908) 
N 1,645,374 1,580,703 1,762,746 1,745,774 1,869,238 1,948,649 2,023,197 1,985,578 1,965,519 2,068,942 2,070,515 1,858,046 
adj. R2 0.025 0.034 0.031 0.025 0.023 0.031 0.033 0.021 0.032 0.034 0.036 0.026 
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4.5.3 Payday Effect before and after joining MDB 

The first hypothesis I developed suggests that the magnitude of the payday 

effect is lower after an individual joins MDB than before. Similar to the analysis in 

Section 4.5.2, I estimate the main model per category, grouping them by observations 

before and after individuals joined MDB. Figure 4.8 and Figure 4.9 summarise the 

results for each category. The jump in the coefficient values around payday suggests 

that the payday effect exists before and after joining MDB. This would indicate that 

joining MDB does not eliminate the payday effect for any of the observed categories.  

However, the deviations from zero appear smaller after individuals joined the 

platform. To test if the differences are significant, the dotted line shows the 95% 

confidence interval for both groups. Non-overlapping dotted lines would suggest that 

the effect is smaller in individuals after joining the platform. Table 4.7 and Table 4.8 

lists all coefficients and provides p-values for a t-test comparing the coefficient values 

before and after joining MDB. I find that, users spent 65% (k = 3) more on payday on 

discretionary items before joining MDB and only around 50% more after joining 

MDB.  

The results indicate that individuals do not reduce their tendency to spend more 

around payday in all categories in the same way. On average they reduce their 

spending by 14.7 percentage points for all discretionary items (k = 3). Especially the 

reduction of dining and drinking related items (15.4 percentage points) seems to dive 

this result. The lowest change in spending occurs in the online shopping category. Here 

I only find a reduction of additional spending of 8.5 percentage points. Hence, it 

appears that there is a statistically significant reduction in spending behaviour, when 

comparing all observations before and after an individual started using MDB. 
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While the test above looks at the long-term effects of joining MDB, the 

robustness tests illustrated in Figure 4.10 and Table 4.9 below show the change in the 

payday effect for discretionary spending just before and after individuals join MDB. 

The two lines compare the values estimated using observations from the three months 

leading up to joining MDB and observations from the first months after using MDB. 

The coefficients are marginally lower at the 5% level which indicates a reduction of 

the payday effect after individuals join MDB, providing further robustness to the 

results presented above. I also find that the magnitude of the payday effect appears to 

drop over time. While users were on average spending 72% before joining, they spend 

60% after one month, 65% after two months and only 56% more after three months. 

This suggest that at least some of the users significantly change their spending 

behaviour over time after joining MDB. The tests in the following sections will further 

analyse moderating effects on the change of behaviour.  
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Figure 4.8: Payday Effect – pre and post joining  
These graphs show coefficient values for equation 4.1 per day around the payday per user per spending category. The solid line uses all 
observations before individuals sign up for the service. The dashed line uses observations from users after they joined Money Dashboard. 
The dotted line shows the 95% confidence interval. If the two confidence intervals do not overlap, the coefficients are statistically significant 
from each other. 
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Figure 4.9: Payday Effect – pre and post joining (continued) 
These graphs show coefficient values for equation 4.1 per day around the payday per user per spending category. The solid line uses all 
observations before individuals sign up for the service. The dashed line uses observations from users after they joined Money Dashboard. 
The dotted line shows the 95% confidence interval. If the two confidence intervals do not overlap, the coefficients are statistically significant 
from each other. 
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Figure 4.10: Payday Effect – before and one month after joining   
These graphs show coefficient values for equation 4.1 per day around the payday per 
user per spending category. The solid line uses all observations in the three months 
before individuals sign up for the service. The dashed line uses observations from users 
one month after they joined Money Dashboard. The dotted line shows the 95% 
confidence interval. If the two confidence intervals do not overlap, the coefficients are 
statistically significant from each other. 
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Table 4.7: Pre and post joining coefficients 
The dependent variable of this regression is the ratio of spending in a certain category 
(here discretionary expense) to the monthly average of daily spending in the same 
category for each user. The first column per panel (category) illustrate the coefficients 
value before a user joined MDB. The second column the same value after joining. The 
third column shows the p-value for testing if the two coefficients are statistically 
significant different from each other. Standard errors are cluster robust and all models 
include control variables for age, salary and gender as well as day of the week fixed 
effects.  
 

 Discretionary Dining and Drinking Clothes 
 Before After p Before After p Before After p 

paid_m7 -0.0576*** -0.0655*** 0.220 -0.0453*** -0.0461*** 0.813 -0.0953*** -0.0898*** 0.764 
 (-9.61) (-20.49)  (-5.51) (-10.32)  (-7.64) (-13.30)  
paid_m6 -0.0418*** -0.0526*** 0.290 -0.0368*** -0.0451*** 0.586 -0.0767*** -0.0594*** 0.215 
 (-6.42) (-15.32)  (-4.24) (-9.61)  (-5.75) (-8.14)  
paid_m5 -0.0430*** -0.0481*** 0.840 -0.0301** -0.0264*** 0.751 -0.0452** -0.0303*** 0.577 
 (-6.02) (-13.01)  (-3.22) (-5.19)  (-3.08) (-3.82)  
paid_m4 -0.0570*** -0.0464*** 0.106 -0.000623 0.00633 0.299 -0.116*** -0.0891*** 0.079 
 (-7.57) (-11.87)  (-0.06) (1.06)  (-7.13) (-10.33)  
paid_m3 -0.0988*** -0.0903*** 0.015 -0.0753*** -0.0656*** 0.016 -0.148*** -0.148*** 0.975 
 (-13.98) (-24.60)  (-7.13) (-11.88)  (-9.70) (-18.62)  
paid_m2 -0.0310*** -0.0428*** 0.150 0.0286** -0.00911 0.001 -0.0631*** -0.0547*** 0.547 
 (-4.48) (-11.99)  (2.87) (-1.77)  (-4.32) (-7.11)  
paid_m1 -0.0304*** -0.0506*** 0.020 0.0247** -0.0119* 0.030 -0.0471*** -0.0686*** 0.187 
 (-4.72) (-15.09)  (2.70) (-2.50)  (-3.46) (-9.66)  
paid 0.132*** 0.0944*** 0.000 -0.0711*** -0.0996*** 0.001 -0.0586*** -0.0733*** 0.430 
 (20.71) (28.12)  (-9.06) (-24.03)  (-4.93) (-11.57)  
paid_p1 0.287*** 0.226*** 0.000 0.0770*** 0.0517*** 0.041 0.395*** 0.313*** 0.000 
 (37.80) (57.58)  (8.46) (10.51)  (24.97) (37.68)  
paid_p2 0.249*** 0.205*** 0.000 0.131*** 0.0760*** 0.000 0.307*** 0.227*** 0.000 
 (30.55) (48.59)  (12.84) (14.17)  (18.24) (26.04)  
paid_p3 0.646*** 0.499*** 0.000 0.554*** 0.400*** 0.000 0.834*** 0.694*** 0.000 
 (66.53) (103.11)  (41.37) (58.72)  (41.13) (66.21)  
paid_p4 0.446*** 0.309*** 0.000 0.388*** 0.250*** 0.000 0.612*** 0.424*** 0.000 
 (51.32) (71.73)  (31.93) (40.65)  (32.98) (45.07)  
paid_p5 0.383*** 0.287*** 0.000 0.329*** 0.222*** 0.000 0.500*** 0.346*** 0.000 
 (46.79) (68.93)  (29.61) (38.96)  (29.01) (39.44)  
paid_p6 0.255*** 0.181*** 0.000 0.221*** 0.141*** 0.000 0.341*** 0.247*** 0.000 
 (35.37) (48.60)  (22.29) (27.51)  (22.27) (30.80)  
paid_p7 0.178*** 0.129*** 0.000 0.115*** 0.0861*** 0.005 0.248*** 0.172*** 0.000 
 (26.65) (37.00)  (12.92) (17.87)  (17.62) (23.21)  
N 5,150,191 17,368,152  4,739,840 16,012,476    3,734,854      12,707,792 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 4.8: Pre and post joining coefficients (continued) 

The dependent variable of this regression is the ratio of spending in a certain category 
(here discretionary expense) to the monthly average of daily spending in the same 
category for each user. The first column per panel (category) illustrate the coefficients 
value before a user joined MDB. The second column the same value after joining. The 
third column shows the p-value for testing if the two coefficients are statistically 
significant different from each other. Standard errors are cluster robust and all models 
include control variables for age, salary and gender as well as day of the week fixed 
effects. 

 

 Cash Online Shopping Fuel 
 Before After p Before After p Before After p 

paid_m7 -0.0188 -0.0303*** 0.2914 -0.124*** -0.0542*** 0.0134 -0.029* -0.024*** 0.5003 
 (-1.85) (-5.50)  (-4.55) (-4.08)  (-2.31) (-3.53)  
paid_m6 -0.0123 -0.0214*** 0.5099 -0.0852** -0.0484*** 0.3461 0.0041 -0.023** 0.1898 
 (-1.08) (-3.56)  (-2.91) (-3.44)  (0.30) (-3.15)  
paid_m5 -0.0374** -0.0470*** 0.8907 -0.0578 -0.0132 0.5408 -0.028 -0.003 0.2629 
 (-3.02) (-7.39)  (-1.81) (-0.86)  (-1.86) (-0.40)  
paid_m4 0.00277 -0.0125 0.1503 -0.146*** -0.0412** 0.0032 -0.0097 0.002 0.6533 
 (0.21) (-1.84)  (-4.47) (-2.64)  (-0.59) (0.28)  
paid_m3 -0.0711*** -0.0548*** 0.0609 -0.101** -0.1000*** 0.7387 -0.073*** -0.057*** 0.2107 
 (-6.09) (-8.90)  (-3.11) (-6.72)  (-4.69) (-7.07)  
paid_m2 -0.0107 -0.0204*** 0.6680 -0.124*** -0.0747*** 0.1859 0.023 -0.023** 0.0058 
 (-0.96) (-3.49)  (-4.01) (-5.14)  (1.58) (-3.12)  
paid_m1 -0.00438 -0.0333*** 0.0070 -0.0396 -0.0809*** 0.2873 -0.004 -0.024*** 0.2095 
 (-0.42) (-6.09)  (-1.33) (-5.88)  (-0.30) (-3.48)  
paid 0.379*** 0.334*** 0.0000 -0.180*** -0.117*** 0.0261 -0.082*** -0.13*** 0.0016 
 (35.52) (58.52)  (-7.23) (-9.64)  (-7.01) (-21.59)  
paid_p1 0.320*** 0.239*** 0.0000 0.314*** 0.310*** 0.8687 0.165*** 0.097*** 0.0001 
 (25.80) (37.51)  (9.48) (19.79)  (11.35) (13.04)  
paid_p2 0.171*** 0.126*** 0.0012 0.230*** 0.214*** 0.6207 0.157*** 0.075*** 0.0000 
 (13.00) (18.85)  (6.51) (13.07)  (9.65) (9.24)  
paid_p3 0.518*** 0.427*** 0.0000 0.649*** 0.564*** 0.0147 0.527*** 0.380*** 0.0000 
 (35.09) (55.74)  (16.22) (30.66)  (27.76) (40.92)  
paid_p4 0.313*** 0.225*** 0.0000 0.341*** 0.355*** 0.9061 0.364*** 0.230*** 0.0000 
 (24.05) (33.39)  (9.41) (20.73)  (20.79) (26.70)  
paid_p5 0.252*** 0.203*** 0.0000 0.300*** 0.241*** 0.0987 0.248*** 0.170*** 0.0000 
 (20.80) (31.94)  (8.60) (14.95)  (15.44) (20.87)  
paid_p6 0.169*** 0.102*** 0.0000 0.267*** 0.183*** 0.0140 0.149*** 0.078*** 0.0000 
 (15.22) (17.50)  (8.20) (12.07)  (10.23) (10.61)  
paid_p7 0.108*** 0.0861*** 0.2989 0.227*** 0.128*** 0.0007 0.066*** 0.051*** 0.4408 
 (10.25) (15.11)  (7.41) (9.07)  (4.99) (7.33)  
N 4,605,358 15,489,738  1,135,006 4,935,042  3,265,888 11,553,551 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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Table 4.9: Pre and post joining coefficients (discretionary spending) 
The dependent variable of this regression is the ratio of spending in a certain category 
to the monthly average of daily spending in the same category for each user. The first 
model uses all observations for up to three months before an individual joins the 
platform, columns two to four show the behaviour, one, two and three months after 
joining. Standard errors are cluster robust and all models include control variables for 
age, salary and gender as well as day of the week fixed effects.  

 

 
 avg. 3 months  

before 
1 month  

after 
2 months  

after 
3 months  

after 
paid_m7 -0.0498*** -0.0769*** -0.0817*** -0.0727*** 
 (0.00821) (0.0141) (0.0152) (0.0152) 
paid_m6 -0.0310*** -0.0563*** -0.0542*** -0.0582*** 
 (0.00901) (0.0148) (0.0162) (0.0163) 
paid_m5 -0.0394*** -0.0485** -0.0826*** -0.0415* 
 (0.00960) (0.0166) (0.0169) (0.0184) 
paid_m4 -0.0559*** -0.0969*** -0.0978*** -0.0700*** 
 (0.0103) (0.0171) (0.0182) (0.0186) 
paid_m3 -0.0651*** -0.0790*** -0.116*** -0.0905*** 
 (0.00958) (0.0164) (0.0166) (0.0184) 
paid_m2 -0.0454*** -0.0721*** -0.0600*** -0.0429* 
 (0.00917) (0.0158) (0.0167) (0.0176) 
paid_m1 -0.0356*** -0.0517*** -0.0684*** -0.0554*** 
 (0.00879) (0.0149) (0.0157) (0.0161) 
paid 0.190*** 0.154*** 0.125*** 0.118*** 
 (0.00910) (0.0153) (0.0161) (0.0163) 
paid_p1 0.315*** 0.275*** 0.285*** 0.270*** 
 (0.0106) (0.0178) (0.0191) (0.0194) 
paid_p2 0.283*** 0.237*** 0.246*** 0.237*** 
 (0.0115) (0.0196) (0.0204) (0.0209) 
paid_p3 0.723*** 0.596*** 0.648*** 0.560*** 
 (0.0138) (0.0220) (0.0240) (0.0238) 
paid_p4 0.468*** 0.332*** 0.379*** 0.327*** 
 (0.0121) (0.0191) (0.0211) (0.0212) 
paid_p5 0.385*** 0.296*** 0.313*** 0.327*** 
 (0.0112) (0.0183) (0.0197) (0.0205) 
paid_p6 0.259*** 0.229*** 0.201*** 0.219*** 
 (0.0100) (0.0171) (0.0177) (0.0182) 
paid_p7 0.194*** 0.130*** 0.156*** 0.168*** 
 (0.00927) (0.0155) (0.0168) (0.0172) 
     
N 2,492,355 842,832 750,791 720,943 
adj. R2 0.033 0.032 0.031 0.029 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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4.5.4 Login frequency and Payday Effect 

The literature introduced in the theoretical framework suggests that increased 

attention should help individuals to better process information and to reduce biases. 

Therefore, this section tests if login frequency is positively correlated to consumption 

smoothing. A smaller deviation from zero, or even no significant differences from 

zero, in the main regression analysis would suggest that individuals show stronger 

consumption smoothing.  

To test this, I compare the coefficients on the day-dummies for three different 

groups: (1) users who signed up for MDB in the past but did not log in during the 

specific month, (2) users who logged in once, and (3) users who logged in at least six 

times (median logins per month) in the respective month. Figure 4.11 illustrates the 

key results for this test (see Table 4.10). The analysis shows that the payday effect 

remains strong after individuals signed up for MDB if they do not log into the platform. 

However, if they log in once, the payday effect is reduced significantly for all 

categories. Interestingly, logging in at least six times only marginally further reduces 

the effect.  

To further assess the robustness of this test, I also test the payday effect for 

users logging in at different times relative to the payday. I analyse those users who (1) 

at least logged in on the payday, (2) logged in only on the payday, (3) logged in before 

the payday and (4) logged in after the payday. The expectation is that the temporary 

proximity to the payday, i.e., logging in at the same day as the income arrives, helps 

users to plan ahead. This might especially be true in the context of MDB. When 

logging in to a normal online banking account, an individual usually sees the balance 

and latest transactions. However, as Figure 4.1 shows, once users log in, they see a 
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visual depiction and categorisation of all their past expenditures. One reason for a 

strong effect of just one login could be that the increased salience of past spending and 

present balances has a stronger effect than simply checking if the latest pay cheque has 

already arrived. If individuals would use their normal online bank account, or even 

paper bank statements, they would usually not see categorised spending information 

but rather a list of in and outflows.  

To test if behaviour changes over time, Table 4.12 shows that while the payday 

effect diminishes if the individuals log in on that day (non-significant coefficient), the 

effect does not seem to be lasting. One day later (k = 1) they already show higher 

spending than usual, though lower when compared to individuals who do not log in at 

all. However, as the earlier results suggest, if users keep logging in after payday, they 

seem to be significantly improving their consumption smoothing after payday.  
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Figure 4.11: Payday Effect – pre and post joining  

These graphs show coefficients’ values for equation 4.1 per day around the payday per user per spending category. The solid line uses all 

observations after individuals sign up for the service but do not log into the platform in the respective month. The dashed line uses 

observations from users after they joined Money Dashboard and if they logged in once. The solid line with squares shows the values for those 

users who log in at least six times. 
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Figure 4.12: Payday Effect – pre and post joining (continued) 

These graphs show coefficients’ values for equation 4.1 per day around the payday per user per spending category. The solid line uses all 

observations after individuals sign up for the service but do not log into the platform in the respective month. The dashed line uses 

observations from users after they joined Money Dashboard and if they logged in once. The solid line with squares shows the values for those 

users who log in at least six times. 
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Table 4.10: Login Frequency and Payday effect 
The dependent variable of this regression is the ratio of spending in a certain category to the monthly average of daily spending in the same category for each 

user. The first column per panel (category) illustrates the coefficients value after a user joined MDB but did not log in during the month. The second column 

shows the same value if the user logged in at least once. Column three shows the p-value for the significance of the difference between model one and two. The 

fourth column (model three) shows the coefficient values for users who logged in at least six times. t statistics in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01  
  Discretionary  Dining and Drinking Clothes 
 (1) 

No logins 
(2) 

One login 
p  

(1 - 2) 
(3) 

> 5 logins 
p 

(2 – 3) 
(1) 

No logins 
(2) 

One login 
p  

(1 - 2) 
(3) 

> 5 logins 
p 

(2 – 3) 
(1) 

No logins 
(2) 

One login 
p  

(1 - 2) 
(3) 

> 5 logins 
p 

(2 – 3) 

paid_m7 -0.0773*** -0.0344** 0.011 -0.0217* 0.317 -0.0607*** -0.00824 0.019 0.0177 0.213 -0.104*** -0.0650* 0.252 -0.0382* 0.088 
 (0.00393) (0.0123)  (0.00853)  (0.00560) (0.0172)  (0.0114)  (0.00825) (0.0272)  (0.0183)  
paid_m6 -0.0592*** -0.0390** 0.135 -0.0210* 0.371 -0.0546*** -0.0150 0.093 -0.0203 0.748 -0.0687*** -0.0920** 0.691 -0.0134 0.003 

 (0.00435) (0.0129)  (0.00868)  (0.00599) (0.0174)  (0.0116)  (0.00907) (0.0282)  (0.0194)  
paid_m5 -0.0524*** -0.0198 0.110 -0.0518*** 0.001 -0.0319*** 0.00380 0.248 -0.0391** 0.003 -0.0393*** -0.0264 0.735 -0.0220 0.422 
 (0.00478) (0.0139)  (0.00862)  (0.00659) (0.0190)  (0.0120)  (0.00998) (0.0309)  (0.0199)  

paid_m4 -0.0674*** -0.0197 0.037 -0.0154 0.204 -0.0239** 0.0518* 0.011 0.0720*** 0.167 -0.134*** -0.0347 0.034 -0.00121 0.038 
 (0.00497) (0.0146)  (0.00941)  (0.00775) (0.0213)  (0.0138)  (0.0109) (0.0336)  (0.0217)  
paid_m3 -0.0997*** -0.0855*** 0.420 -0.0447*** 0.000 -0.0757*** -0.0520** 0.334 -0.00273 0.001 -0.181*** -0.0692* 0.002 -0.0815*** 0.170 

 (0.00464) (0.0136)  (0.00910)  (0.00712) (0.0201)  (0.0133)  (0.00988) (0.0317)  (0.0203)  
paid_m2 -0.0457*** -0.0421** 0.766 -0.0151 0.012 -0.0131* 0.0177 0.239 0.00752 0.071 -0.0687*** -0.0363 0.639 0.0276 0.000 
 (0.00452) (0.0134)  (0.00882)  (0.00661) (0.0194)  (0.0121)  (0.00957) (0.0306)  (0.0202)  

paid_m1 -0.0564*** -0.0548*** 0.846 -0.0166 0.000 -0.0206*** 0.0181 0.080 0.0157 0.205 -0.0756*** -0.113*** 0.249 -0.0165 0.000 
 (0.00420) (0.0128)  (0.00854)  (0.00605) (0.0179)  (0.0114)  (0.00882) (0.0273)  (0.0188)  
paid 0.125*** 0.0507*** 0.000 0.0327*** 0.005 -0.119*** -0.0616*** 0.006 -0.0305** 0.037 -0.0754*** -0.0472 0.618 -0.0453** 0.487 

 (0.00419) (0.0127)  (0.00855)  (0.00516) (0.0159)  (0.0108)  (0.00774) (0.0257)  (0.0172)  
paid_p1 0.285*** 0.138*** 0.000 0.0896*** 0.000 0.0805*** 0.00868 0.020 -0.0153 0.043 0.416*** 0.131*** 0.000 0.113*** 0.039 
 (0.00505) (0.0144)  (0.00934)  (0.00635) (0.0178)  (0.0117)  (0.0107) (0.0305)  (0.0202)  

paid_p2 0.274*** 0.105*** 0.000 0.0482*** 0.000 0.117*** 0.00478 0.001 0.0129 0.771 0.319*** 0.0611 0.000 0.0556** 0.862 
 (0.00557) (0.0148)  (0.00936)  (0.00707) (0.0186)  (0.0126)  (0.0113) (0.0315)  (0.0208)  
paid_p3 0.622*** 0.281*** 0.000 0.205*** 0.000 0.512*** 0.222*** 0.000 0.128*** 0.000 0.891*** 0.402*** 0.000 0.257*** 0.000 

 (0.00624) (0.0169)  (0.0110)  (0.00898) (0.0231)  (0.0145)  (0.0136) (0.0383)  (0.0239)  
paid_p4 0.366*** 0.219*** 0.000 0.160*** 0.000 0.295*** 0.208*** 0.002 0.135*** 0.000 0.523*** 0.314*** 0.000 0.193*** 0.000 
 (0.00546) (0.0160)  (0.0103)  (0.00792) (0.0226)  (0.0142)  (0.0119) (0.0365)  (0.0226)  
paid_p5 0.341*** 0.214*** 0.000 0.154*** 0.000 0.273*** 0.135*** 0.000 0.118*** 0.064 0.428*** 0.253*** 0.000 0.165*** 0.000 

 (0.00527) (0.0154)  (0.0100)  (0.00735) (0.0205)  (0.0132)  (0.0111) (0.0336)  (0.0218)  
paid_p6 0.215*** 0.131*** 0.000 0.0855*** 0.000 0.175*** 0.114*** 0.023 0.0605*** 0.000 0.295*** 0.213*** 0.024 0.106*** 0.000 
 (0.00466) (0.0141)  (0.00921)  (0.00654) (0.0192)  (0.0121)  (0.00996) (0.0321)  (0.0204)  

paid_p7 0.152*** 0.0978*** 0.002 0.0723*** 0.001 0.114*** 0.0542** 0.017 0.0126 0.000 0.213*** 0.120*** 0.009 0.0873*** 0.039 
 (0.00431) (0.0133)  (0.00925)  (0.00610) (0.0175)  (0.0117)  (0.00915) (0.0292)  (0.0198)  

N 11,809,204 1,035,882  2,229,745  10,689,501 985,220  2,145,335  8,465,099 781,699  1,714,799  
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Table 4.11: Login Frequency and Payday effect (continued) 
The dependent variable of this regression is the ratio of spending in a certain category to the monthly average of daily spending in the same category for each 

user. The first column per panel (category) illustrates the coefficients value after a user joined MDB but did not log in during the month. The second column 

shows the same value if the user logged in at least once. Column three shows the p-value for the significance of the difference between model one and two. The 

fourth column (model three) shows the coefficient values for users who logged in at least six times. t statistics in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01  
  Cash  Online Shopping Fuel 
 (1) 

No logins 
(2) 

One login 
p  

(1 - 2) 
(3) 

> 5 logins 
p 

(2 – 3) 
(1) 

No logins 
(2) 

One login 
p  

(1 - 2) 
(3) 

> 5 logins 
p 

(2 – 3) 
(1) 

No logins 
(2) 

One login 
p  

(1 - 2) 
(3) 

> 5 logins 
p 

(2 – 3) 

paid_m7 -0.0391*** 0.00933 0.037 -0.00944 0.513 -0.0589*** -0.00104 0.275 -0.0472 0.474 -0.0371*** 0.0381 0.016 0.0118 0.182 
 (0.00653) (0.0234)  (0.0163)  (0.0162) (0.0520)  (0.0383)  (0.00834) (0.0280)  (0.0183)  
paid_m6 -0.0133 -0.0696** 0.029 -0.0143 0.058 -0.0737*** -0.0140 0.294 0.0479 0.350 -0.0247** -0.0500 0.363 -0.0173 0.025 

 (0.00728) (0.0234)  (0.0167)  (0.0175) (0.0525)  (0.0398)  (0.00920) (0.0282)  (0.0189)  
paid_m5 -0.0457*** -0.0296 0.562 -0.0301 0.987 -0.0298 -0.149** 0.055 0.0807 0.001 -0.0173 -0.0345 0.686 0.0146 0.041 
 (0.00784) (0.0257)  (0.0170)  (0.0193) (0.0516)  (0.0416)  (0.0102) (0.0309)  (0.0203)  

paid_m4 -0.0229** 0.0178 0.168 -0.0197 0.249 -0.0781*** 0.0835 0.011 0.0145 0.331 -0.0204 0.0476 0.044 0.0579** 0.736 
 (0.00835) (0.0273)  (0.0182)  (0.0196) (0.0591)  (0.0415)  (0.0108) (0.0332)  (0.0214)  
paid_m3 -0.0507*** -0.0795** 0.278 -0.0390* 0.177 -0.111*** -0.156** 0.457 -0.0364 0.076 -0.0736*** -0.0522 0.723 -0.0301 0.176 

 (0.00750) (0.0246)  (0.0170)  (0.0187) (0.0531)  (0.0406)  (0.0101) (0.0314)  (0.0203)  
paid_m2 -0.0245*** 0.00268 0.278 -0.000120 0.923 -0.0631*** -0.151** 0.137 -0.122** 0.653 -0.0290** -0.0459 0.817 0.0106 0.003 
 (0.00704) (0.0247)  (0.0162)  (0.0183) (0.0519)  (0.0385)  (0.00955) (0.0298)  (0.0195)  

paid_m1 -0.0336*** -0.0328 0.973 -0.0123 0.459 -0.0930*** -0.0841 0.872 -0.0924* 0.897 -0.0223* -0.0383 0.431 -0.0146 0.155 
 (0.00657) (0.0229)  (0.0156)  (0.0170) (0.0518)  (0.0380)  (0.00887) (0.0279)  (0.0182)  
paid 0.402*** 0.244*** 0.000 0.129*** 0.000 -0.136*** 0.00389 0.004 -0.0393 0.478 -0.147*** -0.0922*** 0.025 -0.107*** 0.073 

 (0.00689) (0.0233)  (0.0160)  (0.0146) (0.0490)  (0.0363)  (0.00738) (0.0247)  (0.0161)  
paid_p1 0.291*** 0.158*** 0.000 0.109*** 0.106 0.424*** 0.134* 0.000 0.0916* 0.526 0.157*** 0.0399 0.003 -0.0496** 0.000 
 (0.00783) (0.0250)  (0.0171)  (0.0203) (0.0549)  (0.0393)  (0.00960) (0.0284)  (0.0179)  

paid_p2 0.170*** 0.0564* 0.000 0.0178 0.205 0.286*** 0.134* 0.027 0.0406 0.181 0.132*** -0.0442 0.000 -0.0208 0.038 
 (0.00839) (0.0257)  (0.0170)  (0.0213) (0.0583)  (0.0407)  (0.0106) (0.0301)  (0.0201)  
paid_p3 0.535*** 0.194*** 0.000 0.172*** 0.534 0.727*** 0.222*** 0.000 0.199*** 0.764 0.514*** 0.204*** 0.000 0.0774*** 0.000 

 (0.00951) (0.0293)  (0.0199)  (0.0238) (0.0625)  (0.0452)  (0.0123) (0.0349)  (0.0216)  
paid_p4 0.261*** 0.194*** 0.021 0.110*** 0.011 0.439*** 0.183** 0.000 0.129** 0.469 0.289*** 0.213*** 0.023 0.127*** 0.003 
 (0.00819) (0.0276)  (0.0184)  (0.0217) (0.0610)  (0.0440)  (0.0111) (0.0341)  (0.0215)  
paid_p5 0.240*** 0.176*** 0.020 0.0969*** 0.011 0.296*** 0.234*** 0.345 0.0600 0.016 0.220*** 0.165*** 0.252 0.0928*** 0.000 

 (0.00774) (0.0260)  (0.0173)  (0.0202) (0.0603)  (0.0423)  (0.0104) (0.0323)  (0.0205)  
paid_p6 0.128*** 0.0862*** 0.093 -0.00356 0.002 0.218*** 0.195*** 0.706 0.0743 0.088 0.113*** 0.0291 0.022 -0.0127 0.004 
 (0.00701) (0.0241)  (0.0159)  (0.0187) (0.0582)  (0.0417)  (0.00930) (0.0288)  (0.0186)  

paid_p7 0.105*** 0.0618** 0.073 0.0225 0.179 0.165*** 0.0791 0.129 0.0750 0.952 0.0772*** 0.0437 0.493 -0.0294 0.000 
 (0.00678) (0.0238)  (0.0166)  (0.0174) (0.0533)  (0.0407)  (0.00867) (0.0283)  (0.0182)  
                

N 10,630,539 916,774  1,963,844  3,267,962 339,672  614,816  7,678,486 710,018  1,579,802  
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Table 4.12: Login Timing and Payday Effect (Discretionary Spending) 
The dependent variable of this regression is the ratio of spending in a certain category 

to the monthly average of daily spending in the same category for each user. Column 

one uses data from all users who at least logged in on payday, column two uses only 

those observations if the payday was the only day users logged in, column three (four) 

uses data from users if they logged in before (after) payday.  

 
 (1) 

Login at PD 
(2) 

Login at PD Only 
(3) 

Login before PD 
(4) 

Login after PD 

paid_m7 -0.0322** 0.0170 -0.0385*** -0.0302*** 
 (0.00996) (0.0533) (0.00536) (0.00755) 
paid_m6 -0.0275** -0.0175 -0.0400*** -0.0296*** 
 (0.0102) (0.0573) (0.00552) (0.00778) 
paid_m5 -0.0481*** -0.0522 -0.0432*** -0.0597*** 
 (0.0103) (0.0579) (0.00575) (0.00780) 
paid_m4 -0.0266* -0.0618 -0.0152* -0.0161 
 (0.0113) (0.0610) (0.00618) (0.00833) 
paid_m3 -0.0767*** 0.0216 -0.0739*** -0.0689*** 
 (0.0107) (0.0672) (0.00588) (0.00790) 
paid_m2 -0.0379*** -0.0460 -0.0233*** -0.0654*** 
 (0.0104) (0.0565) (0.00576) (0.00764) 
paid_m1 -0.0550*** -0.0992 -0.0311*** -0.0411*** 
 (0.00992) (0.0557) (0.00554) (0.00747) 
paid 0.0224* -0.00795 0.0209*** 0.0264*** 
 (0.0101) (0.0542) (0.00549) (0.00746) 
paid_p1 0.133*** 0.239*** 0.105*** 0.0920*** 
 (0.0113) (0.0696) (0.00611) (0.00786) 
paid_p2 0.109*** 0.205** 0.0775*** 0.0676*** 
 (0.0115) (0.0728) (0.00624) (0.00804) 
paid_p3 0.239*** 0.418*** 0.216*** 0.222*** 
 (0.0133) (0.0755) (0.00724) (0.00915) 
paid_p4 0.206*** 0.224** 0.196*** 0.148*** 
 (0.0127) (0.0713) (0.00688) (0.00859) 
paid_p5 0.194*** 0.427*** 0.176*** 0.156*** 
 (0.0121) (0.0730) (0.00660) (0.00844) 
paid_p6 0.106*** 0.253*** 0.114*** 0.0821*** 
 (0.0111) (0.0679) (0.00613) (0.00775) 
paid_p7 0.0942*** 0.0968 0.0761*** 0.0893*** 
 (0.0109) (0.0575) (0.00590) (0.00779) 

N 1,685,208 62,766 5,431,515 2,989,727 
adj. R2 0.016 0.021 0.017 0.014 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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4.5.5 Losing attention – individuals’ tendency to change behaviour 

Section 4.5.3. shows that joining MDB helps individuals on average to reduce 

their tendency to spend more than usual on discretionary items around payday. Section 

4.5.4 then shows that users who login at least once, significantly reduce their proneness 

to the payday effect, especially if they log in after payday. The effect is even stronger 

for those individuals who log in at least six times per month. To test the hypothesis 

that this effect is lasting, I compare the coefficients around payday for those users who 

log in at least six times, against those users who stopped using the service. 

For this, I calculate the average number of logins per month over a three-month 

period. I then run the main regression model for those users who have, on average, 

logged in at least six times per month but stopped logging in at time t. For example, 

they logged in four times in June, eight times in July and six times in August, but did 

not log in during September. Figure 4.13 and Table 4.13 summarise the results for this 

analysis. For brevity I only report the results for the summary group 'discretionary 

spending'.  

The presented results suggest that individuals do significantly smooth their 

spending around payday when they pay attention, i.e., when they log in frequently. 

However, it appears that this effect is not lasting. Once individuals stop logging in, 

they start to show high sensitivity to income again, even if they logged in at least six 

times on average in the three months prior and were smoothing their consumption. The 

results furthermore suggest that there is only a marginal difference in the days leading 

up to payday, but a statistically and economically significant difference on payday and 

on all seven days after.  
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Figure 4.13: Payday Effect in Discretionary Spending – Learning 

This graph shows coefficients’ values per day around the payday per user for 

discretionary spending. The solid line uses all observations from users who logged in 

at least six times on average over the three months before they stopped using the app.  

The dashed line uses observations from users who, in the past, logged in at least six 

times but after they did not login during month m. For example, they logged in four 

times in June, eight times in July and six times in August, but did not log in during 

September. The dotted line represents the respective 95% confidence interval.  
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Table 4.13: Learning Effect – Discretionary Spending Only 

The dependent variable of this regression is the ratio of discretionary spending to the 

monthly average of daily spending in the same category for each user. The first column 

shows the coefficients values for all users who log in at least six times. Column two 

shows the result for the regression model for those users who logged in on average in 

at least six prior to no longer logging in. The average is calculated over a time period 

of the three months prior to not logging in. 

 

 (1) (2) 
 (min. 6 logins  

on average) 
(first month  

without logins) 

paid_m7 -0.0244** -0.101*** 
 (-2.85) (-7.43) 
paid_m6 -0.0251** -0.0549*** 
 (-2.92) (-3.72) 
paid_m5 -0.0513*** -0.0425* 
 (-5.95) (-2.57) 
paid_m4 -0.0103 -0.0514** 
 (-1.09) (-2.95) 
paid_m3 -0.0405*** -0.0936*** 
 (-4.42) (-5.85) 
paid_m2 -0.0141 -0.0604*** 
 (-1.60) (-3.89) 
paid_m1 -0.0196* -0.0409** 
 (-2.30) (-2.79) 
paid 0.0305*** 0.186*** 
 (3.60) (12.49) 
paid_p1 0.0908*** 0.334*** 
 (9.75) (18.78) 
paid_p2 0.0480*** 0.349*** 
 (5.13) (16.71) 
paid_p3 0.200*** 0.678*** 
 (18.26) (30.17) 
paid_p4 0.152*** 0.397*** 
 (14.85) (20.31) 
paid_p5 0.148*** 0.318*** 
 (14.90) (16.80) 
paid_p6 0.0834*** 0.211*** 
 (9.04) (12.42) 
paid_p7 0.0665*** 0.124*** 
 (7.25) (7.87) 

   
N 2,229,745 991,077 

 
Standard errors in parentheses 

* p < 0.05, ** p < 0.01, *** p < 0.001 
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4.5.6 Conducting a pre-mortem – the effect of the planner function 

The literature on planning suggests that predicting their personal financial 

situation at the end of the month should help individuals to plan their expenses better 

and smooth their consumption. To test the hypothesis that introducing a dedicated 

‘planner function’ helps to reduce the payday effect of active users, I compare user 

behaviour before and after the function was launched. Every user who logs into their 

profile will see the function. However, they do not necessarily need to engage with it. 

This could cause concern in regards of self-selection bias, since those users who 

actively decide to use the function may be inherently different from those who do not. 

Also, given that no detailed engagement data is available at the moment, the test can 

only be interpreted as a preliminary analysis of the general effect of launching a new 

feature. This limitation presents an avenue for feature research which should in more 

detail analyse the engagement with individual functions. Figure 4.14 illustrates the 

user interface for the function. 

The results summarised in Figure 4.15 indicate that there is no significant 

difference in the behaviour of active users before and after the introduction of the 

planner function. While there is some statistical significance on days -3 and -2 as well 

as on days 4, 5 and 6, the economic significance of this difference is very low. Of 

particular note is the result that only small differences can be observed during the most 

critical days (0 to 3). The analysis in Figure 4.15 only compares users who log in 

during the respective month. As the login analysis above has already shown that the 

marginal additional smoothing effect per login is small, additional logins are unlikely 

to further increase the difference of pre-planner and post-planner behaviour. However, 

a limitation of this part of the analysis is the missing information regarding 
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engagement with this functionality. The planner functionality is probably most 

efficient to help users to smooth their spending if they actively engage with the 

function and manually enter all expected items on a month-to-month basis. At the time 

of writing this data was not yet available. 
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Figure 4.14: Planner Function 

Another feature of interest for this study is the so called ‘Planner Function’. This 

function detects recurring expenses and uses those to predict balances for the following 

30 days. Additionally, users can create additional recurring transactions or expected 

significant outflows such as Christmas gifts. The planner widget was launched in 

September, 2017.  
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Figure 4.15: Payday Effect – Planner Function 

These graphs show coefficient values for equation 4.1 per day around the payday per 

user per spending category. The dotted line uses all observations from users who log 

in at least once during months before the planner function was launched. The solid line 

uses observations from users who logged in at once after the function was launched. 

The dotted line represents the respective 95% confidence interval.  
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4.6 Discussion 

The key objective of this study is to improve our understanding of the influence 

of technology on spending biases, here the payday effect.  Using naturally occurring 

data (Gelman et al., 2014) from Money Dashboard, I test four main hypotheses, 

namely: (1) the magnitude of the payday effect is lower after an individual joins MDB 

than before, (2) increased attention measured by login frequency is positively related 

to consumption smoothing, (3) the magnitude of the payday effect increases in the sub 

sample of users who stopped using the app and lastly, (4) the introduction of the 

‘planner function’ reduced the payday effect of active users. 

Given the available data structure, I can compare changes in the behaviour of 

individuals before and after they joined the service. In addition, the stepwise 

introduction of new functionalities and the fact that MDB keeps collecting data even 

if the users no longer actively log in, helps me to address these hypotheses. However, 

the present study cannot claim a causal impact of joining or using MDB on the payday 

effect. While this section will show descriptive evidence suggesting that using a money 

aggregation app seems to help individuals to smooth their consumption, further work 

is required to provide a causal link. 

4.6.1 Evidence of the payday effect 

Before analysing the main research question of this chapter, i.e., to what extent 

financial technology might induce consumption smoothing of individuals, I provide 

evidence for the existence of the effect in my sample. Consistent with prior literature 

on excessive income sensitivity, I find that individuals significantly deviate from their 

average spending patterns around payday. The effect is especially strong for clothing 
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(+73%) and online shopping (+58%). However, given that these categories are 

especially prone to potential refunds, further analysis may be required to better 

understand the size of the effect. In any case, the results suggest that individuals start 

spending more in these categories on payday. This could suggest that individuals wait 

for the payday to arrive to make a relatively large purchase. Increases in categories 

such as dining and drinking (+44%) and cash withdrawals (+45%) show that 

individuals spend significantly more on or just after payday. While it is reasonable to 

assume that individuals may want to save money over a certain time frame to spend 

on clothing or online shopping, it is unlikely that they would actively put it aside to 

spend on dining and drinking or to withdraw cash. Another difference between the 

categories is that the latter two categories are more likely to be consumed immediately 

whereas clothing and items from online shopping are more likely to last longer. 

Conducting the payday analysis grouped by the demographic variables age, 

salary and gender further illustrated differences in the magnitude of the payday effect. 

Confirming prior evidence regarding hand-to-mouth consumption (e.g., Campbell & 

Mankiw, 1989), I find that those individuals with low income (less than £1,748 net 

income per month) display behaviour characteristics of the payday effect to a far larger 

extent than those in the higher income groups. While this descriptive result suggests 

that lower income may be related to higher income sensitivity, further analysis would 

be needed to understand the mechanisms behind this result. One assumption is that the 

lack of availability of funds is not the only issue that drives the payday effect but rather 

the lack of financial literacy (e.g., Shah et al., 2012; Fernandes et al., 2014) to make 

planned decisions and smooth consumption over the course of the month.  
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The same can be said about age. I find that older users (over 31 years old) show 

less income sensitivity than younger users. As before, this might be correlated with 

their financial literacy. Another reason could be that they are more used to a stable 

income and therefore do not react as strong as they potentially did before.  

Additionally, there is a significant difference between male and female users 

with male users showing less income sensitivity than female users. While an argument 

could be made that female individuals are more often responsible for household 

financial decision-making, this should not drive the present results given the focus on 

discretionary items only. As before, additional tests are required to better understand 

the mechanisms behind these differences in age and gender. However, given that this 

is not the focus of the present chapter, I exclude a detailed discussion. Future studies 

might want to explore these differences in greater detail and for example look at 

financial slack, check if changes are monotonous between different levels of age or 

income and try to understand differences between genders. 

The seasonal analysis in Table 4.6 shows that individuals struggle more in 

certain months than in others to smooth their consumption. Unsurprisingly, this is 

especially the case before Christmas (November) and at the end of January. Both 

months show individuals spending 71% more than usual shortly after receiving their 

pay cheque. This could suggest that they did not smooth their consumption over a 

longer time period either, by, for example, buying Christmas presents throughout the 

year, instead of heavy spending in November. However, these strong results in 

particular months do not seem to drive the overall results. I find that individuals show 

the same tendency of spending less than on average before payday but more after 

payday in every month of the year. It is interesting to see that certain months tend to 
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exhibit a stronger effect than others, suggesting that individuals might especially 

benefit from using financial technology such as apps in months in which high levels 

of spending can be expected. 

Since access to granular data like the MDB data was not available for the UK 

before, the present study is the first to empirically confirm the existence of the payday 

effect in the UK and provide details about differences between demographic groups. 

This analysis is therefore the first large-scale study of the payday effect of a major 

European economy and might inform conclusions about similar economies in Europe. 

Additional research is needed to better understand the mechanisms behind the results.  

4.6.2 The influence of app usage frequency  

The central research question of this chapter was whether joining and using a 

money app helps to improve financial decision-making, here specifically, if it helps to 

reduce the payday effect. The results presented in this chapter suggest that joining a 

platform improves consumption smoothing. For example, average spending for 

discretionary items was 65% higher before individuals joined Money Dashboard, and 

50% higher after they joined.  

More granular tests reveal two insights. First, in the initial first to third month 

after an individual joins the platform, the payday effect is reduced. As Table 4.9 shows, 

spending for discretionary items is on average 72% higher before an individual joins 

the platform. The month after joining, this deviation from average spending is reduced 

to 60% and three months after that to 56%.  

The second key finding is that login frequency is strongly correlated with 

consumption smoothing. For example, comparing the same values as above, I find that 

users only spend 28% more on discretionary items one day after payday if they log in 
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once per month and only 21% more if they log in at least six times in the respective 

months. Hence, this suggests that paying more attention to daily spending, i.e., logging 

in at least once per month significantly reduces the tendency to overspend after 

payday. More specifically, the deviation from average daily discretionary 

consumption drops by around 60% when comparing the two groups.  

However, the detailed analysis by logins suggests that the marginal effect of 

additional logins on consumption smoothing is small. It appears that the first login per 

month is especially important for individuals to smooth their consumption around the 

payday. More specifically, Table 4.10 provides the p-values for testing the differences 

between those users who log in once and those who log in at least six times a month 

for all spending categories. These tests show that the differences between those users 

who login once and those who login at least five times is small and not consistently 

significant. It appears that becoming aware of the overall financial situation seems to 

be more important than actively tracking all transactions. One reason for the very 

strong effect of the first login could be the way MDB is structured. As illustrated in 

Figure 4.1, once individuals log in, they are provided with an overview of all their 

expenses over the last months and very visible information per spending category. As 

will be discussed in section 4.6.2, users also see a predicted balance at the end of the 

month given their past spending behaviour. These kind of data points are usually not 

available when individuals check their standard online banking account and even less 

so if they get a paper copy of their bank statements. Hence, one potential reason for 

the effectiveness of a single login in a month might be based on the additional salience 

of past (and future) spending behaviour.  



 

 

 

210 

Interestingly, the behaviour during the seven days leading up to the payday 

seems not to be influenced by login activity. The results in Table 4.10 suggest that, 

especially when comparing those users who did not log in to those who logged in once, 

there does not appear to be a consistent difference in consumption smoothing in the 

week before payday. This implies that while individuals become more aware of a 

potential bias and spend less than they did before payday, they do not actively smooth 

their consumption prior to receiving their income.  

The additional temporal analysis of login timing, relative to the date of the 

payday, further supports the presented arguments above. The results in Table 4.12 

suggest that logging in on payday can help to increase consumption smoothing for the 

week after payday. However, it appears that it is even more important to keep paying 

attention after payday to ensure smooth consumption patterns. Hence, a key question 

is: what happens if users stop paying attention?  

4.6.3 Losing attention – the effect of learning 

The previous sections show that using MDB can have a positive effect on 

consumption smoothing. However, it is not yet clear if this effect is lasting, i.e., if 

individuals learn how to smooth their consumption by using the app, and if they keep 

doing so after they stop using the app. To test this, I analyse the payday effect of users 

who have been actively using the app in the past (on average at least six times a month 

over three months) but did not log in during the following month and compare it to 

those who are actively tracking their expenses. Literature on learning would suggest 

that high levels of attention over several months should increase the users’ capability 

to smooth their consumption around payday. Especially given the results in the 

previous section which suggest that very active users are smoothing their consumption. 



 

 

 

211 

However, it seems that the opposite is true. Table 4.13 shows that once users 

who frequently used the app in the past stop using the service, their propensity to 

consume more around payday increases significantly. Three days after payday, 

individuals in the active group spend 20% more than they do on average during the 

other days of the month. Those users who stopped using the app then spend on average 

68% more on the same day. This suggests that while using a service such as MDB 

seems to help individuals to smooth their consumption, they need to keep using it to 

retain this effect. This suggests that users do not seem to learn from frequently 

checking their accounts and that they start spending more around payday, independent 

of their prior behaviour when they were actively using the app. 

4.6.4 Conducting Pre-Mortems – testing the efficiency of additional functions 

The main functionality of MDB is to provide users with an overview of their 

financial situation. However, over time the company introduced additional services. 

One of these services is the planner function which lets users see their predicted cash 

flows and balance at the end of the month. The function was launched in September 

2017. This allows me to compare the overall magnitude of the payday effect of active 

users before and after the launch.  

The expectation is that providing individuals with a prediction of their future 

cash flows should lead them to better smooth their expenses. However, as indicated in 

Figure 4.15, this is not the case. There are no economically significant differences in 

the overall behaviour of active users before and after the implementation of this 

functionality. This suggests that in its present form, the function does not have a 

substantial effect on individuals’ tendency to spend more around payday. However, 

given that the usage of the planner function is not mandatory, additional tests might be 
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required to isolate the influence of this function. Also, given that no detailed 

engagement data is available at the time of writing, no conclusive interpretation about 

the effect of this function on spending behaviour is possible at this moment.  

4.7 Conclusion 

4.7.1 Contribution 

The present study is the first to use naturally occurring data from a financial 

aggregation platform to test if individuals change their spending behaviour when using 

financial technology. It compares the behaviour before (up to twelve months) and after 

using the financial aggregation service. It also tests if individuals who pay more 

attention, i.e., login more often, smooth their consumption to a larger extent and if they 

retain this behaviour after they stopped using the app. Lastly, it provides a first test to 

answer the question if changes in the service provided, here the introduction of a new 

feature, affect the behaviour of the whole user population. 

Comparing behaviour before and after individuals joined the service provided 

by Money Dashboard, I find that once users start using this platform, they smooth their 

consumption. This finding adds large-scale descriptive evidence of consumption 

decisions to the existing literature on attention and financial decision-making (e.g., 

Hirshleifer & Theo, 2003; Stango & Zinman, 2014). While the aforementioned studies 

had a very specific focus on information disclosure and overdraft fees, the present 

chapter extends the scope to general consumption patterns and implies that increasing 

the saliency of past spending helps to significantly change behaviour around payday. 

Related to this is the contribution to the literature on the influence of 

technology on financial literacy (e.g., Hillis, 2017; Levi, 2016). Prior evidence shows 
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that the medium used to transport information is highly relevant and determines the 

possible success of an intervention aimed to increase financial literacy. The present 

analysis supports this finding and shows that once users engage with the app, they are 

smoothing their consumption to a much larger extent. This suggests not only that the 

availability of information is important, but that engagement with the information 

needs to be ensured to achieve a positive change in behaviour.  

The third contribution builds on these findings and focuses on the ability of 

individuals to adapt their behaviour even after they stop accessing salient information. 

Analysis of the behaviour of active users who stopped using the app shows that they 

are no longer smoothing their consumption. Thereby this study contributes to the 

literature on learning and financial literacy (e.g., Carlin et al., 2017). Earlier studies 

found that a key challenge for improving financial literacy is to increase retention and 

application of this knowledge. My findings suggest that short-term behavioural 

changes are possible through provision of additional data. The results also suggest that 

long-term changes seem possible only if constant engagement with the data is ensured. 

I argue that increased attention helps to reduce spending biases, but does not provide 

a lasting effect. Additional interventions seem to be required to further improve the 

long-term behaviour of individuals. 

Besides the contributions to the academic literature, this chapter may also assist 

policy makers in the design of legislation, regarding the provision of financial 

information to individuals. One-off presentations of financial performance or 

behaviour might help individuals in the short-term but is unlikely to have a lasting, 

positive effect. Furthermore, the financial industry might benefit from the presented 

insights and may wish to adapt their services. Money aggregation apps seem to help 
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individuals make better financial decisions, but must be designed in a way which 

retains their user’s attention, since individuals spend more once they stop paying 

attention. To ensure such engagement, it seems advisable to push notifications to users 

around payday suggesting to log in and check past spending and current balances.  

4.7.2 Limitations and avenues for future research 

While this study is of a descriptive nature, it is the first to provide an 

understanding of how financial technology might help to increase consumption 

smoothing. Nevertheless, additional work is required to isolate the mechanisms behind 

the improvement of consumption smoothing, ideally interlinked with transactional 

data like the data set presented in this chapter. A key relationship to analyse further is 

the question if the payday effect can be linked to negative welfare outcomes. Earlier 

studies (e.g., Ganong & Noel, 2015; Baker & Yannelis, 2017) find indications that 

missing consumption smoothing can be linked to negative welfare outcomes. The 

current data set might provide an avenue to further analyse this relationship in a more 

granular way. Given the access to this transactional data, it is possible to test if those 

users who fail to smooth their consumption across the month pay more overdraft fees 

or start using other high-interest product such as payday loans. 

Another area for future research could be a detailed analysis of the influence 

of different payment types used by the consumer. For example, future studies could 

analyse the differences in behaviour when individuals use credit cards vs. debit cards 

or cash. It is possible to argue that using credit cards is one way to smooth consumption 

since actual outflow only occurs once the credit card balance is paid off. However, the 

way MDB and online banking is set up suggests that each transaction is highly visible 

to the consumer, independent from the payment type.  
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It might also be interesting to take a closer look at the return behaviour of 

individuals. It might be the case that individuals save up money to be able to afford a 

large shopping trip (at the high street or virtual) at the beginning of the month, but then 

return a majority of the items later in the month. Another question would be if 

individuals with very strong tendencies to spend more at the beginning of the month 

end up returning more compared to users with low values of additional spending 

around payday.  

Lastly, more granular tests for attention might be sensible. At the moment, I 

use the number of logins per month as a proxy for attention because access to more 

detailed engagement data was not available at the time of writing. More granular data 

on actual engagement with the app, such as variables capturing the time spent on the 

app would further inform additional studies, especially when considering engagement 

with the planner function. In terms of engagement and learning, another avenue could 

be to analyse how the payday effect changes over a longer time period. Given the 

available longitudinal data, it might be possible to analyse if users change their 

behaviour after using the application for a year or more.  

The present chapter and the existing analysis suggest that this new form of data 

can be used to inform a wide variety of research projects. The presented results are 

promising and indicate that using financial technology might help individuals to make 

better spending decisions. Using apps to support those individuals might be a very 

efficient way to improve welfare of a large proportion of the population.  
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5 Conclusion 

5.1 Summary 

This thesis analyses consumer financial decision-making in a novel context, 

that of financial technology. Each chapter focuses on one of the key areas of financial 

decision-making: investing, budgeting and spending. The fact that less than half of the 

individuals in the US or UK have more than $400 worth of savings (e.g., FED, 2018; 

ONS, 2018) suggest that their income and spending behaviour do not align. The 

present thesis tests if financial technology might help those individuals in their 

investing, budgeting and spending behaviour and therefore potentially provide a 

remedy for this issue. It addresses this question by discussing how changes in framing 

and improved transparency (chapter two), increased salience of past expenses and 

automatic tracking of current expenses (chapter three), and higher attention levels 

(chapter four), can help individuals to change their behaviour.  

Chapter two of this thesis shows that very persistent investing biases such as 

the disposition effect (the tendency to forgo loss realisation in favour of gain 

realisation), may be reduced by reframing performance illustration and by increasing 

transparency of current behaviour. These results appear to be robust to survivorship 

bias and learning. I also find that increased age and living in a neighbourhood with 

higher levels of education and income seems to increase the negative relationship 
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between trading in a transparent environment and the disposition effect. Interestingly, 

it seems that while the volume of assets under management moderates the effect of 

trading in a transparent phase, it does not explain the change in behaviour, i.e., the 

reduction of the disposition effect. Given that individuals are financially rewarded 

based on their performance and the assets under management, this could suggest that 

being observed has a stronger impact on behaviour than the amount of money 

individuals manage.  

Since the platform is available online, users come from different backgrounds 

and locations. However, the majority of portfolio managers from this data set are based 

in Germany. I utilise this structure and test the difference between West and East 

German traders. It appears that trading in a transparent environment affects East 

German traders less. I link this discussion to the literature on the relationship between 

cultural heritage literature and trading behaviour and argue that the differences in the 

historic background of East and West German traders might be responsible for the 

different effect of trading in a transparent environment. 

In general, my results show that traders on a social trading platform 

significantly change their behaviour once they begin trading in a transparent 

environment. A key explanation for this change in behaviour is the framing of open 

and closed positions. While other comparable platforms focus on the proportion of 

executed winning trades, the data provider used for this study focuses on a trader's 

current holdings. This suggests that one way to reduce biased decision-making through 

technology is to make past and current behaviour more visible and accessible to the 

consumer and potentially include an element of social comparison. It appears that once 
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individuals know of the possibility that their peers could observe them, they start 

changing their investing behaviour. 

Chapter three builds on the idea that increased saliency and different framing 

of financial data might change behaviour. To analyse budgeting and spending 

behaviour, I analyse data from Money Dashboard (MDB), a financial service provider 

which aggregates all the banking transactions of its users and provides them with an 

aggregated view of their finances. A key feature of this platform is the budget function 

which consumers can use to set themselves budgets for certain categories and 

automatically keep track of spending in the related categories. Chapter three provides 

large scale evidence that individuals are optimistic when setting up a budget; they on 

average set their budget 21% lower than their average spending. Perhaps somewhat 

unsurprisingly, few of them are able to comply with their set budge. On average they 

spend £51 more than they budgeted. However, I find that if users engage with this kind 

of platform, they are significantly reducing their spending in the set category. For 

example, the descriptive evidence suggests that budget users spend around 16% less 

on dining and drinking after setting up a budget for this category than they did before 

setting a budget. The longitudinal evidence suggests that the reduction in spending is 

maintained for up to six months with significantly lower levels of post-budget 

spending compared to the pre-budget levels. 

The finding that budgets appear to influence spending are furthermore 

confirmed by quasi-experimental propensity score matching as well as the excluded 

experimental evidence. The effect is especially strong for discretionary spending such 

as dining and drinking expenses. Moreover, I find a positive relationship between the 

number of logins and budget compliance as well as spending reduction. It appears that 
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the more attention individuals pay, i.e., the more they log in to check their budgets, the 

closer they are to complying with their budget and the more they reduce their spending 

in the same category in the following months. These findings suggest that individuals 

can learn to successfully modify their spending behaviour when they use money 

aggregation apps or other financial technology supporting budgeting.  

The ability to learn and alter behaviour by using financial technology also 

motivates chapter four. In this chapter I explore whether individuals are improving 

their consumption smoothing over time when using financial technology, i.e., if they 

reduce the common tendency to spend more on and around payday, the so-called 

payday effect. The data structure allows me to compare the magnitude of the payday 

effect before and after individuals join MDB. The results suggest that users are indeed 

smoothing their consumption to a stronger extent after they start using the service. 

Furthermore, the granularity of data allows for detailed analysis of different types of 

users and of differences in engagement with the app. For example, by splitting the 

sample in terms of salary, gender and age, I find that younger, female and lower-

income users show a higher tendency for spending more around payday. Importantly, 

I find that once users actively pay attention, i.e., log in at least once per month, they 

are smoothing their consumption significantly. 

To further test the long-term influence of the app on the consumer financial 

decision-making, I test if individuals keep spending less after they stop using the app. 

For this I make use of the fact that MDB is able to collect banking transactions from 

their users even if they did not log in during a particular month. Interestingly, the 

analysis suggests that individuals are not learning from their past behaviour. It appears 
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that once individuals stop using the app, they start to spend more money on 

discretionary goods around payday.  

To better understand how certain functionalities might influence behaviour, I 

test if the payday effect is smaller after MDB introduced the planner function. This 

function predicts a future balance for each of their users. The users can add expected 

expenses manually to improve the prediction and have a better overview of the future 

state of their financials. However, the current results suggest, that this function did not 

change the behaviour of the MDB population as a whole.  

The present thesis suggests that using financial technology might help 

consumers and investors to improve their financial decision-making. It appears that if 

financial technology increases transparency and saliency of financial data, individuals 

seem to change their investing, budgeting and spending behaviour. This thesis tested 

if new forms of engagement with financial decision-making are able to reduce biases 

such as the disposition effect, the planning fallacy and the payday effect. This section 

started by pointing out the question if such technology might be able to help the current 

problematic situation of low saving rates and high debt levels. The presented results 

indicate that if individuals pay attention or have to share their progress with others, 

they appear to be able to improve their financial decisions. The next section will 

introduce how my presented findings contribute to academic literature. Section 5.3 

will then discuss limitations of the current analysis and point out several avenues for 

future research. 
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5.2 Contributions 

This thesis contributes to the extensive literature debating whether individuals 

are rational decision-makers (e.g., Fama, 1991) or if they are prone to make biased 

choices (e.g., Shiller, 2015; Kahneman & Tversky, 1979; Kahneman, 2011). The 

present work suggests that individuals are susceptible to biases but that financial 

technology may help to reduce these biases. It therefore joins the growing literature 

supporting rational decision-making in general (Soll et al., 2015; Thaler & Sunstein, 

2008), but also more specifically on how technology might assist in the de-biasing of 

consumer financial decision-making (e.g., Carlin et al., 2017; Lusardi et al., 2017) in 

the areas of investing (e.g., Heimer, 2016; Hirshleifer, 2015; Pelster & Hofmann, 

2018), saving (e.g., Beshears et al., 2015; Karlan et al., 2016; Levi, 2016) or 

consumption smoothing (Hillis, 2017).  

To contribute to the existing literature, this thesis utilises two novel data sets 

collected from two major providers of financial technology. The first data set contains 

more than two million trades from a social trading platform called wikifolio.com, the 

second data set consists of more than 400 million banking transactions collected from 

Money Dashboard in the UK. This form of naturally occurring data (Gelman et al., 

2014) allows me to address common issues of using survey data such as noise (e.g., 

de Nicola & Gine, 2014) or biased answers (e.g., Karlan & Zinman, 2008). This 

section will show how access to this kind of granular data sets allowed me as a 

researcher to test existing beliefs and theories.  

The focus of chapter two is on one of the most robust trading biases, the 

disposition effect (e.g., Barber et al., 2007; Feng & Seaholes, 2005; Odean, 1998; 

Shefrin & Statman, 1985). Earlier studies have found that the disposition effect is very 
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persistent and potentially higher within a social than in a traditional trading 

environment (Heimer, 2016; Pelster & Hofmann, 2018). However, this thesis shows 

that by changing the framing of past and present investing behaviour and making 

trading data available to others, the disposition effect can be significantly reduced. My 

study therefore contributes to the growing literature concerning the interplay between 

performance saliency or colour and financial decision-making (e.g., Bazley et al., 

2017). It also adds to the general discussion on the role played by financial networks 

and social finance (e.g., Heimer, 2016; Kodres & Pritsker, 2002). The thesis does so 

in general by providing evidence from a social finance platform focusing on equity 

trading and more specifically by showing that those individuals who live in wealthier 

and better educated neighbourhoods seem more affected by the possibility of being 

observed. The discussion of this effect also adds to the existing literature on self-

auditing (e.g., Power, 1999) and suggests that even if individuals are not sure whether 

or not they are observed, the possibility alone is enough for them to change their 

behaviour. My results suggest that once traders face an increase in transparency and if 

their current losses are made very obvious to potential observers, they start to clean 

out their portfolio by selling losing positions.  

The observation of this behaviour also contributes to the literature on window 

dressing (e.g., Lakonishok et al. 1991; Sias & Starks 1997; He et al., 2004; Agarwal 

et al., 2014) by showing that trading behaviour significantly changes when different 

levels of transparency are introduced. Specifically, the day-by-day analysis of trading 

behaviour suggests that in the first week of a change in the level of transparency, it 

appears that portfolio managers more strongly start to sell losing positions.  
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The analysis of East vs. West German users suggests a difference in the effect 

of transparency and the possibility of being observed. The presented evidence 

therefore extends existing studies on differences between East and West German 

individuals in general (e.g., Easterlin & Plagnol, 2008; Rosenfeld et al., 2004), but also 

adds to the growing body discussing the importance of cultural influence on financial 

decisions (e.g., Nguyen et al., 2017). Besides the cultural background, it appears that 

also other demographic factors have an influence on how much portfolio managers are 

affected by an increase in transparency. I find, for example, that older portfolio 

managers seem to be more strongly affected by changes in the level of transparency, 

thereby adding to the literature on the relationship of age and the disposition effect 

(e.g., Dhar & Zhu, 2006; Seru et al., 2010).  

A wide body of literature suggests that the disposition effect is a welfare 

reducing bias (e.g., Heisler, 1994; Odean, 1998; Barber & Odean, 2000; Kaustia, 2010; 

Seru et al., 2010). Hence, determining a potential route to reduce the individuals’ 

tendency to sell winning stocks too early may inform policy makers of ways to 

increase the frequency and level of detail of current portfolio holdings, thereby 

potentially increasing the performance of fund managers and amateur investors. 

To extend the scope of the analysis in chapter two, chapters three and four 

change the focus from investors to household financial decision-making. This ensures 

that financial decision-making in the context of financial technology is not only 

analysed from a professional level, but also from a daily household decision-making 

level. The introduction of this thesis pointed out that households are saving too little 

and accumulate high levels of consumer debt. Some of this behaviour is puzzling. For 

example, Campbell (2006) argues that “The study of household finance is challenging 
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because household behaviour is difficult to measure accurately, and households face 

constraints not captured by textbook models.” (p. 1553). By using naturally occurring 

data (Gelman et al., 2014), I am able to study household decision-making in a more 

granular way and can therefore contribute to the growing literature in this area (e.g., 

Tufano, 2009; Campbell, 2016) by expanding the scope of analysis and by providing 

additional insights into how financial technology might be used to help individuals.  

Money Dashboard allows its users to create and automatically track budgets in 

a variety of categories. By testing two competing hypotheses; that budgets are 

inflexible (Heath & Soll, 1996) but also optimistic (Peetz & Buehler, 2009), I provide 

real-world evidence that individuals are optimistic when setting up a budget and that 

they regularly exceed those budgets. I also contribute to the extensive literature on 

planning fallacy (e.g., Buehler et al., 1994; Buehler et al., 2010) by providing large-

scale evidence of this phenomenon. In addition, this study adds real-world evidence to 

the more recent literature on the interplay between the typicality (i.e., the skewness of 

pre-budget spending) of spending and budgets (e.g., Howard et al., 2019; Sussman & 

Alter, 2012). While all of these earlier studies had to rely on short-term observations 

or interventions, this new form of financial technology allows me to observe 

individuals over a longer time frame and even before they set budgets.  

However, even though budget compliance is weak, my results suggest that 

budgets seem to significantly reduce spending. Therefore, the results suggest that 

budgets could be understood as an optimistic prediction rather than a self-control 

device (Heath & Soll, 1996; Thaler, 1999), especially given the fact that once users 

join, they are able to see their past spending behaviour. Previous studies show that 

budgets might influence spending; I expand this literature and am able to quantify the 
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possible impact of budgets on spending for different categories, thereby contributing 

to the discussion on the extent to which budgets influence spending (Zhang & 

Sussman, 2017; 2018) and thus, whether or not they matter (e.g., Steverman, 2014; 

Olen, 2015).  

The presented evidence concerning debt levels and spending patterns of 

individuals suggest that individuals might struggle with setting themselves a budget 

and keeping track of it. Indeed, evidence suggests that many adults lack the capability 

to budget effectively (e.g., Money Advice Service, 2017). My research, however, 

suggests that budgets are an important instrument in spending reduction and money 

management. Therefore, I contribute to practice by suggesting that financial service 

providers, especially banks or financial technology companies such as MDB, should 

support their clients to set up and automatically track budgets. The presented results 

suggest that policy makers should increase their efforts to ensure that households 

establish a budget when making spending decisions. In addition to this, debt advisors 

or others who are involved in consulting clients with problematic spending behaviour 

might want to consider using financial technology to help their clients to spend less by 

actively tracking a budget.  

While chapter three focuses on a sub-sample of budget users and establishes a 

link between financial technology usage and spending reduction in budgeted 

categories, chapter four takes an even wider view and analyses general spending 

patterns among all MDB users. This study extends prior evidence by Gelman et al. 

(2014) and Olafsson & Pagel (2018) by studying individuals’ inability to smooth 

consumption across the month. The main focus of this chapter is not on determining 

the presence of this bias, but rather on understanding how to help consumers smooth 
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their consumption. It shows that if additional attention is paid to past and present 

behaviour, an individual smoothens their consumption. It therefore extends the 

literature on the role of attention in financial decision-making (e.g., Hirshleifer & 

Theo, 2003; Stango & Zinman, 2014) by showing that once users log in at least once 

per month, they are starting to smooth their consumption to a larger extent.  

Existing evidence (e.g., Fernandes et al., 2014) suggests that few interventions 

to increase financial literacy have a lasting effect. Chapter four extends this body of 

knowledge, especially existing studies on the role of technology on decision-making 

(e.g., Hillis, 2017; Levi, 2016; Lusardi et al, 2017). The presented results in this 

chapter suggest that once users begin to actively use financial technology to engage 

with their past consumption behaviour, they are smoothing their consumption to a 

much larger extent than before, thereby extending findings that financial technology 

might help to change behaviour (e.g., Carlin et al., 2017). However, once users stop 

using the app, they fall back into old patterns of spending more money around payday. 

The results of this analysis suggest that while individuals do smooth their consumption 

better across the month once they pay attention, they stop doing so once they no longer 

use the app. This would suggest that individuals show limited learning and therefore 

confirm the summarised evidence by Fernandes et al. (2014). 

This summary of contributions shows that by utilising naturally occurring data 

from financial technology companies, academic research is able to provide new 

insights into consumer financial decision-making. Beyond that, the results presented 

might also inform policy makers and practice. Firstly, all chapters show the potential 

positive effect of increased saliency of past and present financial decisions. Therefore, 

it might inform policy makers to increase the number of mandatory disclosures and 
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the level of detail of mutual fund holdings or other investment products. It appears that 

the way information is framed and how easy it is to process it also determines the 

quality of decision-making. Therefore, policy makers, but also financial services 

providers, might want to consider to provide a summary with aggregated details about 

contracts and products to ensure that clients do not only have to rely on the small print 

but do understand all features of a certain product. Similarly, app designers and in 

general providers of financial technology can learn from this thesis that it is very 

important to ensure engagement of users to enable positive changes in their behaviour. 

The presented results indicate that it is difficult for individuals to retain changes if they 

stop paying attention. 

Lastly, this thesis also informs governmental debt advisor programmes or other 

services such as the Money Advice Service. My findings suggest that using financial 

technology might be a cheap and engaging way, especially for younger adults, to 

ensure that they engage with their financial situation. It appears that using financial 

technology can help individuals to spend less on discretionary goods and therefore 

might support a more sustainable spending behaviour. While this alone will not solve 

the problems of high levels of debt and low levels of saving, individuals might start 

improving their situation once they have a more salient way to keep track of their 

investing, budgeting and spending behaviour.  

5.3 Limitations and avenues for future research 

The granularity of the tested data allows me to significantly improve our 

understanding of consumer financial decision-making. However, a concern of the 

present research is the limited application of causal tests. I am able to conduct before 
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and after tests in each chapter. For example, I compared trading behaviour before and 

after a phase change, each characterised by different levels of transparency, in chapter 

two; spending behaviour before and after setting up a budget in chapter three; and 

payday behaviour before and after using MDB. However, concerns regarding self-

selection may arise. In chapter two this could be, for example, because portfolio 

managers themselves decide when to change a phase. While they have to convince at 

least ten other users to earmark investments into their portfolio, the manager can 

always decide to delay a phase change. Similar concerns might arise for chapters three 

and four. Here, a potential issue is that only those individuals who want to change their 

spending behaviour are likely to join a platform such as MDB. Alternatively, another 

concern is that those users who join have higher levels of financial literacy than the 

general public. While I try to address some of these concerns, for example through 

extensive robustness tests seen in chapter two and four and propensity score matching 

in chapter three, additional work would be needed to establish the causal links of my 

findings. Hence, a key challenge is to understand the actual mechanisms behind the 

observed behaviour changes.  

Another limitation of chapters three and four is that I have not yet distinguished 

between the types of payment individuals use. More specifically, I do not distinguish 

between debit card and credit card usage. Especially considering the discussion of 

consumption smoothing, one may argue that using a credit card is a very good way to 

smooth consumption over time since no money necessarily leaves the account until 

the credit card is balanced again. Hence, additional granular tests for this type of 

consumption may be required, to ensure my results are not biased through the use of 

credit cards. It would also potentially be interesting to further understand the 
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relationship between budget compliance and credit card usage. For example, it could 

be worthwhile to test if those users who exceed their budgets are more likely to fail to 

balance their credit card debt in the month following an exceeded budget.  

Similar to the issue above, I currently also do not consider an individual's 

tendency to return purchases. This could especially be relevant in the online shopping 

and clothes categories. Hence, more granular analysis may provide a basis for future 

projects and add to the existing chapters. An addition to chapter three might involve 

an analysis of whether users who are exceeding their budget by a wide margin are 

more likely to return items in the next month. For chapter four, it could be interesting 

to explore the differences in return behaviour of individuals with high (low) tendency 

to spend more around payday. Linking this study to the first paper, it might be possible 

to test a new form of report which illustrates the total amount of refunds compared to 

others and therefore include a social element. Another avenue to further link the 

findings between the chapters could be to discuss to what extent a returned item is 

similar to a realised loss. It might be possible to link the findings of the reduced 

disposition effect in a transparent environment to potential post-purchase regret of 

individuals after joining MDB. The hypothesis would be that users return more items 

once they have a more salient picture of their spending patterns.  

Furthermore, while I argue that increased attention should benefit financial 

decision-making, I am not able to measure engagement for the first study on wikifolio. 

Unfortunately, I do not have access to log-in data for portfolio managers. If this type 

of data were available, I could test if portfolio managers logged in on a particular day 

and decided not to take any action. A similar limitation exists for chapters three and 

four. While I am able to control for logins and use the number of logins to proxy for 
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attention, more granular analysis of engagement would be beneficial. For example, at 

the moment I only know whether or not individuals have logged in on a particular day. 

However, it would be interesting to better understand how much time they have spent 

engaging with the platform itself and the individual functions such as the budget or 

planner function in particular.  

Nevertheless, given the novelty of the data analysed, the present thesis provides 

important groundwork to design future interventions and additional tests and is the 

first to do so on a large scale within a major economy. Future research should focus 

on designing interventions in order to test some of the potential mechanisms. At the 

time of writing, I am already planning several experiments and interventions in 

collaboration with MDB to further explore how to drive behaviour change. One 

example is a planned intervention to design semi-automated messages to individuals 

who have an especially high tendency to spend more money around payday. By 

sending suggestions on how to save on payday, I hope to help treated individuals to 

refocus on their spending goals, and to eventually gain better control of their financial 

situation. 

Another avenue is to work with MDB on additional interventions to improve 

the expense and income predictions of their users. By illustrating their current and past 

behaviour, I hope to support them in setting more realistic spending goals but also to 

better forecast their income. The income prediction work is of special benefit for 

individuals working on zero-hour contracts who are likely to have variable incomes 

from month to month and those working in the gig-economy (e.g., Uber, Deliveroo, 

Upwork, etc.). While these workers might base their spending plans on optimistic 

income predictions, unanticipated reductions in income might easily cause increased 
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levels of debts. Hence, helping them to estimate their potential salary more realistically 

might result in positive welfare effects in the long run. 

In addition to understanding the mechanisms for behaviour change, further 

empirical work is required to understand the downstream consequences of behaviour. 

At the moment, I provide evidence that individuals show a reduced disposition effect 

(chapter two), spend less after setting up a budget (chapter three) and smooth their 

consumption (chapter four). However, it was not the scope of this thesis to test how 

these changes affect trading performance, overall spending or problematic spending 

subsequent to the behaviour change. Therefore, future work should be conducted to 

establish a link between behaviour change through financial technology and associated 

welfare implications. This could further help practice and policy-makers to promote 

ways to increase welfare through the use of financial technology. 

Another avenue is to combine the findings from chapter three and four and test 

how certain functionalities of financial apps may interact with each other. It would be 

interesting to see if budgeters show different behaviours concerning the payday effect 

when compared to non-budgeters. It could also be relevant to test if budgeters who 

have money ‘left’ in their budget show a weaker tendency to spend more around 

payday. The existing research on budgets predicts that if individuals have planned for 

slack in their budgets, they tend to use up this slack. Hence, the access to this data set 

could enable future research to test these assumptions in a large-scale setting. 

Future studies may also wish to analyse the role of peer-effects in spending and 

saving decisions. While chapter two already analyses the potential effect of trading in 

a social environment, chapters three and four do not cover this aspect yet. However, 

the high level of granularity in terms of spending and demographic data would allow 
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future studies to detect how certain investing, spending and saving behaviours may 

spread through neighbourhoods and colleagues. For example, it would be possible to 

test if purchases of large items and visible items such as cars appear to convince others 

in the neighbourhood to purchase similar items. Considering the increased consumer 

debt levels, especially those for hire purchase or personal contract purchase, it might 

be relevant to understand to what extent peer effects are responsible for this.  

Moreover, the collected data contains an interesting opportunity for testing the 

influence of an unexpected political event on consumer finance. The vote on Britain 

leaving the European Union came as a surprise to many. Strong differences between 

demographic groups emerged, which may be used to further understand the general 

effect of uncertainty about future political and economic development on financial 

decision-making. The transaction by transaction data could also inform us how 

individuals who narrowly escaped or at least witnessed major crises such as terrorist 

attacks might change their behaviour in terms of saving and spending after such an 

event.  

In summary, the number of future avenues and limitations nicely represents the 

advantages and challenges of using and exploring novel data sets and the influence of 

technology on consumer financial decision-making. The innovations in financial 

technology do more than help investors and consumers to make better decisions. The 

scope of available data, as well as the opportunity to test interventions on a far larger 

scale than possible in a lab setting allows us as researchers to conduct and execute 

impactful research. This will help us to update our assumptions and theories of 

financial decision-making and ensure that we not only contribute to the academic 

literature but also to the welfare of individuals on a larger scale.  
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