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Abstract
Households are nowadays required to make financial decisions of increasing complexity in an increasing number of domains. This thesis explores psychological mechanisms, behavior change interventions, and potential inhibitory factors underlying wise household financial decisions in the domains of gambling advertising and mutual fund investing. In-depth investigations of these two domains were chosen to balance the depth of topic coverage versus the wide breadth of modern financial decision making. UK soccer gambling advertising was investigated via two observational studies and a range of online experiments. The experiments found that soccer fans struggle to form coherent expectations for the complex bets featuring in UK soccer gambling advertising. Mutual fund investors have to balance a number of cues in their investment choices. Normatively, mutual fund investors should minimize fees. However, a number of investors choose to maximize past returns instead. Three chapters investigate how mutual fund fees and financial percentage returns are psychologically processed, in order to uncover beneficial behavior change interventions. Many participants processed percentages additively, rather than follow the correct multiplicative strategy. Both percentages and corresponding “small” currency amounts were associated with systematic biases. Participant responses were closest to the normative strategy when either past returns were framed as a “small” currency amount, or when fees were framed as a 10 year currency amount. “Some people invest based on past performance, but funds with low fees have the highest future results” was the most effective disclaimer at nudging fee-sensitivity against the real world status quo, “Past performance does not predict future results.”
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[bookmark: _Toc455489537]Introduction
Households are nowadays required to make financial decisions of increasing complexity in an increasing number of domains. For example, households could once simply rely on their defined-benefit pension plan for retirement income. With the shift to defined-contribution retirement plans, households must now learn to carefully optimize their retirement contributions, asset allocation, and withdrawal-phase strategy (Zelinsky, 2004). While rational agents will not struggle with these tasks, the significant proportion of boundedly-rational households will. This thesis explores psychological mechanisms, behavior change interventions, and potential inhibitory factors underlying wise household financial decisions. These three aspects are explored in two domains chosen to reflect the reality of “financial decision making” for many households: gambling and retirement investing.
Gambling is often not considered a “financial” decision making domain. Since the expected value of gambling is almost uniformly negative for the customer, normative decision making models recommend that a decision maker should never gamble. However, the negative relationship between social economic status and gambling engagement in the UK demonstrates that gambling is an important financial decision for many -- especially poorer – households (Wardle et al., 2011). The clustering of UK bookmakers in less-affluent areas adds further support to this idea (Reed, 2014). Effective gambling behavior change interventions may help to relieve the financial pressures faced by many households.
Retirement investing is on the other hand the prototypical financial decision making domain. Increasing life expectancies mean that retirement investing is an issue of universal importance. The reality is, however, that many households are struggling to break even, let alone steadily accumulate assets for retirement. Despite retirement investing being a more “typical” financial decision than gambling, research shows that many personal investors also fail to act in accordance with normative models.
Decision making models can operate on three levels: normative, descriptive, and prescriptive (Baron, 2008). Normative models determine a rational course of action. In retirement investing, normative models of modern portfolio theory (Markowitz, 1952), the efficient markets hypothesis (Fama, 1970), and the random walk hypothesis (Malkiel, 2016) give clear guidance. Rational individual investors should diversify their portfolio broadly to reduce risk, not spend money attempting to “beat the market,” and attach no weight to past returns in generating expectations of future returns. Descriptive models attempt to describe what people actually do, which will differ from a normative model if people make systematic errors. This is the case in retirement investing. Individual investors actually systematically under-diversify their portfolios by over-investing in the familiar (Benartzi, 2001; Huberman, 2001). Investors waste significant resources in aggregate by playing the zero-sum game of trying to beat the market (Malkiel, 2003). And many investors falsely expect past performance to persist into the future (Greenwood & Shleifer, 2014).
The prescriptive level of decision making joins the normative and descriptive levels by specifying how a decision maker can reduce the gap between the two (Baron, 2008). A valid prescriptive model can help uncover “nudges” that enable decision makers to get closer to a rational normative model (R. H. Thaler & Sunstein, 2008). Potential behavior change interventions should be evaluated on this basis. While there are many relevant normative and descriptive models in retirement investing, the prescriptive level is less well developed. The series of experiments reported in Chapters 4-6 can be understood as attempting to develop the evidence base on the prescriptive level in retirement investing.
Developing an accurate understanding of psychological mechanism is key to developing successful prescriptive models. Successful behavior change requires understanding what information is attended to, how that information is processed, and how this drives the eventual decision. An understanding of beginning- and intermediate-stage processes is required to understand which pieces of the decision context need changing in order to improve the eventual decision outcome. Accurate and well-informed psychological theory is essential to crafting successful policy recommendations. The “psychological construction” of preferences and judgments is a theory asserting that choices often do not reflect stable preferences, but are instead often driven by contextual factors (Lichtenstein & Slovic, 2006). This theory provides an optimistic viewpoint on the potential for debiasing even the most prevalent and costly financial mistakes.  The results of Chapters 3 and 6 provide the most developed psychologically-informed policy implications in the two domains studied in this thesis. Chapter 7 provides an overall discussion and includes suggestions for future research.
Psychological theory is important for policy, but the relationship need not be one-way. Psychological theories are generally tested on samples from specific populations, such as undergraduate students, or increasingly with participants from online crowdsourcing platforms. But psychological theory is intended to apply to the population as a whole, and not just these specific groups. It is for this reason that randomized controlled trials, using behavioral insights to test potential policy improvements (e.g., (Behavioural Insights Team, 2012) actually provide a unique testing ground for psychological theory. A well-informed intervention utilizes accurate psychological theory, but results of the intervention can then be used to provide evidence for the underlying theory.
Potential inhibitory factors preventing households from making good financial decisions is the final theme of this thesis. Theoretical economic models suggest that consumer exploitation can plausibly persist in competitive markets (Gabaix & Laibson, 2006; Heidhues, Koszegi, & Murooka, 2014). The most effective behavior change policies may not involve actively improving decisions, as is generally assumed (R. H. Thaler & Sunstein, 2008), but by may involve removing active impediments on rational decision making. The importance of tackling irrational decision making across a wide range of approaches is one recently developing theme in the literature (Campbell, 2016; Sunstein, 2016). For example, the mutual fund industry exacerbates investors’ errors by prominently advertising mutual funds that have by chance performed well in the past (Jain & Wu, 2000; Koehler & Mercer, 2009). Chapters 2 and 3 investigate how UK soccer gambling advertising actively nudge soccer fans towards bets with high bookmaker profit margins. Potential policy implications of this research are mentioned in the discussion of Chapter 3 and in the thesis discussion (Chapter 7).
Any research aiming to inform the policy debate should consider other potential ways of achieving a desired end result. Chapters 4-6 in this thesis primarily investigate potential framing manipulations or information disclosure interventions for improving retirement investing. For informing policy, these interventions should be both shown effective, and shown effective compared to other potential methods of improving retirement investing. For example, these end results might be more effectively achieved by improving investors’ financial literacy, or by increasing access to financial advice. These issues will be explored in greater detail in the thesis discussion, but for example the experiments in Chapter 6 show a repeated negative correlation between financial literacy and normative behavior on the investment choice task. While this evidence is only correlational, it fits in a wider body of research showing that financial literacy interventions have little positive effect on financial behaviors (Fernandes, Lynch, & Netemeyer, 2014). 
All but one of the experiments reported in Chapters 3-6 use participants from the online crowdsourcing sites Amazon Mechanical Turk or Prolific Academic, so a comment on these participant pools is necessary. First, these participant pools should provide a more diverse sample of the underlying population than the most common alternative – undergraduate samples. Attention checks are often used in conjunction with these online participant pools to confirm that participants are paying attention. Comparison of Mechanical Turk workers and university participant pools on novel attention check questions suggest that Mechanical Turk participants pay closer attention to experimental instructions than university participants (Hauser & Schwarz, 2016; Ramsey, Thompson, McKenzie, & Rosenbaum, 2016). And a number of key psychological results have been confirmed to also work well on Mechanical Turk (Crump, McDonnell, & Gureckis, 2013). Second, online participant pools can often be restricted to target specific sub-populations of interest. The financial decision making experiments in Chapter 4 screened out non-investors from their Mechanical Turk samples. Chapter 3 finds the same results across online crowdsourcing samples and a sample of the population of interest recruited from social media (soccer fans). And Experiment 2 in Chapter 6 provided identical results in a non-restricted sample on Mechanical Turk, and in a restricted replication sample of individual investors (the specific population of interest) from Prolific Academic. 
Online participant pools make it significantly easier to achieve the high sample sizes required to achieve strong statistical power. Sample sizes were determined heuristically, but nonetheless to be significantly-larger than historical norms in psychological research (Sedlmeier & Gigerenzer, 1989). Sample sizes of at least 250 participants per-cell were chosen, which should be sufficient to achieve high statistical power with medium-sized effects (Cohen, 1992).
Online crowdsourcing sites are effective for conducting exploratory research. But because participants are in their own homes, they may be taking part despite a number of distractions. Therefore, a number of steps were followed to try and maximize the internal validity of conducted experiments. The main aim was to keep the experiment short, so that participants would not have to maintain a steady focus for long periods of time. Relevant technical information, such as a description of mutual funds (Chapters 4 and 6), was presented close to relevant outcome measures, so that participants could attend to this information as much as required.
All this suggests that the findings from these experiments should be externally-valid. However, the norm in psychological research is increasingly moving toward replication not just within single sets of studies but replication across different laboratories (Klein et al., 2014; Open Science Collaboration, 2015). Such attempts to replicate experimental results reported in this thesis would be welcomed and would provide an additional level of evidence beyond what can be reported here. Any policy-makers interested in implementing policy on the basis of any of these results should also conduct more ecologically-valid experiments with higher financial incentives than can be offered here, and with the given target population.
Chapter 2 has been published in Judgment and Decision Making (Newall, 2015), and Chapter 4 has been published in Decision as joint work with Bradley Love (Newall & Love, 2015). A short report version of Chapter 3 has been submitted to Psychological Science, and Chapter 5 is currently under review as a revise and resubmission at Judgment and Decision Making.
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[bookmark: _Toc455489538]How bookmakers make your money 
UK bookmakers herd geographically in less-affluent areas. The present work shows that UK bookmakers also herd with the special bets that they advertise to consumers, both in their shop window advertising and on TV adverts as shown to millions of viewers. I report an observational study of betting adverts over the 2014 soccer World Cup. Bet types vary in terms of their complexity, with complex bet types having the highest bookmaker profit margins. Bookmakers herded on a common strategy of advertising special bets on two levels. Bookmakers herded by almost exclusively advertising complex bet types with high bookmaker profit margins. Bookmakers also herded by advertising representative events within a given complex bet type. This evidence is most consistent with bookmakers’ advertising targeting a representativeness heuristic amongst bettors. Bookmakers may know how to nudge bettors toward larger losses.
[bookmark: _Toc455489539]Introduction
The “specials” have long been a feature of soccer betting in British bookmakers. Special bets on the day’s events are sent from central office to an individual bookmaker’s manager, and then heavily promoted within the bookmaker. Originally specials were on hand-written boards, but are now typically shown on posters or electronic screens.  Bookmakers have historically been visually unappealing; law prevents the interior of a betting shop from being visible to passers-by. The Gambling Act 2005 relaxed these rules, allowing bookmakers to advertise in their windows: Bookmakers now advertise the specials and promotions for other forms of gambling on large shop window posters. Figure 1 shows a typical UK bookmaker.
[bookmark: _Toc455489589]Figure 1: A typical UK bookmaker, Ladbrokes. 
The two posters on the left are advertising special bets: “England to beat Italy 2-0” and “Kane to score the first goal”.

[image: ]
UK bookmakers cluster in less-affluent areas (Ramesh, 2014). Although this finding has been contested by the industry, it has withstood further analysis (Ramesh, 2014). For example, on the Walworth Road in traditionally less-affluent south-east London, seven bookmakers from five chains – each with its shop window specials – compete on a few hundred metres of road.
But the rise of internet gambling, and further Gambling Act reforms allowing gambling advertising to appear on TV since 2007, mean the specials have invaded the nation’s living rooms. Online bookmakers enable betting throughout a soccer match with “in-play” betting, and advertise specials on TV either before the match or during the half-time break. TV specials provide the odds on special bets right as the match is happening. More betting firms are beginning to advertise their specials on TV. In 2012 4.1% of all TV advertising was for gambling (Ofcom, 2013).
This paper reports an observational study of bookmakers’ specials over the 2014 soccer World Cup. Bookmakers herded in their advertising on two levels. First, bookmakers concentrated their advertising on a few specific bet types with high bookmaker profit margins. But bookmakers also advertised similar representative events within each bet type. Although bookmakers rarely advertised the same specific bet (this happened 31 times in the sample of 437 adverts), bookmakers nonetheless used the same strategy in their advertising. It is hypothesized that bookmakers have herded on a strategy that reflects bettors’ biases.
[bookmark: _Toc455489540]Bookmaker profit margins
Bookmakers allow bets to be placed on many different events within a soccer match, either before a match, or even during the match with “in-play” betting apps. The “overround” is the amount by which a bookmaker’s odds for a set of mutually exclusive events exceeds probability = 1. The higher the overround, the higher the bookmaker profit margin will be, under the condition that bettors are subject to a Dutch book, with the bookmaker making risk-free profits. Overrounds are almost always positive; if a bookmaker’s odds summed to less than one, than bettors could make risk-free arbitrage profits, which can sometimes be achieved by combining the odds from several bookmakers (Constantinou & Fenton, 2013). The overround is commonly used as an estimate of the bookmaker profit margin in the sports betting literature, where
Bookmaker profit margin = overround / (1 + overround)				(1)
For example, the set of odds quoted on William Hill’s (the largest chain of bookmakers in the UK) website for the World Cup final corresponded to a probability of Germany winning in normal time of 0.435 (or 13-to-10 in odds form, where a bet of $10 wins $13 profit if Germany wins), a probability of a draw of 0.308, and a probability of Argentina winning of 0.294, then 0.435 + 0.308 + 0.294 = 1.037, overround = 0.037, and bookmaker profit margin = 3.6%.
These bets, on the three most salient outcomes of a soccer match, are referred to as “three-outcome” bets here. Previous studies on the fairness of soccer betting odds have primarily analyzed three-outcome bets (Constantinou & Fenton, 2013; Forrest & Simmons, 2001). They are also the least-complex bets analyzed here, since all of the possible events in a soccer match are partitioned into just three mutually exclusive events.
Overrounds can also be calculated with respect to bets on more complex events. Bookmakers offer bets on specific scorelines, where bettors have to correctly predict the exact final result (e.g., Germany to win 1-0, a 0-0 draw, Argentina to win 2-1 etc.), a more fine-grained partitioning of the possible events in a soccer match than three-outcome bets. Because soccer is a low-scoring game, most bookmakers will offer a range of bets on specific scorelines which should correctly sum to a set of mutually exclusive events with probability = 1.  While extreme scorelines may happen, (e.g., Germany winning 8-6), such events are in practice nearly impossible in professional soccer, and will lead to a tiny downward bias in measured overrounds. The sum of probabilities from bets on individual scorelines from William Hill’s website for the World Cup final equalled 1.300, or an overround of 0.300 and a bookmaker profit margin of 23.1%. This shows the large differences in bookmaker profit margins between different bet types.
First goalscorer bets frequently featured in 2014 World Cup specials, e.g. “Thomas Muller to score first”. These bets are on the first scorer of a goal in the match, meaning that any normative assessment of this bet requires an assessment of relative scoring chances for at least 20 players. Bookmakers offer these bets on all players who could take part in a match, with bets later refunded on all players who did not play before the first goal was scored (meaning that substitutes may be eligible for the bet). Bookmakers also allow bets to be placed on “no-score”, giving a complete set of events which should normatively sum to probability = 1. Overrounds for first goalscorer bets can therefore be calculated on a post-hoc basis after the match. The overround on William Hill’s eligible first goalscorer bets for the World Cup final translated to 0.832, or a bookmaker profit margin of 45.4%. This figure was especially high because five substitutes joined the game before the first goal was scored.
Scorecaster bets are the final and most complex bet type discussed here. These bets are a conjunction of scoreline and first goalscorer bets for a specific team, e.g. “Thomas Muller to score first and Germany to win 3-1”. Overrounds could not be calculated for these bets with the data collected in this study, because betting odds were not available for a complete set of events (Thomas Muller could score first but Germany go on to lose). But scorecaster bets will have high overrounds due to the already-high overrounds of their constituent parts.
[bookmark: _Toc455489541]Bettors’ biases
Since betting markets occur in the real world and for real stakes, they are an ecologically-valid way to explore biases in subjective probability estimation (Ayton, 1997). Three potential theories of biases in probability estimation are introduced.
Support theory states that probability estimates increase as a class of events is unpacked into a number of constituent elements (Tversky & Koehler, 1994). Compared to a normative probability judgment, the increased salience of sub-categories leads to higher subjective probabilities for unpacked events. An example from Tversky and Koehler is that participants gave higher subjective probability estimates to “death resulting from heart disease, cancer or some other natural cause” than to “death resulting from natural causes”, although the groups are identical, differing only in the complexity of description. 
Support theory can explain why the implied probability of a team winning is higher for scoreline than three-outcome bets (since scoreline bets are unpacked to a greater degree). An earlier study of bookmakers’ odds for soccer games found evidence in favor of support theory (Ayton, 1997). Support theory predicts that bookmakers could profit by encouraging bettors toward finely-partitioned bets which should be overestimated the most, and the data on overrounds in the previous section is in line with this. Support theory does not predict that specific events will be overestimated the most, only that the average level of overestimation increases with bet complexity.
Conjunction bias is the finding that other things being equal, participants prefer bets on compound events rather than simple events (Bar-Hillel, 1973; Slovic, 1969). Importantly, people do not always suffer conjunction bias. Some conjunctions seem as implausible as they truly are (for example, when flipping a fair coin the sequence H-H-H-H-H seems less likely than H-T-H-T-T). The conjunction bias is a weaker version of the “conjunction fallacy”, where participants rate P(A&B) > P(A) or P(B), violating the axioms of probability by rating the probability of a complex event as higher than one of its constituent elements (Tversky & Kahneman, 1983). The conjunction fallacy therefore implies the conjunction bias.  Tversky and Kahneman’s Linda problem is the best-known example of the conjunction fallacy:
Linda is 31 years old, single, outspoken, and very bright. She majored in philosophy. As a student, she was deeply concerned with issues of discrimination and social justice, and also participated in anti-nuclear demonstrations.
A majority of participants in Tversky and Kahneman’s experiments rated it is as more likely that Linda is a bank teller and is active in the feminist movement, than Linda is a bank teller, thereby rating P(A&B) > P(A). Tversky and Kahneman say this error is due to the description of Linda being more representative of someone who is active in the feminist movement, and argue that the “representativeness heuristic” leads to the overestimation of complex probabilities, although rival explanations of the conjunction fallacy are still debated (Tentori, Crupi, & Russo, 2013). People would reason much better if asked for the probability that Linda is a bank teller and is active in the pro-gun lobby.
Representative events in a soccer match are the favorite team winning (three-outcome bets), the favorite winning by a high scoreline (scoreline bets), or a star player scoring the first goal (first goalscorer bets). The favorite winning by a high scoreline (e.g. Germany winning 4-1) is a highly representative event, and may well be overestimated, especially since bettors may underestimate the number of possible high scorelines (e.g. 4-0, 3-1 and so on). There are fewer representative events involving underdog teams, but 1-0 is representative of a poor team winning, since it is easiest to recall games where an underdog has eked out a narrow win. A star player scoring the first goal is a highly representative event that bettors may overestimate. A non-star player scoring the first goal is less salient, but may be actually quite likely given the number of players in a soccer match (the combined chances from many non-star players).
Finally, bettors may simply have a preference for bets with high potential payoffs, because they overweight small probabilities (Kahneman & Tversky, 1979). Three-outcome bets do not tend to offer high payoffs, as long as the two teams are somewhat evenly matched. Therefore, bookmakers may offer finely-partitioned bets just to satisfy bettors’ preference for high potential payoffs. If this is the case, then the odds on offer from advertised specials would be a key factor.
[bookmark: _Toc455489542]Method
On each match day, shop window specials and specials from inside the shop (defined as any bet prominently advertised on a poster or electronic screen) were photographed from shops of at least the four main chains of bookmakers in the UK, who own 7,865 of the UK’s approximately 8,700 betting shops. Specials were recorded from across the UK, but predominantly from Bristol, London, and Stirling. Shops from the same betting chain usually ran the same or very similar specials in each sampled city. The sample of specials analyzed in this paper is incomplete, but the study was designed to be as inclusive as feasible.
In total 103 TV specials were recorded by the researcher using a digital TV with recording and playback features. All matches except for South Korea versus Belgium were covered (recording failure). Sixty specials were shown during the half-time break, with the remainder being shown before the match had started.
All observed shop window specials were recorded, which totaled 179 observations across five retail bookmakers. First goalscorer, scoreline, and scorecaster specials were also recorded from within individual betting shops, to enlarge the sample of specials from more salient media. These three bet types were focused on because of their high frequency in TV and shop window specials. Within-bookmaker specials covered a wide variety of bet types, both within- and between-bookmakers, and so it was infeasible to record and analyze all of these specials.
On the morning of each match day odds of all events were downloaded as .html files from the sites of Ladbrokes, Paddy Power, and William Hill (a permanent record of odds from other sites could not be recorded due to these sites being programmed in flash). These data was then used in the analysis. This procedure was deemed more accurate than relying on third party odds-comparison sites to collect data from more bookmakers. Data for other bookmakers were estimated by using the average odds for each event across these three bookmakers. This introduces potential error, but bookmakers’ odds were very similar. For example, the mean raw probability of a 1-0 win was 0.11 for either team over all matches and all three bookmakers. The between-bookmaker standard error of these probabilities was only 0.007.
Odds change in the run-up to a match, meaning that sometimes advertised and recorded probabilities for the same event differed even within a bookmaker. If this was the case, then downloaded probabilities were used, rather than making arbitrary adjustments to a complete set of odds (if the probability on one event decreases, then either the overround may decrease or the probability on other events may increase).
[bookmark: _Toc455489543]Results
Averaged over the 2014 World Cup, overrounds on three-outcome bets for the three bookmakers were very similar: 0.045 (Ladbrokes), 0.039 (Paddy Power), and 0.059 (William Hill). Data from oddschecker.com was used to evaluate whether overrounds on three-outcome bets from these three bookmakers were representative of the entire industry. Increasing the sample to 56 online bookmakers revealed an industry-average overround of 0.051, with a standard error of 0.020, indicating that these three bookmakers are representative of the wider industry.
Averaged over the 2014 World Cup, overrounds on scoreline bets for the three bookmakers were 0.237 (Ladbrokes), 0.323 (Paddy Power), and 0.282 (William Hill), or 0.281 on average.
Over the whole 2014 World Cup, overrounds on first goalscorer bets averaged 0.478. Overrounds were slightly more variable in this bet type, but were uniformly high: 0.464 (Ladbrokes), 0.424 (Paddy Power), and 0.534 (William Hill). While first goalscorer bets often have similar overrounds to scoreline bets, they can have much higher overrounds if many substitutes join the match before the first goal is scored (which is something that bookmakers cannot perfectly predict).  Figure 2 summarizes recorded overrounds in these three bet types.
[bookmark: _Toc455489590]Figure 2: Overrounds in three bet types over the 2014 World Cup.

Which bet types featured in bookmakers’ specials? TV and shop window specials are the most salient to non-regular bettors. Figure 3 provides full details on all observed TV and show-window specials. Eight of 103 TV adverts were on three-outcome bets (7.8%), while three-outcome bets never appeared in collected shop window specials. Overall, three-outcome bets comprised 2.8% of total advertising over these two media. First goalscorer bets (27.7%) and scoreline bets (30.1%) were much more frequently advertised. These bet types have much higher bookmaker profit margins than three-outcome bets. Bookmakers also frequently advertised scorecaster bets (33.0%). The sample is completed by 6.4% “other” bets. These were complex bets that did not fit neatly into any of the more frequent categories, such as “Germany to win and both teams to score”.
Bookmakers’ advertising had a strong tilt toward complex bet types with high bookmaker profit margins; 90.8% of TV and shop window specials were for bet types with high bookmaker profit margins. This shows that bookmakers herd by advertising bet types with high bookmaker profit margins. See Table 1 for a breakdown of all 437 specials recorded.
[bookmark: _Toc455489591]Figure 3: Percentage of TV and shop window advertising by bet type.
  
[bookmark: _Toc455489600]Table 1: Summary of data collected.
These firms account for 8,131 of the UK’s approximately 8,700 high-street bookmakers (numbers from the association of British bookmakers, and from the bookmakers’ websites). Bet 365 and Betway are online-only bookmakers.


	Advertising medium
	Bet type
	Bet365
	Betfred
	Betway
	Coral
	Ladbrokes
	Paddy Power
	William Hill
	Total

	TV
	Three-outcome
	7
	-
	1
	-
	0
	-
	-
	8

	
	First goalscorer
	35
	-
	2
	-
	3
	-
	-
	40

	
	Scoreline
	30
	-
	5
	-
	2
	-
	-
	37

	
	Scorecaster
	0
	-
	0
	-
	4
	-
	-
	4

	
	Other
	0
	-
	7
	-
	7
	-
	-
	14

	
	Total
	72
	-
	15
	-
	16
	-
	-
	103

	Shop Window
	Three-outcome
	-
	0
	-
	0
	0
	0
	0
	0

	
	First goalscorer
	-
	0
	-
	0
	38
	0
	0
	38

	
	Scoreline
	-
	8
	-
	0
	35
	5
	0
	48

	
	Scorecaster
	-
	0
	-
	36
	0
	0
	53
	89

	
	Other
	-
	0
	-
	0
	4
	0
	0
	4

	
	Total
	-
	8
	-
	36
	77
	5
	53
	179

	Within-bookmaker
	First goalscorer
	-
	0
	-
	0
	29
	3
	0
	32

	
	Scoreline
	-
	40
	-
	0
	28
	0
	0
	68

	
	Scorecaster
	-
	0
	-
	54
	0
	1
	0
	55

	
	Total
	-
	40
	-
	54
	57
	4
	0
	155

	Total
	
	72
	48
	15
	90
	150
	9
	53
	437

	Number of shops
	
	-
	1,375
	-
	1,786
	2,268
	266
	2,436
	8,131


	
There were 263 bets involving the first goalscorer; 110 were first goalscorer bets. Five bets were a conjunction of first goalscorer and winning team bets (grouped with first goalscorer bets in the analysis). There were 148 scorecaster bets, for which the “first goalscorer” part of the bet will be used in this analysis. Bookmakers are taking risks with pre-match bets: First goalscorer bets are refunded if the player does not take part in the match prior to the first goal, while scorecasters revert to scoreline bets. Thirty one bets, (11.8%) were shown on TV at half-time. Twenty five, or 10.8% of the 232 pre-match first goalscorer bets were non-valid due to the player not taking part prior to the first goal and were hence not analyzed.
A player’s probability of scoring the first goal was transformed by subtracting the average probability of a player in that match scoring the first goal, providing a measure of above-average scoring likelihood. There were no significant differences on this measure between first goalscorer and scorecaster bets, t(236) = 1.05, p = .295, and pre-match and half-time bets, t(236) = 1.21, p = .227, so the results were pooled. Instead of randomly selecting players from the match, the specials were geared toward advertising likely goalscorers: Advertised players had a probability of scoring 0.098 higher than average. Given that the average player had a probability of 0.065 of scoring the first goal, advertised players were more than twice as likely as average to score the first goal. Bookmakers herded in their advertising of likely goalscorers in first goalscorer bets. Figure 4 shows visually the lack of variation in the data. 
[bookmark: _Toc455489592]Figure 4: Data scatterplot of first goalscorer bets.
This lack of variation between-bookmakers shows that bookmakers herded on a common strategy of advertising likely goalscorers.

Bookmakers frequently advertised bets on specific match scorelines: 275 pre-match adverts were recorded from seven bookmakers (131 scoreline bets and 144 scorecaster bets; half-time bets were not analyzed since the number of goals scored in the first half affects the likelihood of various scorelines). What specific events from these bet types were advertised to consumers?
 “Team strength” was measured via bookmakers’ probabilities of a team winning, normalized to the range (0, 1), so that a team with strength = 0.5 was equally likely to win or lose the match (removing the influence of draws and the overround). Figure 5 shows team strength on the x-axis; observations are grouped by specific scorelines, where 1-0 is statistically the most likely winning scoreline, 2-1 the second most likely, and so on. There is a clear trend that as team strength increases, higher (and less likely) scorelines are shown. A scoreline of 1-0 is most often shown for underdogs (team strength < 0.5), and scorelines of 3-0 or higher are most often shown for favorites. There is a bias toward favorites, with a mean team strength of .618, in line with bookmakers advertising representative events.
[bookmark: _Toc455489593]Figure 5: Scoreline bets.
Team strength for each advertised bet is shown on the x-axis. Observations are grouped by scoreline, where 1-0 is the most likely winning scoreline, 2-1 the next most likely and so on. There is a clear pattern where higher scorelines are advertised for teams of higher team strength.

If bettors overweight small probabilities, bookmakers’ advertising may be geared toward bets with long odds. Figure 6 plots the potential payoff from all valid pre-match scoreline, first goalscorer, and scorecaster bets. Odds are presented in decimal format, a convenient format of odds presentation, where decimal odds = 1/probability. Decimal odds also represent the total payoff for a winning $1 bet. There is a large variation in odds within each bet type, and little overlap between different bet types. First goalscorer bets have decimal odds of between 3.5 and 13; scoreline bets range between 5.5 and 34; scorecaster bets range between 17 and 181.
[bookmark: _Toc455489594]Figure 6: Distribution of decimal odds for the three main bet types.
 
[bookmark: _Toc455489544]Discussion
UK bookmakers cluster in less-affluent areas (Ramesh, 2014; Reed, 2014). As well as herding geographically, the present work shows that bookmakers herd in how they advertise specific bets to consumers. Bookmakers herd on two levels, firstly concentrating on a few types of bets with high bookmaker profit margins (first goalscorer, scoreline, and scorecaster bets – see Figure 3). Bookmakers rarely advertise three-outcome bets, which have much lower bookmaker profit margins than the other three bet types. But bookmakers also herd within these three bet types, by advertising likely goalscorers and by combining favorite teams with unlikely scorelines and vice versa.
The present work hypothesises that this herding might be caused by an exploitation of bettor biases. Support theory correctly predicts that overrounds will increase with the number of partitions of a bet. However, the very strong pattern of advertising within each bet type is more consistent with bookmakers targeting the representativeness heuristic, as support theory does not make any predictions about specific partitions being overestimated compared to others. Almost all advertised scoreline and first goalscorer bets seem to tap into notions of representativeness. And by combining a representative first goalscorer and representative scoreline, scorecaster bets may be made attractive despite high bookmaker profit margins.
Figure 6 shows that there is little evidence for bookmakers targeting a specific level of risk with their bets: There is little overlap in the riskiness of the three major bet types. However, this need not be the case. Bookmakers could easily make first goalscorer bets as risky as scorecaster bets by advertising extremely unlikely goalscorers (for example the goalkeeper, a player who almost never scores in open play), but they prefer to only advertise likely goalscorers, in keeping with representativeness. Similarly, scoreline bets could be made much riskier by advertising underdog teams winning by unlikely scorelines (an extremely unrepresentative event), but this advertising strategy was not used.
The large differences in bookmaker profit margins between different bet types indicates that simply nudging bettors toward different bet types may have a large effect on total losses. Ladbrokes, Paddy Power, and William Hill are all publically-listed companies, and revealed in shareholder disclosures that their gross wins over the 2014 World Cup were 24.3%, 17.3%, and 18.4% respectively. This is over three times higher than the bookmaker profit margin from three-outcome bets at these three bookmakers of 4.3%, 3.7%, and 5.6% respectively.
How bookmakers make your money
Betting markets constantly change, so this study provides only a snapshot in time. It is easy to imagine how complex bets may have come to take their current role. Since complex bets split the event space into ever-finer partitions, a risk-averse bookmaker would naturally increase overrounds every time a level of complexity is added, as insurance against professional sports betters exploiting the greater choice space. But a modern bookmaker with access to big data may have discovered the variables which maximize total profits from complex bets. While bettors may find it easy to compare odds on three-outcome bets, the number of possible events within complex bet types may make it harder to shop around for the best deal. Although bookmakers all had similar patterns in their advertising of complex bets, two bookmakers rarely advertised exactly the same bet (this happened only 31 times in 437 adverts). While nudges are the currently favored method of protecting biased consumers (R. H. Thaler & Sunstein, 2008), nudges present in bookmakers’ advertising may be having the opposite effect.
[bookmark: _Toc455489545]Gambling advertising needs psychologically-informed regulation
Gambling advertising is an unavoidable part of watching UK sports. The scale and sophistication of gambling advertising has increased in recent years. “Live-odds” TV gambling adverts broadcast the odds on specific bets during sporting events (e.g., in soccer, “Wayne Rooney to score the first goal, 7-to-1”). This paper reports an observational study finding 63 such adverts shown over 28 high-profile soccer matches.  This paper then provides experimental evidence that soccer fans cannot form coherent probability judgments for the complex bets shown in these adverts. Judgment coherence was significantly greater for simpler bets. Soccer fans are being systematically exploited by the gambling industry. Government regulators should therefore limit the complexity or prices of advertised bets.
[bookmark: _Toc455489546]Introduction
“[Gambling] advertisements are perceived as biased, exaggerated and as exhorting people to gamble using a variety of approaches and psychological tricks.” (Binde, 2014) (p. 42). This Chapter illustrates the psychological tricks used in UK soccer “live-odds” TV gambling adverts. A relatively modern invention, live-odds adverts have become an unavoidable part of watching UK sports. Live-odds adverts broadcast odds on specific bets (e.g., “Wayne Rooney to score the first goal, 7-to-1”) during a televised match. These adverts are the tip of a larger iceberg of similar gambling advertising, for example across betting shop windows, newspapers, radio, and social media. This advertising is extremely frequent. The present observational study documented 63 TV live-odds adverts over 28 high-profile soccer matches (M = 2.25 per match). These adverts were biased toward “complex” bets, where many possible events could happen. Six experiments reported later in this paper show that increasing event complexity leads to soccer fans giving increasingly irrational probability judgments. Bet complexity should be monitored and regulated as a part of psychologically-informed gambling advertising regulation.
Here complexity is defined as the number of relevant possible outcomes that could happen in a specific class of events. A large literature demonstrates that “unpacking” an event into its constituent elements leads to increasingly overoptimistic probability judgments (Tversky & Koehler, 1994).  This has for example been demonstrated in basketball predictions (Fox, 1999), with option traders (Fox, Rogers, & Tversky, 1996), and in horse racing and laboratory prediction markets (Sonnemann, Camerer, Fox, & Langer, 2013). These studies demonstrate that complexity biases occur even with experienced decision makers and under high financial incentives.
Existing experimental evidence suggests that soccer fans struggle with event complexity, but without directly testing events common to UK gambling advertising. Soccer fans frequently make errors when asked to predict the joint results of either three (Nilsson & Andersson, 2010; Teigen, Martinussen, & Lund, 1996) or two (Erceg & Galić, 2014) separate soccer matches. These joint predictions of multiple matches involve more potential outcomes than can happen in a single match. But UK gambling advertising tends to feature complex events within a single soccer match (Chapter 2).
All soccer matches end with one of three outcomes: Team A wins, draw, Team B wins. Corresponding bets are called “three-outcome” bets here, and they have the lowest number of possible outcomes (they are the least complex). Scoreline bets, e.g., Team A to win 1-0, 2-0, 2-1 etc., are sub-cases of the three-outcome bet “Team A to win.” The large number of potential scorelines leads to more potential outcomes and additional complexity compared to three-outcome bets. First goalscorer bets are similarly complex (there are at least 21 possible outcomes: 10 outfield players on each team scoring the first goal, or nobody scoring). The large number of events in a soccer match demonstrates how simply a complex bet can be created. 
In a study of UK bookmaker advertising over the 2014 soccer World Cup, 90.8% of TV and betting shop window adverts were for scoreline, first goalscorer, or even more complex bets (Chapter 2). Average bookmaker profit margins were calculated as 21.9% for scoreline bets and 32.3% for first goalscorer bets (calculations explained below). This is higher than bookmaker profit margins on simpler three-outcome bets, traditionally set at 10.5% (Forrest & Simmons, 2001; Kuypers, 2000), but closer to 5% more recently (Constantinou & Fenton, 2013). Complex bets have repeatedly been associated with above-average bookmaker profit margins in previous studies of soccer bookmakers (Ayton, 1997; Dixon & Pope, 2004; Forrest & Simmons, 2001).
A profit-making bookmaker quotes odds adding up to a sum of implied probabilities for a complete set of events greater than probability = 1 (Cortis, 2015). High implied probabilities mean the bookmaker can hypothetically make a high risk-free profit margin, known as forming a “Dutch book.” Although bookmakers may pursue other strategies, there is no clear consensus in the literature (Franck, Verbeek, & Nüesch, 2011; Levitt, 2004). So the following equation is often used to calculate the bookmaker profit margin (Kuypers, 2000) and is followed here:
bookmaker profit margin = (sum of probabilities - 1)/sum of probabilities
This assumes that bettors are subject to a Dutch book, and shows that the bookmaker profit margin increases as the sum of probabilities increases beyond 1.
However, a bookmaker quoting odds with high implied probabilities is only guaranteed to attract bettors with even more “incoherent” beliefs (the term for subjective probability estimates adding to above probability = 1). Rational probability judgments are “coherent,” summing to 1 for a complete set of events, and prevent an individual from accepting a sequence of bets guaranteed to make her poorer (Seidenfeld, 1985). Incoherence will be used as the dependent variable in the experiments that follow as a simple measure of judgment quality, although this is not the only valid measure (Seidenfeld, 1985).
A plausible hypothesis therefore is that soccer gambling advertising reflects fans’ probability judgment biases. This hypothesis is tested with a combination of observational and experimental data. Six experiments show that soccer fans struggle to form coherent probability estimates for the complex events found across an observational study of high-profile TV adverts. The discussion provides public policy implications.
[bookmark: _Toc455489547]TV adverts observational study
[bookmark: _Toc455489548]Method
Live-odds gambling adverts were recorded during all televised English Premier League soccer matches over January and February 2016. While betting adverts are shown during other sports and other soccer matches, the English Premier League is the most high-profile league of the UK’s favorite sport. The Gambling Commission and Advertising Standards Agency were contacted before data collection; neither body stated that they kept any records of bets advertised on TV. Similar gambling adverts appear in other media, for example in newspapers, online, and in betting shop windows. Given the time required to collect, code, and analyze these data, TV adverts during English Premier League soccer matches were chosen as the highest-impact sub-sample of adverts.  In total 63 bets were recorded over 28 matches (M = 2.25 per match) from 5 different bookmakers. Adverts were either shown before the start of the match, or during the half-time break. The Southampton versus West Ham match on February 8th was the only match without any live-odds adverts. 
Gambling odds data were downloaded from WilliamHill.com, one of the largest UK bookmakers. Since bookmakers tend to quote similar odds for soccer events (Chapter 2), it was deemed that one bookmaker’s odds would serve as a sufficient proxy for all bookmakers’ odds. Full match data were later downloaded from whoscored.com (including the names of specific players taking part). All collected data for this observational study and the latter experiments are available at https://osf.io/wfxmu/.
[bookmark: _Toc455489549]Results
Figure 7 shows examples of advertised bets, and Table 2 gives a detailed breakdown of collected data. A majority of bets (37 out of 63, 58.7%) involve a player scoring a goal. The majority of these (25 out of 37) are just on the identity of the player to score the first/next goal (see top-left and top-center of Figure 7 for examples). The remaining 12 goalscoring bets involved miscellaneous combinations of events (e.g., see top-right of Figure 7). Four adverts featured odds on specific scorelines (bottom-left of Figure 7), and 11 adverts featured odds on a team to win and both teams to score, therefore doubling the number of events in a three-outcome bet (bottom-center of Figure 7). Finally, 11 adverts featured enhanced odds on three-outcome bets to new customers (bottom-right of Figure 7). Therefore, 52 of 63 bets (82.5%) were for complex bets. These bet types were broadly the same as those found in an observational study during 2014 which covered TV and betting shop adverts (Chapter 2).

[bookmark: _Toc455489595]Figure 7: Examples of live-odds betting adverts.
Clockwise from top-left: first goalscorer (Coral), next goalscorer (Bet 365), miscellaneous goalscoring bet (Sky Bet), three-outcome (Betfair), six-outcome (Ladbrokes), and scoreline (Bet 365). First/next goalscorer bets are essentially identical, with first goalscorer bets shown before the match, and next goalscorer bets shown during the half-time break. [image: ]
[bookmark: _Toc455489601]Table 2: Observational data on advertised live-odds adverts.
	Bet type
	Number of adverts


	Team A to win and both teams to score
	11 (17.5%)

	Three-outcome bet, new player bonus
	11 (17.5%)

	Correct scoreline
	4 (6.3%)

	Player A to…
	

	score first/next
	25 (39.7%)

	to score and Team A to win
	8 (12.7%)

	score and Player B to score
	2 (3.2%)

	score a goal
	1 (1.6%)

	score two or more goals
	1 (1.6%)

	Total
	63



Events were not selected randomly within a bet type: there was a bias toward advertising individually likely or “representative” events (Tversky & Kahneman, 1974). The examples from Figure 7 all involve star players or top teams. This can best be demonstrated for the relatively large sample of goalscoring bets. All 37 player scoring bets were grouped together. The average first goal probability of advertised players (0.177) was much higher than non-advertised players’ (0.066). This difference was statistically significant t(678) = 14.4, p <.001. Live-odds adverts were biased toward representative goal scorers, replicating Chapter 2’s results.
Were the odds on advertised complex bets fair? There were 37 adverts involving a player scoring a goal. The gambling odds data downloaded from WilliamHill.com and player information from whoscored.com can be used to give a rough estimate for these adverts. In total 20 outfield players start each match, either one of these players will score the first goal or no goal will be scored. These 21 probabilities should add up to probability = 1 if the odds are fair (in fact, less than one given that a substitute player may score the first goal). Actually, the probabilities added up to an average of 1.529, resulting in a bookmaker profit margin of 34.6%. By contrast, odds for three-outcome bets for these games added up to an average of 1.060, resulting in a much lower bookmaker profit margin of 5.7%. While this is only a small sample, the previous literature repeatedly finds that bet complexity and bookmaker profit margins are positively correlated (Ayton, 1997; Dixon & Pope, 2004; Forrest & Simmons, 2001).
[bookmark: _Toc455489550]Experiments
[bookmark: _Toc455489551]Method
A series of experiments was conducted to test the coherence of probability estimates for the major types of advertised bets in Figure 7. Participants gave subjective probability estimates for all possible outcomes in a given event type, with the excess above probability = 1 used to measure judgment coherence (except in Experiments 1 and 6 where sub-samples of events were elicited, but where the same conservative measure of coherence was used). All conducted experiments are reported in the following, as are all outcome measures and analyses performed. 
Table 3 provides an overview of each Experiment. A random lottery was used to incentivize truthful responses in Experiments 1-5, using an established procedure (Harrison, Martínez-Correa, & Swarthout, 2014). Because this procedure uses a non-linear scoring rule to weight participants’ probability of winning a prize, participants were just (truthfully) told, “The likelihood of winning a prize depends on both your choices and what actually happens. Providing accurate predictions will maximize your chances of winning.” Since this procedure assumes coherent probability estimates, only participants giving coherent estimates were eligible for these bonuses. At the end of each experiment, participants entered the number of live soccer matches (on TV or in person) that they watched in 2015. Participants responding “zero” were excluded from the following analysis. A further knowledge check was performed for participants in Experiment 1. Total N = 2,065 after exclusions.
[bookmark: _Toc455489602]

[bookmark: _GoBack]Table 3. Overview of experiments.
	Experiment
	Match
	Participant pool
	N participants included
	N participants excluded
	Incentivization

	1
	Premier league matches 23/24 January 2016
	Prolific academic (UK)
	598
	30
	2 £100 bonuses

	2
	Germany vs. England 26 March 2016
	Prolific academic (UK)
	314
	85
	2 £100 bonuses

	3
	USA vs. Guatemala 31 March 2016
	Prolific academic (US)
	320
	75
	$100 bonus

	4
	USA vs. Guatemala 31 March 2016
	Mechanical turk (US)
	306
	95
	$20 bonus

	5
	England vs. The Netherlands 29 March 2016
	Prolific academic (UK)
	313
	91
	2 £100 bonuses

	6
	Arsenal vs. Watford  2 April 2016
	General public
	214
	0
	


Note. Bonuses in Experiment 5 were assigned randomly due to a programming error. No bonus was offered in Experiment 6 to maintain participant anonymity.

Sample size in Experiment 1 was initially planned to be 1,000, as this experiment involves fans of all 20 English Premier League teams making predictions about their favorite team, but data collection had to cease when the matches began. Experiments 2-5 all had initial samples of almost exactly 400 participants (creating highly-powered studies, since event type was varied within-participants). Sample size in Experiment 6 was driven by the number of participants that could be voluntarily recruited via social media before the match started. 
Participants gave subjective probabilities for events in an upcoming soccer match. It is important to elicit subjective probabilities in a way that participants can understand. As seen in Figure 7, live-odds gambling adverts tend to use fractional odds x/y, where x represents the potential profit from a successful bet of y units, corresponding to a probability of y/(x + y) (Cortis, 2015). However, many people are likely to find this method of stating probabilities unintuitive.
An often-observed effect is that performance on a Bayesian updating task improves when probabilities are reframed from percentages into natural frequencies (Gigerenzer & Hoffrage, 1995). Subsequent work in a soccer estimation task suggests that participants may find it easier to state subjective probabilities about upcoming soccer matches in natural frequencies (Erceg & Galić, 2014). All participants were presented instructions such as the following (depending on the event types they were giving subjective probabilities for):
Imagine that the match will be played 100 times. Your task is to predict how many times the match will end in a stated outcome.
For example:
"England to win"
In how many of the 100 matches would England win the match?
Please answer with a whole number between 0 and 100, where 0 means that the match will never end in that stated outcome, and 100 means the match will always end in that stated outcome.
Then participants gave subjective probabilities for one outcome at a time in a given event type. Participants did this for each outcome in an event type, before moving onto a new event type. Full experimental instructions and results can be downloaded from https://osf.io/wfxmu/.
[bookmark: _Toc455489552]Results
Mean judgment sum results (with 100 meaning p = 1) are shown in Figure 8 for all experiments and all event types. As can be seen, there is a very clear pattern where judgment sum increases with the number of outcomes. Three-outcome bets have the lowest number of outcomes, and were the only event type where the average judgment was close to 100. The modal response for three-outcome bets was always 100, with for example 76.8% and 77.6% of participants in Experiments 2 and 6 responding with a sum of 100.

[bookmark: _Toc455489596]Figure 8. Mean probability judgment sum across all experiments.
Error bars are 95% CIs. All differences within each experiment were statistically significant. There is a clear trend where event complexity, as measured by the number of potential outcomes, drives an increasingly-incoherent judgment sum (above 100). Three-outcome bets are the simplest (only three possible outcomes) and were the closest to coherence (Experiments 2-6). Six-outcome bets were the next simplest (Experiments 4 and 5). First goalscorer judgments were elicited over 10 outcomes (Experiment 1), 11 outcomes (Experiment 6), and 21 outcomes (Experiment 2). Scoreline bets were elicited over the 16 most-likely outcomes (Experiments 3 and 5).


Six-outcome bets break each event in a three-outcome bet into two possibilities: Either both teams score (see bottom-center of Figure 7, “Liverpool to win and both teams to score”), or at least one team fails to score. Even this relatively minor doubling of the number of outcomes leads to large increases in incoherence both in Experiment 4 (M = 150.7, 95% CI [143.5, 158.0]) and Experiment 5 (M = 166.7, 95% CI [157.4, 176.0]).
Scoreline bets were elicited in Experiments 3 and 5. While there is no natural upper bound on scorelines that could happen in a soccer match, probabilities were elicited for the 16 most likely scorelines (every scoreline from 0-0 to 3-3). It can be seen that participants found it extremely difficult to give coherent responses with this number of outcomes. For scoreline bets, Experiment 3 participants gave a mean judgment sum of 279.1 (95% CI [256.1, 302.0]), while Experiment 5 participants gave a mean judgment sum of 306.4 (95% CI [283.0, 329.8]).
Next were first goalscorer bets. In Experiment 1, participants gave estimates only for the 10 outfield players on their favorite team, nonetheless, there was a large degree of incoherence (M = 146.9, 95% CI [136.4, 157.4]). This is even though the sum of these 10 judgments should add up to much less than 100 (allowing the other team a chance to score the first goal). The first goalscorer estimates in Experiment 2 were for all 20 outfield players (across both teams), and the probability of no-score, which should add up to 100. The mean response in this Experiment more than doubled the normative sum of 100 (M = 248.8, 95% CI [221.8, 275.7]). These were the same participants who gave three-outcome event estimates barely distinguishable from coherence (M = 103.3, 95% CI [100.9, 105.8]).
Participants in Experiments 1-5 were recruited from online crowdsourcing sites. It might be argued that these participants are not genuine soccer fans, and that genuine fans would give more coherent judgments. Around 20% of the initial samples in Experiments 2-5 were dropped for stating that they did not watch any soccer in 2015.  Perhaps genuine fans will be able to give accurate responses for the team they care most about (and are most likely to bet on). Experiment 6 recruited 214 supporters of the English Premier League team Arsenal, from social media. These fans gave similar three outcome event estimates to participants in previous experiments (M = 104.4, 95% CI [102.0, 106.8]). But, when estimating the chances of the 10 Arsenal players scoring the first goal and the probability of no-goal, they gave significantly higher estimates (M = 124.5, 95% CI [110.9, 138.0], t(212) = -3.27, p = .001). Like in Experiment 1, Experiment 6 participants gave incoherent first goal estimates before even considering the possibility of the other team scoring the first goal. And this is even though these participants were highly familiar with the players they were being asked about, and highly engaged with soccer, reporting watching an average of 74.5 soccer matches in 2015.
Experiment 1 was originally designed to test whether judgment coherence varied with outcome elicitation order. Gambling adverts are biased toward representative outcomes, as found here and in Chapter 2. It is possible that estimating a class of events beginning with the individually most likely (representative) events, will lead to increasingly incoherent responses for that entire class. In Experiments 1, 2, and 6, first goalscorer judgments were given in either decreasing or increasing order of probability (as given by WilliamHill.com betting odds), thereby going in order of either increasing or decreasing representativeness. But there was no difference in judgment sum between these question orders in any experiment (all p-values > .239).
[bookmark: _Toc455489553]Discussion
Soccer fans fail to give coherent probability judgments for the complex events present in UK gambling advertising. These adverts arguably fail the spirit of UK regulations: “Marketing communications must not mislead the consumer by omitting material information. They must not mislead by hiding material information or presenting it in an unclear, unintelligible, ambiguous or untimely manner.” (Committee of Advertising Practice, 2016), p.11. Psychologically-informed regulation is required for this advertising. UK regulators such as the Advertising Standards Agency, the Gambling Commission, and Ofcom should monitor gambling advertising content for complexity (e.g, on TV, social media, in betting shop windows, online, and in newspaper advertising).
The alternative to psychologically-informed gambling regulation is to allow the market to continue, in the hope that market forces will eliminate this consumer exploitation. Existing experimental results suggest that soccer fans struggle to adjust their subjective probabilities in-line with variable bookmaker profit margins, suggesting that consumers may have a limited ability to adapt (Andersson & Nilsson, 2015). Bookmakers in this market may have the incentive to keep consumers in the dark rather than alert consumers to the psychological tricks of their competitors (Gabaix & Laibson, 2006). Similar errors are extremely robust to both experience and financial incentives in a number of real world and experimental prediction markets (Sonnemann et al., 2013).
Specific gambles mentioned in live-odds advertising should be restricted based either on the bookmaker profit margin or complexity. Complex bets can be advertised that are falsely-alluring despite high bookmaker profit margins. Regulators could limit harm to vulnerable people by limiting the maximum allowable bookmaker profit margin in advertised gambles. An alternative is to limit complexity. Consistent results show that three-outcome events are estimated reasonably coherently. If only simple bets can be advertised, then bookmakers must offer true economic discounts to create alluring adverts. It is interesting to note that the simplest advertised bets, three-outcome bets, were only advertised in the observational study as “new customer enhanced price” bets, which reward new customers with a higher-than-normal potential win (See Figure 7 bottom-right).
Gambling advertising was also biased toward representative events, as found in Chapter 2. Although representativeness did not affect judgment coherence across three experiments, research should investigate other pathways through which representativeness may affect soccer judgments. “Calibration” is another rational standard for probability judgments, meaning that subjective probabilities should align with observed relative frequencies in a large sample of events (Seidenfeld, 1985). Soccer fans may well be less-well calibrated for representative events. It could also be that representativeness does not affect coherence or calibration, but increases total betting volume (Franck et al., 2011). Bettors may simply prefer to bet on familiar teams and players, suggesting that representativeness may help to increase the total volume of gambling. Actual betting data is a closely-guarded industry secret, and a lack of available data has so far prevented clear answers to these and similar questions. Greater access to betting data is needed to answer the important regulatory issues which this research highlights.
Gambling advertising needs psychologically-informed regulation
Gambling advertising needs psychologically-informed regulation

While this evidence applies directly only to UK soccer, the underlying mechanism –complexity – is relevant to other countries and other gambling forms (even in gambling markets without any advertising, as it is relevant to the choice architecture of gambling platforms). Dominant UK bookmakers have large international operations, and may use the same advertising techniques abroad, so it is important to document gambling advertising complexity across the world.
[bookmark: _Toc455489554]Nudging investors big and small toward better decisions
Investors significantly reduce their future returns by selecting mutual funds with higher fees, allured by higher past returns that do not predict future performance. This suboptimal behavior, which can roughly halve an investor’s retirement savings, is driven by two psychological factors. One factor is difficulty comprehending rate information, which is critical given that mutual fund fees and returns are typically communicated in percentages. A second factor is devaluing small differences in returns or fees (i.e., a peanuts effect). These two factors interact such that large investors benefit when fees are stated in currency (as opposed to percentages), whereas small investors benefit from returns stated in currency. These striking results suggest behavioral interventions that are tailored specifically for small and large investors.
[bookmark: _Toc455489555]Introduction
Choosing a proper investment strategy is key to financial health, particularly in an era where commonplace defined-contribution retirement plans require individual investors to make their own portfolio allocation decisions (Zelinsky, 2004). Unfortunately, most non-specialists have a very poor understanding of the basics of investing in mutual funds, and, as a result, they adopt strategies that cause their returns to suffer (Barber, Odean, & Zheng, 2005; Elton, Gruber, & Busse, 2004) and even jeopardize the possibility of their enjoying a comfortable retirement. In this contribution, we address how these negative consequences resulting from lack of knowledge can be ameliorated or exacerbated by how information is conveyed to investors.
Mutual fund investors must weigh a number of factors when making an investment decision, including past returns, management fees, fund manager, and risk (Wilcox, 2003). Many investors select mutual funds on the basis of high past returns (Barber et al., 2005; Choi, Laibson, & Madrian, 2010; Navone, 2012; Sirri & Tufano, 1998; Wilcox, 2003), yet the evidence indicates that this is a poor strategy (Carhart, 1997), because differences in past performance between mutual funds with similar investment strategies are largely attributable to factors that do not predict future performance. For example, due to market cycles and fluctuations, identical funds originated on different dates can have dramatically different past returns. Nevertheless, investors are allured by past returns and often purchase high-cost funds that are unlikely to beat low-cost alternatives. Instead, better returns (after fees) can be attained by selecting mutual funds with low management fees (Bogle, 2000; Gruber, 1996; Malkiel, 2016), because after-fee average future performance is reduced approximately one-for-one by increases in fees (Sharpe, 1991). Unfortunately, many investors either lack this key knowledge regarding fees or fail to act on it because of how investment decisions are framed.
In 2014, over $8 trillion was invested in US equity mutual funds with an average fee of 0.7% a year (Investment Company Institute, 2015), even though mutual funds with expenses as low as 0.05% a year are available. Thus, there is great potential for improving the welfare of typical investors, such as those saving for retirement. Even small increases in the weight given to fees, relative to past returns, can lead to significant improvements in investor welfare from a behavior change perspective (R. H. Thaler & Sunstein, 2008).
To offer a brief numerical example of the importance of choosing low-fee funds, the US stock market produced a total average return of 10.9% between 1970-2013. At zero cost, this would have seen a $1,000 investment grow to more than $94,839. Although all mutual funds charge fees, funds with expenses as low as 0.05% now exist (for example Admiral shares of the Vanguard S&P 500 Index fund). This fee would reduce final wealth to $92,976. A 1% annual fee, however, is enough to reduce the final investment balance to $63,665 – a reduction in final wealth of $31,174. A high 1.72% fee fund (approximately the most expensive in the US market) would reduce the final balance further, to $47,676, which is roughly half the return of the low-cost fund that is the same product for all intents and purposes. Fees, which are typically assessed as an annual percentage of the current investment size, can clearly reduce an investor’s returns significantly over the long haul. 
Rather than simple financial illiteracy, one possibility is that investors make poor decisions in part because of idiosyncrasies in how humans process numeric information. Indeed, these basic psychological factors may help explain why investors favor higher-cost funds. If so, then a better understanding of these factors may spur the development of effective interventions to improve financial decision making and financial health. In what follows, we identify two interacting psychological factors that serve to shape suboptimal investment decisions, and show how the influence of these factors can be ameliorated or exaggerated as a result of the way in which information is presented to investors. 
The first psychological factor that we suspect leads to poor investor decision making is a difficulty reasoning effectively when information is presented in a rate or percentage format, as fees and returns in mutual funds typically are (e.g., fees of 1% a year; +10% expected return per year). There is an abundance of evidence that people are poor at reasoning with rate information. For example, shoppers prefer offers in which they get 50% more of a product for free than an equivalent 33% price reduction (Chen, Marmorstein, Tsiros, & Rao, 2012), even though both offers are identical in financial terms. People are no better with fractions. In the early 1980s, a fast food chain discontinued its third-pound of beef burgers because consumers thought the meat patties were smaller than McDonald’s quarter pounder as the 4 in ¼ is greater than the 3 in ⅓ (Green, 2014) . In evaluating fuel economy, which is typically expressed as a rate (i.e., miles per gallon; MPG), people make systematic decision errors treating the difference between 10 MPG and 20 MPG vehicles as equivalent to that between 40 MPG and 50MPG vehicles, when in fact the improvement in the first case is 100% but only 25% in the second case (Larrick & Soll, 2008). In general, people seem to reason more effectively when information is communicated in concrete (non-rate) formats (Gigerenzer & Hoffrage, 1995). In the investment domain, transforming percentage fees to a number format can draw more attention to costs (Choi et al., 2010; Hastings & Tejeda-Ashton, 2008). 
To illustrate the difficulties that investors might face when dealing with information in percentage format, we asked 1,973 investors across our two experiments the following numerical literacy question:
A stock mutual fund has a return of +10% in year one, and a return of -10% in year two. The mutual fund's final value is: 
· More than its initial value 			[chosen by 20.4% of investors]
· Equal to its initial value 			[chosen by 33.9% of investors]
· Less than its initial value 			[chosen by 45.7% of investors]

Less than half (45.7%) of the sample arrived at the correct answer, which requires appreciating that the geometric mean, not the arithmetic mean, is the appropriate operation for percentages and other rate information. 
The second psychological factor that we suspect leads to poor investor decision making is a downweighting of small costs and returns, sometimes labeled the “peanuts effect” (Weber & Chapman, 2005). People tend to discount the consequences of repeating actions that incur a small cost or lead to a small gain, which can have serious consequences for repeated behaviors such as smoking (Loewenstein, Asch, Friedman, Melichar, & Volpp, 2012). In investing, the peanuts effect leads to fees or returns in currency units (i.e., presented in dollars as opposed to percentages) that are numerically small being downweighted in the decision process. Percentage information is so poorly understood that it should not be subject to downweighting (e.g., it is unclear to people whether 1% of a million dollars is sizable).
As we will show, these two psychological factors, poor comprehension of rate information and insensitivity to small rewards or costs, interact in surprising ways to shape investors’ decisions depending on how much an individual has to invest. When fees are stated in terms of currency (as opposed to percentages; See Figure 9) and return rates are presented as percentages, we might expect that smaller investors will be more likely to treat the increased costs of higher-fee funds as inconsequential (i.e., a peanuts effect), whereas cost differences will be salient to large investors in this format. The effect for large investors has previously been established in mutual fund investing (Choi et al., 2010; Hastings & Tejeda-Ashton, 2008), but the peanuts effect is novel, with small investors expected to make even worse decisions than in the percentage format real-world status quo.

[bookmark: _Toc455489597]Figure 9. Example stimuli in the $1,000 (low-investment amount) conditions of Experiments 1 (panel A) and 2 (panel B).
The default, as in the real-world, is to state both fees and returns in percentages. In Experiment 1, fees were either presented in terms of currency or percentages. Panel A shows an example where fees are in currency format. Experiment 2 manipulated the format (percentage or currency) of returns. Panel B shows expected returns in terms of currency. [image: stimFigureABcrop]
The opposite pattern can be expected when past performance is stated in currency and fees are in percentage. When past performance phrased in terms of currency, small investors can be expected to neglect differences in returns (i.e., a peanuts effect), whereas return differences will now be especially salient to larger investors in this format. In this case, we might expect investors’ poor ability to understand the impact of fees stated in percentages to lead large investors to aim for higher returns, whereas smaller investors will be now discount trivial differences in returns and make the “wiser” investment decision in this context.
On the other hand, when both fee and return information is phrased in terms of percentages, we might expect that investor behavior will vary little across investment size simply because information presented in this format tends to be poorly understood and opaque to investors. In summary, large investors should benefit when fees are presented as currency units, but suffer when returns are stated in currency units. Smaller investors should show the opposite pattern. To foreshadow our results, we observe this three-way interaction.
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In Experiments 1 and 2, participants made a single forced choice between a low- and high-fee mutual funds that followed the same investment strategy. The “correct” choice is the low-fee fund as fees are more predictive of future returns than past performance (Carhart, 1997). For ease of comparing effect size between-experiments, the funds had identical fee/past performance trade-offs (a fund with 1% on both fees and past performance, and a fund with 1.5% fees and past performance). Usually past performance will range on a much larger scale than fees, confounding potential explanations of why investors do not minimize fees. The high-fee fund always had higher past performance, which could be the case if S&P 500 index funds were initiated on different start dates (Choi et al., 2010). Experiments 1 and 2 each had four conditions resulting from crossing fund size ($1,000 vs. $1,000,000) and format (currency or percentage) of either the fees (Experiment 1) or the expected returns (Experiment 2). 
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US-based investors were recruited using Amazon Mechanical Turk, a paid online crowdsourcing platform, which is an effective method for recruiting demographically diverse samples (Buhrmester, Kwang, & Gosling, 2011) and has been shown to yield results consistent with decision making studies in the laboratory (Crump et al., 2013). Participants were screened based on the presence of household investments, defined as any stocks, bonds, or mutual funds in an investment or defined-contribution account. Participants in Experiments 1 (n=1,010) and 2 (n=963) had similar demographic profiles that were typical of US investors (see Table 4). The data-collection target was set in advance at n=1,000, in order to have 250 participants on average per-cell and achieve 99% for a medium effect size. No variables or conditions were omitted in the analyses.
[bookmark: _Toc455489603]Table 4. A comparison of participants across the two experiments.


In all conditions and across both experiments, participants were shown a short description of two hypothetical mutual funds, labeled Fund A and Fund B, before being asked to choose their preferred fund: 
Stock mutual funds combine the money from many investors to buy a variety of stocks. This makes it easier for investors to have diversified portfolios. Mutual funds charge fees in return for this service. Mutual funds are devised to follow some benchmark of stocks, such as the S&P 500 which is the weighted average return of the 500 largest US stocks.
Your task is to invest [$1,000/$1,000,000] in one of the two mutual funds below. Both funds follow a similar investment strategy, but were launched at different times around a year ago.
Participants who respond with the better answer will be entered into a $10 lottery.
Below this description of the two mutual funds, a table was shown describing the fees and past returns for the two funds (see Figure 9). Participants chose between a low-fee fund, with fees of 1% a year and after-fee returns of 1%, and a high-fee fund with both fees and after-fee returns of 1.5% a year. Labeling of Fund A/B as the low-fee fund was counterbalanced in each condition.
The default (as in the real-world) is to show both fees and returns in percentage format to participants. In Experiment 1, whether fees were shown in percentages or currency was varied across participants, whereas in Experiment 2 the format was varied for returns. As motivated above, small investors ($1,000) should make worse decisions when fees are presented in currency units, but benefit when returns are stated in currency units. Large investors ($1,000,000) should show the opposite pattern.
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Experiment 1’s data were subjected to a logistic regression with fund choice (low-fee/high-fee) as the binary dependent variable, and fee framing (percentage or currency), portfolio size ($1,000 or $1,000,000), and their interaction as independent variables. As predicted, there was a significant interaction (see Figure 10) between fee framing and portfolio size, χ²(1, 1010) = 8.29, p = .004. The interaction was consistent with the two hypothesized psychological factors: a peanuts effects in which small investors were more likely to choose the high-cost fund (only $5 more on a $1,000 investment) than were large investors, χ²(1, 502) = 11.11, p = .001, as well as a poor understanding of rate information reflected in no significant difference in preference when all information was in percentages, χ²(1, 508) = 0.46, p = .499.
Experiment 2 was the same as Experiment 1, except that fees were always stated in terms of percentages and instead the format of returns was either in percentages or currency format (see Figure 10). Although not significant, format and investment amount interacted in the predicted direction, χ²(1, 963) = 1.97, p = .161. Following the two hypothesized psychological factors, there was again no difference in choices for the percentage conditions, χ²(1, 478) = 0.25, p = .618, but a significant effect (this time in the opposite direction, as predicted) for the currency conditions, χ²(1, 485) = 6.30, p = .012.
[bookmark: _Toc455489598]Figure 10. Results from both experiments.
In Experiment 1, fees were either in percentages or currency. In Experiment 2, the format of returns was manipulated. Error bars are 95% confidence intervals of the mean. 
[image: PhilChart]
The effect of format was strikingly different across Experiments 1 (fees) and 2 (returns). One way to quantify these contrasting patterns is to evaluate the three-way interaction (study x format x investment size) across studies, χ²(1, 1973) = 9.19, p = .002. Although our focus was on this interaction, it is noteworthy that across conditions only 40.8% of investors chose the low-fee fund (i.e., made a correct investment decision) with only small investors choosing the low-fee fund at chance levels when returns were presented in terms of currency (see Figure 10).
Both psychological factors were strongly manifested in our results. Across studies, response rates for the percentage conditions were remarkably flat across investment size, consistent with a poor understanding of rate information. The second psychological factor, a tendency to discount small returns and fees (i.e., a peanuts effect) was robust: small investors went from choosing the low-fee fund only 27.4% of the time when fees were stated in terms of currency to 54.9% of the time when returns were stated in terms of currency. This is a huge framing effect for economically identical choices.
[bookmark: _Toc455489559]Discussion
Improving the quality of investors’ decisions is a goal with important economic consequences. Previous work has shown that mutual fund investors may benefit from having fees reframed in terms of currency (Choi et al., 2010; Hastings & Tejeda-Ashton, 2008). The present study adds a key contribution to this result: it is only beneficial for large investors to have fees framed in terms of currency. For small investors a peanuts effect leads to even more returns chasing than in the percentage real-world status quo. Small investors can be nudged toward greater fee-sensitivity, however, if the peanuts effect is instead used to reduce the salience of past returns. Nudges tailored to an individual investor’s situation are capable of benefiting investors large or small.
Investors’ preference for maximizing past returns over minimizing fees remains an outstanding puzzle in financial behavior. Experiments on slow-moving time-series show that participants are unlikely to learn that high past returns do not predict high future performance by themselves (Beshears, Choi, Fuster, Laibson, & Madrian, 2013). Successful heuristics from other domains may hurt mutual fund investors. Since in the real-world past returns tend to vary over a larger scale than fees, any investor who weighs the two cues equally will tend to buy mutual funds with high past returns. The present experiments add an important qualification. Even when choosing between two funds with identical past return/fees trade-offs, 59.2% of investors chose to maximize past returns. The only condition where past returns and fees were given equal weight was when past returns were subjected to the peanuts effect.
The magnitude of investors’ mistakes, and the resultant economic losses, means that no single policy is likely to be sufficient. Experiments have manipulated the mandated disclosure statement, “past performance does not guarantee future results,” which is clearly insufficient to prevent investors from purchasing funds with high past returns (as shown by its inclusion in the present experiments), with stronger statements encouraging investors to minimize fees (Fisch & Wilkinson-Ryan, 2014; Mercer, Palmiter, & Taha, 2010). These interventions increase fee-sensitivity, but do not prevent investors from chasing high past returns. In this light, our work suggests that manipulating the salience of fees or past returns, depending on the investor’s situation, may complement stronger disclosure statements.
A longstanding assumption in economics is that investor biases must be due to a lack of access to financial education, or low levels of financial literacy (Mitchell & Lusardi, 2011). However, numerous costly financial education programs have been initiated with remarkably few positive results (Willis, 2011). A recent meta-analysis found that financial education interventions have almost no impact on financial behavior (Fernandes et al., 2014).This suggests that nudges may be more cost-effective than education at changing financial behavior.
Real-world investing is more complex than the one-shot task presented to investors in our studies. Many real-world investing scenarios are complicated by advisors who may be incentivized to sell high-fee products, which may lead to smaller effect sizes if these interventions were used in the field. Investors may for example rely on heuristics such as “buy what your advisor recommends” (Monti, Boero, Berg, Gigerenzer, & Martignon, 2012). Encouraging people to seek finance advice and regulating the nature of this advice may prove ineffective in improving investor decision-making because financial advisors often reinforce the biases of their clients (Mullainathan, Noeth, & Schoar, 2012) and many investors prefer to manage their accounts personally, and are likely to do so poorly (Barber & Odean, 2000).
One implication of our results is that a one-size-fits-all policy might not be effective as small and large investors may react differently to interventions. Although it would seem reasonable to move away from presenting information in poorly understood percentages and to instead adopt currency formats, in some cases, such as small investors considering fees and large investors considering expected returns, this change should worsen financial decision making. Thus, any “nudges” undertaken need to consider the audience.
Finally, one challenge facing many societies is growing wealth inequality (Piketty, 2014) which is a politically contentious and potentially destabilizing issue. Although smarter investing decisions alone will not fully address this issue, choosing low-cost investments could by itself double the retirement savings of some middle-class investors. Given the potential benefit for individuals and society, exploring interventions based on the current findings is warranted. Although these interventions are unlikely to be voluntarily enacted by the industry, they could be introduced in a package of psychologically-informed regulatory measures. The Financial Conduct Authority in the UK has begun exploring nudges and other information disclosures to improve investor welfare, and other financial regulators may soon follow (Erta, Hunt, Iscenko, & Brambley, 2013).


Nudging investors big and small toward better decisions

[bookmark: _Toc455489560]Downside financial risk is misunderstood
To calculate overall financial returns, ordinary gains and losses can be added, but percentage returns must be multiplied. A sequence of equal percentage gains and losses results in an overall loss, which is clear only when returns are multiplied. Adding percentage returns leads to a biased underestimation of downside financial risk. Over 3,498 participants and five experiments, the widespread illusion that a sequence of equal percentage gains and losses produces a zero overall return was demonstrated. Participants continued to err frequently, even with percentage returns of +/-100%, or when financially incentivized. Financial literacy, numeracy, and deliberation were all shown to independently contribute to accurate performance. These results have important implications for promoting the understanding of downside financial risk.
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“Stocks plunge 508 points, a drop of 22.6%”, was how the New York Times reported the fall in the Dow Jones Industrial Average on Black Monday, the record one-day stock market crash on October 19th 1987. Financial returns are usually reported as percentages, in order to standardize price changes across different markets, investments, and investors. An unusual feature of percentage returns is that a subsequent 29.2% increase is required to reverse Black Monday’s 22.6% decrease. Recent past stock market returns may be more salient for novice investors. An investor may look at the two most recent US bear markets and be surprised by the required subsequence returns to break even. The peak-to-trough fall from 2000-2003 of 43.7% required a 77.5% return to break even, while the 2007-2009 fall of 50.8% required a 103.4% return to break even (Shiller, 2016). A return sequence of +x% and –x% results in a negative overall return (it doesn’t matter which return comes first), with the size of the negative overall return increasing with the size of x (Bodie, Kane, & Marcus, 2001). This Chapter explores the widespread misunderstanding of this aspect of downside financial risk.
Personal investors will often interact with percentage information. For example, investors will often read rule-of-thumb advice that a maximum tolerable loss for diversified stock market investments is around 50%, and that this should be accounted for when setting allocation limits between stocks and safer assets such as bonds (Garrett, 2012; Swedroe & Balaban, 2012). But only investors who understand the asymmetry between positive and negative percentage returns can rationally process this information. Many investors are instead likely to assume that returns of +50% and -50% cancel out. Investors may overestimate their risk tolerance if they mistakenly underestimate the devastating impact of large percentage losses. For example, novice participants in the recent dot com and real estate investment bubbles may have had their confidence bolstered by several early years of large percentage gains, unaware of how easily a sequence of losses can reverse these gains. Although this bias may be reduced in decisions from experience compared to decisions from description (Hertwig, Barron, Weber, & Erev, 2004), this can be an expensive lesson to learn via experience.
A return sequence of +x% and –x% results in a negative overall return, with overall losses increasing as x increases (Bodie et al., 2001). While returns of +10% and -10% result in a total return of -1%, a return sequence of +50% and -50% results in a total return of -25%. It is easiest to understand the correct answer by simulating the value of an investment over the two years. For returns of +/-10%, an initial investment of $100 increases to $110 in year one, before decreasing by $11 to $99. The second percentage change multiplies both the initial value and the first percentage change. For returns of +/-50% a stock worth $100 increases to $150, before falling to $75. Instead of performing this two-step multiplicative procedure, it is hypothesized that many investors will perform a one-step additive procedure and assume that returns of +x% and –x% = 0.
Research indicates that investors struggle to perform the multiplication required in compound interest calculations, involving annual percentage increases (Eisenstein & Hoch, 2007; McKenzie & Liersch, 2011). For example, an annual growth of 10% over three years requires multiplying 1.1*1.1*1.1 by the initial account balance. These experiments suggest that a number of participants perform a simpler additive calculation, where the first year’s return is added to the anticipated final balance for every year (e.g., 1 + 0.1 + 0.1 + 0.1). When dealing with a sequence of pure increases this leads to a systematic underestimation of the final balance (Eisenstein & Hoch, 2007; McKenzie & Liersch, 2011).
Prior consumer research suggests that percentages are challenging generally, and not just in the financial domain (Chen & Rao, 2007; Chen et al., 2012; Kruger & Vargas, 2008). For example, Kruger and Vargas (2008) find systematic framing effects between saying product A is 50% more expensive than product B, compared to saying that product B is 33% cheaper than product A (imagine prices of $150 for product A and $100 for product B). Chen and Rao (2007) find that successive percentage discounts or surcharges on consumer products are processed additively, rather than multiplicatively.
Downside financial risk highlights the numerous inputs to good financial decisions. Financial literacy is often-investigated as a cause of poor financial behaviors (Mitchell & Lusardi, 2011). But a recent meta-analysis of the literature suggests that financial literacy interventions have little average effect on financial behaviors (Fernandes et al., 2014). Downside financial risk is primarily a numerical problem, however, and numeracy has been highlighted as another predictor of financial behaviors (Cole, Paulson, & Shastry, 2014; Estrada-Mejia, de Vries, & Zeelenberg, 2016; Ghazal, Cokely, & Garcia-Retamero, 2014). This paper explores associations between the understanding of downside financial risk, financial literacy, and numeracy. 
Five experiments are reported below to explore the (mis-)understanding that a return of –x% more than wipes out a return of +x%. It is hypothesized that participants will most commonly err by answering that this return sequence results in a zero overall return (all Experiments). One important issue is the extent to which this error is independent of return size volatility, x (Experiments 1, 2, and 4). Experiment 3 tests the robustness of this effect to financial incentives. Potentially relevant individual difference measures are investigated (Experiments 1 and 5). Finally, Experiments 4 and 5 test a debiasing intervention, and Experiment 5 tests potential causal mechanisms through which this intervention operates.
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In all five experiments, participants aged 18 and over and from the US were collected via Amazon Mechanical Turk, and paid $.10. A total of 981 participants were recruited for Experiment 1, to create a highly-powered initial study. For this experiment, 53.3% of the sample had a college degree, 57.9% were female, and the average age was 36.4. 
Return size volatility was manipulated within-participants:
Suppose a stock increases 10% [50%] in year one, decreases by 10% [50%] in year two, and does not pay any dividends for the duration. Is the stock’s final value more than, equal to, or less than its initial value? 
In a counterbalanced design, half of participants answered the +/-10% question at the start of the experiment, and the +/-50% question at the end. The other half of participants answered these questions in the opposite order. These questions were put as far apart as possible to minimize recall effects.
Other experimental measures were collected between these two questions. Demographic information of age, gender, and education were collected. Financial literacy and numeracy scales were collected, as potentially-relevant individual difference variables. The multiple-choice format of the Berlin numeracy test (Cokely, Galesic, Schulz, Ghazal, & Garcia-Retamero, 2012), and a 13-part financial literacy scale (Fernandes et al., 2014) were selected as scales possessing good psychometric features. The mean financial literacy score was 8.6 out of 13, while the mean numeracy score was 1.6 out of 4 (compared to mean scores of 7.3 out of 13 and 2.1 out of 4 reported in those two papers).
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Table 5 presents results of the downside risk questions. The modal participant answered neither question correctly: 50.8% answered both downside risk questions incorrectly. Just over a third of participants answered both downside risk questions correctly (33.9%), while the remainder answered one question correctly (15.3%).
[bookmark: _Toc455489604]Table 5. Overall percentage of correct responses to downside risk questions.
	Number of questions answered correctly
	Percentage of participants

	0
	50.8%

	1
	15.3%

	2
	33.9%



Table 6 presents results of each individual question, broken down by percentage size and question order. The results were remarkably stable: The percentage of correct responses ranged in a narrow band, from 38.8% for +/-10% first, to 44.3% for +/-50% last. For the first question of the survey, the modal response was “equal to its initial value”, for both +/-10% and +/-50% questions. The correct answer “less than its initial value”, was the other most common response. Therefore, in all the regression analyses that follow, multinomial logistic regression will be used to predict the likelihood of a response shifting from equal to- to less than-its initial value.
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	Response
	First
	
	Last
	

	
	+/-10%
	+/-50%
	+/-10%
	+/-50%

	More than its initial value
	14.6%
	12.5%
	13.5%
	13.4%

	Equal to its initial value
	43.9%
	43.6%
	38.9%
	38.4%

	Less than its initial value
	38.8%
	41.3%
	41.9%
	44.3%

	Don’t know
	2.7%
	2.6%
	5.7%
	3.9%



A multinomial logistic regression was run to uncover the factors predicting equal to-/less than- responses. Standard errors were clustered per-participant because in this within-participants design there are two observations of the dependent variable per-participant. Table 7 shows the results below. Financial literacy and numeracy scales were standardized before being included in the regression. Both of these scales were highly predictive of the correct response. Question order was also significantly related to the correct response, showing that participants tended to perform slightly better on the last question. Return size volatility, however, was not significant, showing that performance was identical across +/10% and +/-50% questions. Gender was the only significant demographic predictor of the correct response, with males on-average scoring higher than females. Statistical significance of these relationships was unchanged in a series of single predictor regression models.
[bookmark: _Toc455489606]Table 7. Multinomial logistic regression estimates from Experiment 1, comparing equal to-/less than- responses.
Positive values correspond to a higher probability of responding “less than its initial value”. 
	Variables
	Estimate
	z
	p
	95% Confidence Interval

	Financial literacy
	0.68
	7.04
	<.001
	[0.49, 0.87]

	Numeracy
	0.54
	7.24
	<.001
	[0.39, 0.69]

	Question order
	0.21
	3.30
	0.001
	[0.09, 0.34]

	Return size
	0.10
	1.57
	0.117
	[-0.03, 0.23]

	Age
	-0.01
	-0.92
	.355
	[-0.02, 0.01]

	Education
	
	
	
	

	High school graduate
	-1.19
	-1.80
	.072
	[-2.48, 0.11]

	 Some college
	-0.49
	-0.77
	.440
	[-1.74, 0.76]

	College graduate
	-0.01
	-0.01
	.994
	[-1.26, 1.25]

	Gender
	-0.45
	-2.94
	.002
	[-0.68, -0.15]


Note: Baseline levels were the first question for question order, +/-10% for return size, some high school for education, and male for gender.
A mediational analysis was next performed to dig deeper into the links between numeracy, financial literacy and equal to-/less than- responses. The khb command in Stata was used for performing mediation on a multinomial logistic regression, which produces test statistics based on the Sobel test (Kohler, Karlson, & Holm, 2011). Standard errors were again clustered per-participant. Financial literacy was found to partially mediate the link between numeracy and task performance. Both the direct link between numeracy and task performance (z = 7.61, p < .001), and the indirect link from numeracy via financial literacy to task performance (z = 7.71, p < .001) were statistically significant. The indirect link via financial literacy explained 31.2% of the total relationship between numeracy and task performance. However, it must be noted that the version of the Berlin numeracy task here suffered some skewness (mean response of 1.6 out of 4). The Berlin-Schwartz numeracy scale has been shown to have better psychometric properties in Mechanical Turk samples, and may have led to different results (Cokely et al., 2012). Experiment 5 explores this issue further, while the topic is returned to in the general discussion.
The result that the proportion of equal to-/less than- responses was unaffected by return size volatility motivated the design of Experiment 2. This was to explore the robustness of this result to increasing return size volatility. Recall that responding “equal to its initial value” overestimates the final portfolio value to an increasing degree as return size volatility increases.
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Experiment 2 compared the +/-10% question with a more extreme +/-100% question (where the -100% return makes the investment worthless going forward). 
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Another 287 participants were recruited (no participant took part in more than one experiment), and assigned to one of two conditions. Participants answered either the +/-10% question from Experiment 1, or a manipulation featuring the most extreme negative return possible (for a non-leveraged investment):
Suppose a stock increases 100% in year one, decreases by 100% in year two, and does not pay any dividends for the duration. Is the stock’s final value more than, equal to, or less than its initial value?
[bookmark: _Toc455489567]Results and discussion
Results are shown in Table 8. As can be seen, more people answered correctly with the +/-100% return size. But this is because a smaller percentage of participants answered “more than its initial value” in the +/-100% condition (2.8%) than in the +/-10% condition (17.4%). A multinomial logistic regression showed that the shift from responding “equal to its initial value”, to “less than its initial value” just avoided the threshold for statistical significance (B = -0.51, z = -1.95, p = .051, 95% CI [-1.01, 0.01]). However, the large difference in “more than its initial value” responses across the two conditions conflict with the independence of irrelevant alternatives assumption of the multinomial logistic regression model. Therefore, a binary logistic regression model was also run, and showed that the proportion of “equal to its initial value” responses did not differ significantly between the two conditions (B = 0.10, z = 0.43, p = .688, 95% CI [-0.37, 0.57]). 
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	Response
	+/-10%
	+/-100%

	More than its initial value
	17.4%
	2.8%

	Equal to its initial value
	43.1%
	40.6%

	Less than its initial value
	34.0%
	53.2%

	Don’t know
	5.6%
	3.5%


Although participants were more accurate in the +/-100% condition, this increase in accuracy did not come from a decrease in “equal to its initial value” responses. If the magnitude of overestimation is considered as an outcome measure, then participants actually performed worse in the +/-100% condition (overestimating final value by 100%) than in the +/-10% condition (overestimating by 1%).
While these are interesting results to hypothetical questions, real world decisions will have (often large) financial incentives. Therefore, the robustness of the effect to financial incentives motivated the design of Experiment 3.
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Another 277 participants were recruited and assigned to one of two conditions. In a between-participants design, participants answered the +/-10% question, either as-before with only a $0.10 baseline fee, or with an additional $0.10 incentive (giving participants the chance to earn $0.20 in total with a correct answer). Although this is not a high absolute level of financial incentives, it is a high relative level of incentive. Participants in the incentive condition saw the message, “Answer this question correctly and earn a $0.10 bonus!” immediately above the downside risk question text. All bonuses were credited within 24 hours.
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Results of Experiment 3 are in Table 9. The two conditions had very similar frequencies of “equal to its initial value” responses: 35.7% with no incentive, and 37.3% with incentives. A multinomial logistic regression showed that the financial incentive did not induce a statistically significant shift between equal to-/less than- responses (B = 0.13, z = 0.50, p = .619, 95% CI [-0.39, 0.66]. The only effect of financial incentives was a decrease in the least-common response “more than its initial value”, from 20.3% to 11.9%, with most of these participants now moving toward the correct answer. This difference may also be problematic for the independence of irrelevant alternatives assumption for the multinomial logistic regression model. Therefore, a binary logistic regression was also run, and showed there was no difference in “equal to its initial value” responses across the two groups (B = 0.07, z = 0.28, p = .776, 95% CI [-0.42, 0.56]).
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	Response
	no incentive
	incentive

	More than its initial value
	20.3%
	11.9%

	Equal to its initial value
	35.7%
	37.3%

	Less than its initial value
	40.6%
	48.5%

	Don’t know
	3.5%
	2.2%


Experiment 3 bears two similarities with Experiment 2. In both experiments, a manipulation increased the percentage of correct responses, but without reducing the frequency of “equal to its initial value” responses. Both of these experiments provide evidence for at least one extra pattern of mistakes, which leads to a minority of participants responding “more than its initial value,” in the baseline condition, but which is then substantially reduced with the +/-100% question or financial incentives. It is beyond the scope of this paper to investigate why this might be the case or whether these results are robust. However, “equal to its initial value,” is in both experiments the modal incorrect response, and the frequency of this incorrect response was unaffected by the experimental manipulations. This suggests that this is the most frequent and robust incorrect response to downside financial risk. Experiment 4 tests the extent to which participants can be debiased from this response.
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Experiment 4 was designed to explore the extent to which participants can be debiased from the “equal to its initial value” response. Recall that calculating the correct response requires holding the year one value in memory before calculating the impact of the second percentage change. Therefore, a debiasing prompt was included as a new experimental condition to try and nudge participants away from the modal error.
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A total of 1,014 participants were recruited. A 2x2 between-participants design was used, manipulating return size volatility (+/-10%, +/-50%) and debiasing prompt (no debiasing, debiasing prompt). Experimental materials were the same as before, with the following prompt added in the debiasing conditions after the first sentence of description:
When answering, try to imagine what would happen to a $100 initial investment over the two years. Think about the investment's value after year one, and then its value after year two.
This is a direct prompt for participants to perform the additional step of mental calculation required to generate the correct answer.
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Results of Experiment 4 are in Table 10. As can be seen, “equal to its initial value” is the modal response with no debiasing prompt, for both return size conditions. Inclusion of a debiasing prompt improves responses, and “less than its initial value” becomes the modal response. 
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	Response
	+/-10%
	
	+/-50%
	

	
	no debiasing
	debiasing prompt
	no debiasing
	debiasing prompt

	More than its initial value
	18.9%
	11.6%
	15.2%
	10.7%

	Equal to its initial value
	45.3%
	41.0%
	44.0%
	32.5%

	Less than its initial value
	30.7%
	46.2%
	36.6%
	54.8%

	Don’t know
	5.1%
	1.2%
	4.3%
	2.0%



A multinomial logistic regression, with independent variables of return size volatility, debiasing prompt, and an interaction term was run. Regression coefficients comparing equal to-/less than- responses revealed the following. The debiasing prompt was effective (B = 0.60, z = 4.30, p < .001, 95% CI [0.33, 0.88]). Participants were also slightly more accurate in the +/-50% condition than the +/-10% condition (B = -0.30, z = -2.14, p = .032, 95% CI [-0.57, -0.02]).
Although substantial error-rates remained, the debiasing prompt nudged participants away from the modal error and toward the correct answer. There was in this experiment also a small effect of return size volatility, with participants being more accurate in the +/-50% condition. However, this effect was not large enough to correct for the greater magnitude of overestimation (responding “equal to its initial value” overestimates the final value by 1% in the +/-10% condition but by 25% in the +/-50% condition).
Experiment 5 was designed to test the robustness of the previous experiments. In Experiment 5 an alternative question wording was used, and participants were asked about the presence of household investments. Response time, financial literacy, and the Berlin-Schwartz numeracy scale were further collected to investigate factors underlying the misunderstanding of downside financial risk.
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A further 939 participants were collected from Amazon Mechanical Turk. Participants had a mean financial literacy score of 8.3 out of 13 (Fernandes et al., 2014) and a mean Berlin-Schwartz numeracy score of 3.0 out of 7 (Cokely et al., 2012). More than half of the sample, 57.3%, reported some level of household investments by responding yes to the question, “Do you, or does anyone else in your household, own any stocks, bonds, or mutual funds in an investment account, or in a self-directed IRA or 401(k) retirement account?”.
One goal of Experiment 5 was to see if the results of the previous experiments are robust to an alternative question wording. The following question wording was used to clarify that the second percentage change refers to the year 1 price by using the phrase “decreases by 10% of its new price”:
Suppose a stock increases 10% in year one, decreases by 10% of its new price in year two, and does not pay any dividends for the duration. Is the stock’s final value more than, equal to, or less than its initial value?
Participants either answered this question, or a version of this question including the debiasing prompt from Experiment 4. Therefore, this was a two-condition between-participants experiment. Total response time was recorded for this question. Participants took on average 35.6 seconds on this question before continuing to the rest of the survey, which involved demographic, financial literacy, and numeracy blocks present in randomized order.
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Participants again struggled to respond accurately. Table 11 shows that, “equal to its initial value” was the modal response for non-investors who did not receive the debiasing prompt. The correct “less than its initial value” was the modal response for the three other groups. However, in all cases over a quarter of responses were for “equal to its initial value”. A multinomial logistic regression showed that both debiasing prompt (B = 0.34, z = 2.23, p = .026, 95% CI [0.04, 0.64]) and household investments (B = 0.45, z = 3.16, p = .002, 95% CI [0.18, 0.78]) led to significant shifts from equal to- to less than- responses.
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	Response
	no debiasing
	
	debiasing prompt
	

	
	no investments
	investments
	no investments
	Investments

	More than its initial value
	17.9%
	21.1%
	18.0%
	15.0%

	Equal to its initial value
	39.6%
	28.2%
	31.4%
	26.4%

	Less than its initial value
	37.2%
	48.2%
	47.4%
	56.3%

	Don’t know
	5.3%
	2.5%
	3.1%%
	2.4%



A multinomial logistic regression was next run to investigate the associations between equal to-/less than- responses and financial literacy, numeracy, and response time. These variables were first standardized before being included in the regression. There was a statistically significant positive link between all three of these variables and equal to-/less than- responses. The link between numeracy was the largest (B = 0.92, z = 8.89, p < .001, 95% CI [0.72, 1.13]), while links between financial literacy (B = 0.55, z = 5.74, p < .001, 95% CI [0.36, 0.73]), and response time were equal (B = 0.54, z = 4.25, p < .001, 95% CI [0.29, 0.79]). Numeracy had the strongest positive link with accurate performance, although all three effects were positive. Statistical significance of these relationships was unchanged in a series of single predictor regression models.
Potential mediational relationships were next tested using the khb command for mediation in non-linear probability models in Stata (Kohler et al., 2011). In all cases the shift from equal to- to less than- responses was assessed using a multinomial logistic regression. Financial literacy was again found to partially mediate the link between numeracy and task performance. Both the direct link between numeracy and task performance (z = 8.72, p < .001), and the indirect link from numeracy via financial literacy to task performance (z = 5.40, p < .001) were statistically significant. The indirect link via financial literacy explained 20.1% of the total relationship between numeracy and task performance. This is lower than the equivalent link of 31.2% found in Experiment 1. The lower estimate of partial mediation in this case may be due to the more-valid Berlin-Schwartz numeracy scale used in this experiment.
Next, potential mediational relationships between the debiasing prompt and financial literacy, numeracy, and response time on equal to-/less than- responses were tested. Neither financial literacy (z = 0.77, p = .444) nor numeracy (z = 1.53, p = .126) mediated the link between debiasing prompt and response style. However, response time did fully mediate the link between debiasing prompt and equal to-/less than- responses: The indirect effect was significant (z = 2.97, p = .003) and the direct effect was no longer significant (z = 1.32, p = .188).
Finally, it was tested whether response time mediates the links between financial literacy and numeracy and equal to-/less than- responses. Response time failed to mediate either financial literacy (z = 0.50, p = .617) or numeracy (z = 0.04, p = .976). This contrasts with a previous finding that response time partially mediates the link between the Berlin numeracy test and responses on three financial decision making questions (Ghazal et al., 2014).
Experiment 5 has two main findings. First, the pattern of errors found in Experiments 1-4 was reduced, but not eliminated, by a variation in question wording, and still occurred in participants who own household investments. This helps support the external validity of these findings. Second, financial literacy, numeracy, and response time all independently contributed to the shift from equal to- to less than- responses. This was shown by both the regression and mediation results. The debiasing prompt was fully mediated by response time, indicating that the debiasing prompt worked by prompting greater deliberation. The general discussion expands upon potential implications of these findings.
These results are likely to hold for investors in general. Chapter 4 found a similar pattern of results with a question based on losses of +/-10%, after screening out Mechanical Turk participants without any household investments. Two further experiments were also conducted to establish the generality of these results.  An experiment with 292 participants aged 18 and over from the US was run on Prolific Academic, another crowdsourcing website. Return size volatility was manipulated between-participants (+/-10%, +/-50%), using the original question wording. And another identical experiment was run on 284 participants from Mechanical Turk, using Experiment 5’s question wording. Results of these two experiments are in Table 12. Multinomial logistic regression showed that return size volatility did not lead to a significant shift in equal to-/less than- responses in either the Prolific Academic experiment (B = 0.26, z = 0.93, p = .354, 95% CI [-0.29, 0.80]) or the Mechanical Turk experiment (B = -0.30, z = -1.12, p = .262, 95% CI [-0.83, 0.23]).
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Replication studies using the original question wording (Prolific Academic) and the new question wording from Experiment 5 (Mechanical Turk).
	Response
	Prolific Academic
	
	Mechanical Turk
	

	
	+/-10%
	+/-50%
	+/-10%
	+/-50%

	More than its initial value
	15.8%
	17.1%
	21.5%
	17.1%

	Equal to its initial value
	30.1%
	26.0%
	31.3%
	40.7%

	Less than its initial value
	47.3%
	52.7%
	43.1%
	41.4%

	Don’t know
	6.9%
	4.1%
	4.2%%
	2.4%
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These results show that downside financial risk is commonly misunderstood. Errors are not random: The most frequent and robust error in these experiments is consistent with participants adding the effect of the two percentage changes, when these changes should normatively be multiplied. This error is consistent with the strategies people seem to use underlying exponential growth bias, where sequences of percentage gains are underestimated (Eisenstein & Hoch, 2007; McKenzie & Liersch, 2011). This error is also consistent with the mistakes consumers make when evaluating percentage discounts or surcharges (Chen & Rao, 2007; Kruger & Vargas, 2008).
These results have important implications for the communication of downside risk. Stock market falls are commonly communicated as percentages normalized over different starting values. For example, the daily news report may say that the Dow Jones Industrial Average has declined 2% over the last day and 10% over the last month – percentage movements normalized over different starting values, as in the experiments reported in this paper. These results suggest that percentage changes should if possible not be communicated like this. Reporting a series of percentage changes as a single aggregate change -- performing the necessary multiplication -- should improve understanding (i.e., reporting yearly returns of +10% and -10% as a two-yearly return of -1%). 
These results show that investors’ intuitions about downside financial risk are most inaccurate for large percentage decreases. The US stock market has fallen by around 50% twice since the turn of the century (Shiller, 2016). Personal investment guides often warn investors to prepare for maximum losses of around this magnitude with diversified stock market investments (Garrett, 2012; Swedroe & Balaban, 2012). Many investors may unwittingly overestimate the risk tolerance if they do not correctly understand that such losses can take a long time to recover from, given historical stock market returns of around 6-7% a year (Dimson, Marsh, & Staunton, 2009). It takes a subsequent 100% return to recover from a 50% loss.
These results shed light on potential drivers of the misunderstanding of downside risk, and the extent to which it can be debiased. Poor financial literacy has been much-studied as a potential cause of poor financial behavior (Mitchell & Lusardi, 2011). But other authors argue that directly increasing financial literacy has had little positive effect on financial behavior, and that positive correlations between literacy and behavior reflect omitted variables, such as numeracy (Fernandes et al., 2014). Numeracy has been highlighted as another potential driver of poor financial behaviors (Cole et al., 2014; Estrada-Mejia et al., 2016; Ghazal et al., 2014). In Experiment 1 financial literacy and numeracy were approximately equally associated with task performance. Experiment 5 used a more valid measure of numeracy for the given participant pool, and found that in this case numeracy was a better predictor of task performance than financial literacy. (It must be noted that these positive correlations may reflect omitted variables and cannot be interpreted causally.) However, both constructs were still significantly correlated with task performance, and in both experiments financial literacy partially mediated the link between numeracy and task performance. It could be that some knowledge of financial concepts is needed to accurately apply numerical reasoning to financial problems, such as the understanding of downside financial risk.
Downside financial risk is misunderstood
Downside financial risk is misunderstood
Financial literacy and numeracy are both important in the understanding of downside financial risk, but are relatively hard to improve. A simple debiasing prompt improved responses in Experiments 4 and 5. Response time data in Experiment 5 showed that this debiasing prompt was fully mediated by response time, showing that its effect occurred from inducing greater deliberation. Regression and mediation results from Experiment 5 showed that deliberation was independent of both financial literacy and numeracy. Prompting greater deliberation should be further investigated as a potentially cost-effective method of improving financial decisions.
Psychologically-informed investment disclosure

[bookmark: _Toc455489578]Psychologically-informed investment disclosure
Two nudges are explored to debias investors’ irrational preference for mutual funds with high past returns rather than funds with low fees. Nudges were tested in a simple choice task involving a direct trade-off between maximizing past returns and minimizing fees.  In the first nudge, replacing the US financial regulator the Securities and Exchange Commission’s mandated disclosure statement, “Past performance does not guarantee future results,” with a social comparison statement had the best results. The second nudge involved converting mutual fund annual percentage fee into a 10 year currency cost equivalent. This nudge also improved investors’ fee sensitivity, and continued to work well as past returns increased. Financially literate participants were surprisingly more likely to maximize past returns in their investment choices.
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Instead of buying hundreds of individual stocks, investors can easily diversify their portfolios by instead buying a few mutual funds (each containing many stocks). But potential mutual fund investors have to trade-off many fund attributes, just two of which are the fund’s annual percentage fee and the fund’s past performance (Wilcox, 2003). The US Securities and Exchange Commission (SEC) requires mutual funds to tell potential investors that, “past performance does not guarantee future results.”  Although the SEC does not insist on a specific wording, this is the phrase they themselves use (SEC, 2003). This is because the evidence from finance is clear: Past performance does not persist (Carhart, 1997). The average mutual fund investor would earn significantly higher future returns by instead minimizing fees (Malkiel, 2003; Malkiel, 2016).  Nonetheless, investors do incorrectly assume that high past performance is the best guide to the future (Greenwood & Shleifer, 2014; Ippolito, 1992). 
Back of the envelope calculations show that investors’ losses are massive. In 2014, over $8 trillion was invested in US equity mutual funds with an average fee of 0.7% a year (Investment Company Institute, 2015), but low-fee index funds with fees of 0.1% a year or lower are available. A 0.1% reduction in average fees paid would save investors $8 billion in a single year. This paper finds evidence for two simple psychologically-informed investment disclosures that could help investors to minimize fees. As in other economic domains, psychology is essential to effective disclosure (Loewenstein, Sunstein, & Golman, 2014).
Many investors may not understand the true negative relationship between fees and future performance. A mutual fund may only exist for a few years if it is unpopular with investors. Poorly performing funds are the most likely to close early (Carhart, Carpenter, Lynch, & Musto, 2002). The true negative relationship between fees and performance means that high-fee funds will tend to only survive if they have spectacular performance records, which investors are attracted by. Survivorship bias is complemented by prominent advertising of highly-performing mutual funds, (Jain & Wu, 2000; Koehler & Mercer, 2009). As a result, investors may be misled by an illusory positive correlation between past returns and fees when forming their expectations about future returns.
Evidence shows that “past performance does not guarantee future results,” the standard form of current financial disclaimers, does not achieve its aims, and can be improved. The current disclaimer does not help investors compared to receiving no disclaimer at all (Mercer et al., 2010). Two studies show that investors can be helped toward better investment choices by disclaimers directly mentioning fees (Fisch & Wilkinson-Ryan, 2014; Mercer et al., 2010). However, consider their experimental stimuli:
(Mercer et al., 2010) p.445:
“Do not expect the fund’s quoted past performance to continue in the future. Studies show that mutual funds that have outperformed their peers in the past generally do not outperform in the future. Strong past performance is often a matter of chance.”
(Fisch & Wilkinson-Ryan, 2014) p.633:
“In making your investment decision, you may want to consider the following information: The most important single factor in mutual fund performance is the fund’s operating expenses (in other words, its fees).”
Although both disclaimers tell investors about the importance of fees, these disclaimers are also much longer than the real world status quo. Long disclaimers will have higher implementation costs than short disclaimers if mandated as nudges. The first experiment in this paper tests the efficacy of three alternative short-form disclaimers:
Fees: “The most important single factor in mutual fund performance is the fund’s fees”
Loss: “Investments may go up or down in value, but fund fees represent a permanent loss of wealth”
Social comparison: “Some people invest based on past performance, but funds with low fees have the highest future results”
The fees condition was a shortened version of (Fisch & Wilkinson-Ryan, 2014)’s fee disclaimer. The loss disclaimer was designed to utilize mental accounting (R. Thaler, 1985) and loss aversion (Kahneman & Tversky, 1979). Fund fees are netted against fund performance. It was hypothesized that describing the impact of fees separately from other drivers of fund performance may accentuate the salience of this guaranteed loss. Social comparison is an important driver of behavior (Buunk & Gibbons, 2007). The social comparison disclaimer was designed to help participants understand why past performance is frequently mentioned (since many investors incorrectly invest based on this metric), and yet nonetheless discount this information (and hence achieve superior expected returns). Disclaimers were designed to be as concise as possible, with the three new conditions ranging between 13 and 17 words each. Care was taken to make specific language as similar as possible across all conditions.
The second experiment in this paper directly manipulated the salience of mutual fund fees. Mutual fund fees are charged as “small” annual percentages which nonetheless add up to large losses of wealth over long time horizons. Prior work has explored reframing mutual fund fees as their corresponding currency cost (e.g., presenting a 1% fee on $10,000 as $100), but this nudge is only marginally-effective (Choi et al., 2010), and is actually counter-productive when the corresponding currency cost is small (Chapter 4).
Increasing fee-salience requires understanding how investors process information. Percentage returns tend to be incorrectly added together. Many investors think a return sequence of +10%, - 10% = 0. Correctly multiplying these returns yields the answer of = -0.1% (Chapter 5). It is likely that framing percentage fees as currency costs does nothing to attenuate this. When given a currency cost fee, investors are unlikely to accurately compute how the size of this fee will grow as mutual fund value increases. Therefore, one solution is to frame fees as the total currency cost incurred over long time periods, such as 10 years. This short-circuits the need for multiplicative computation. This has another advantage in that a 1% fee will have an increasing 10 year currency cost fee as mutual fund returns increase (since 1% is taken from a larger account value). For example, a 1% fee corresponds approximately to $149 on an initial balance of $1,000 if after-fee returns are 4%, but increases to $208 if after-fee returns are 8%. This equilibrating mechanism is hypothesized to keep fees salient under the 10 year currency cost framing, even when past returns are high.
Two experiments were conducted to test these hypotheses. Experiment One compares four mutual fund disclaimers in a simple choice task. Experiment Two uses the same task to contrast the salience of equivalent percentage and long-term currency cost fees, and how this changes as past returns increase.
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Participants
Participants aged 18 and over and from the US were recruited (N = 1,003). Participants were recruited from Amazon Mechanical Turk and paid a baseline fee of $0.10, with a further $0.10 of incentive based on their choices in the mutual fund selection task. Participants had a mean age of 36.2 years, 59.2% were female, and 52.5% of the sample had at least a college degree.
Procedure
A between-participants design was used, with participants randomly assigned to one of four financial disclaimer conditions. Participants completed the main choice task before completing providing demographics and other individual difference information. The three treatment disclaimers were tested against a control disclaimer, “Past performance does not guarantee future results.”
Materials
Participants were given a short introduction to mutual fund basics and terminology at the beginning of the task. The aim was to give sufficient background to someone with zero prior knowledge, but to keep the task short and interesting:
Earn a bonus of up to $0.10 on this question. The size of your bonus is related to the average future performance of an investment like the one you choose.
Investors can use mutual funds to invest in the stock market. Stock mutual funds combine the money of many investors, and use this money to buy a portfolio of stocks. Buying a single mutual fund is easier for investors than buying many different individual stocks. Mutual funds charge fees in return for this service. Mutual funds can be assessed over numerous criteria, but there are two key features. A mutual fund’s annual percentage fee gets taken out of an investment in the fund every year. Meanwhile, a mutual fund’s past performance is the total return that previous investors took home from investing in that fund, after all fees had been subtracted.
Your task is to choose one of these four funds to invest in. Each fund follows a similar strategy, and was launched at the same time ten years ago.
The final sentence informs participants that differences in fund performance are not due to one fund investing in a riskier portfolio than the others – the only reason for expecting past performance differences to extend into the future (Malkiel, 2003; Malkiel, 2016). While the task description does not mention the difference between actively managed and index mutual funds, performance differences such as these would typically occur due to portfolio allocation differences between various active fund managers. These differences do not persist into the future, meaning that participants should normatively ignore the past returns (Carhart, 1997).
Table 13 shows four mutual funds participants were asked to choose from. Fund attributes were designed to mimic the illusory positive correlation between past performance and fees which many investors are likely to see in the real world. Immediately below this table was the financial disclaimer, e.g., “Past performance does not guarantee future results.”
	Fund cues
	Fund A	
	Fund B
	Fund C
	Fund D

	Fees 
	2.0% a year
	1.5% a year
	1.0% a year
	0.5% a year

	Past Performance
	8.0% a year
	6.0% a year
	4.0% a year
	2.0% a year


[bookmark: _Toc455489612]Table 13. Mutual funds on offer in Experiment 1.




Measures
The dependent variable was fund selection from the four funds in Table 13. The funds offer a monotonic trade-off between maximizing past returns and minimizing fees. This forced choice paradigm was chosen over the alternative: A hypothetical portfolio allocation task, where money is allocated continuously between the funds on offer, (e.g., Fisch & Wilkinson-Ryan, 2014). Hypothetical portfolio allocation tasks may underestimate real world effect sizes if experimental participants respond heuristically because they have less cognitive resources than real world investors. The naïve diversification heuristic would involve putting an equal allocation of cash in each fund (Benartzi & Thaler, 2001), and appears prevalent in similar investment choice tasks (Bateman, Dobrescu, Newell, Ortmann, & Thorp, 2016). A forced choice paradigm avoids these potential problems, while having an even number of funds prevents participants from picking a focal central option. Bonus size varied in $0.02 increments across Table 13, from $0.10 for the fee-minimizing fund to $0.04 for the past return-maximizing fund, reflecting the true negative relationship between fees and future performance.
After the main choice task participants answered a number of individual difference blocks in randomized order. Participants gave demographic information of age, education, and gender. Participants answered a 13-part financial literacy scale (Fernandes et al., 2014), and the short form scale for social comparison orientation (Gibbons & Buunk, 1999). Participants also provided a short measure of loss aversion (Harinck, Van Beest, Van Dijk, & Van Zeeland, 2012):
Imagine you are flipping a fair coin. Please enter the minimum amount you would require to accept the following gamble: “If heads turns up, you lose $20.16, and if tails turns up you win $ ..........”
Where the loss aversion parameter is the amount required for a win, divided by the potential loss of $20.16. It was hypothesized that the success of the three new financial disclaimers may depend on relevant individual difference variables (all disclaimers with financial literacy, the loss disclaimer with loss aversion, and the social comparison disclaimer with social comparison orientation). It is important to examine whether specific disclaimers may be especially effective with sub-groups of the population.
Full experimental materials and data can be downloaded from https://osf.io/kpz5r/.
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An ordered logistic regression with fund choice as the dependent variable, and indicator variables for the three treatment financial disclaimers revealed the following. The loss disclaimer did not lead to a significant improvement in fee-sensitivity compared to the control condition (B = 0.01, z = 0.11, p = .916, 95% CI [-0.24, 0.26]), but the fees condition did (B = 0.33, z = 2.25, p = .024, 95% CI [0.04, 0.61]) and the social comparison condition also did (B = 0.59, z = 4.29, p < .001, 95% CI [0.32, 0.87]). A post-hoc comparison revealed that the improvement in fee-sensitivity was greater in the social comparison condition than in the fees condition (B = 0.45, z = 2.78, p = .006, 95% CI [0.13, 0.77]). Table 14 shows the percentage of responses per cell. As can be seen, the percentage of participants minimizing fees almost doubled from 12.3% in the control to 20.7% in the social comparison condition. This is a remarkably effective nudge for such a simple disclaimer.


[bookmark: _Toc455489613]Table 14. Percentage of responses per experimental cell.
	Response
	Control
	Fees
	Losses
	Social comparison

	Fund A (Maximize past performance)
	43.1%
	32.7%
	38.0%
	28.4%

	Fund B
	27.8%
	28.2%
	28.2%
	27.9%

	Fund C
	16.9%
	21.2%
	19.0%
	23.0%

	Fund D (Minimize fees)
	12.3%
	17.9%
	14.7%
	20.7%



The ordered logistic regression depends on the “proportional odds assumption:” That the predictors have identical effects across the three transitions between the four outcomes of the dependent variable (Williams, 2006). However, a Brant test showed that this assumption was not valid for either the social comparison (𝛘2 (2) = 9.09, p = .011) or fees disclaimers (𝛘2 (2) = 25.36, p < .001). Therefore, a partial proportional odds model was fitted where the effect of these two disclaimers was estimated over the three transition probabilities across the dependent variable (Williams, 2006). All three transition probabilities were significant for the social comparison disclaimer (p-values < .01), showing that participants were always more fee-sensitive in this condition compared to the control condition. For the fees disclaimer, the transition probability between Funds A and B was not significant (z = -0.14, p = .887), but the two other transition probabilities were (p-values < .001). This shows that the fees disclaimer was not effective in changing behavior when fees and past performance were extremely high (Funds A and B), but was otherwise effective.
Participants were on average financially literate, with a mean score of 8.6 out of 13 (compared to a mean score of 7.3 in Fernandes et al., 2014). Participants also had a mean social comparison index of 18.6 out of 30, and a mean loss aversion parameter of 6.2. These individual difference parameters were interacted with the three treatment conditions to test for ex-ante plausible individual differences. Separate regression models added the main effect of the individual difference parameter and an interaction term between the parameter and treatment condition. Specifically, the three treatment conditions were each separately interacted with financial literacy, social comparison with social comparison orientation, and the loss treatment with loss aversion. A natural logarithm transformation was first performed on the loss aversion parameter to reduce positive skewness. None of these models’ interaction terms were statistically significant, suggesting that the effectiveness of these financial disclaimers does not vary between individuals on the basis of these measures.[footnoteRef:1] The only marginally significant interaction term was between the social comparison condition and social comparison orientation (B = 0.23, z = 1.79, p = .073, 95% CI [-0.02, 0.48]). This suggests a potential trend where this disclaimer may work even better in individuals with high social comparison orientation. However, this does not affect the results on a practical level, since this was already the most effective disclaimer across all participants. [1:  Statistical significance of interaction models in non-linear probability models can be difficult to interpret, so it is recommended to also check the significance of interaction effects under ordinary least squares (Ai & Norton, 2003). Statistical significance of all interaction effects reported in this paper was unaffected under ordinary least squares, and so will not be commented on further.] 

Finally, the original regression model was re-run, adding a regression term for standardized financial literacy. Interestingly, there was a statistically significant negative relationship between financial literacy and fee-sensitivity (B = -0.18, z = -3.04, p = .002, 95% CI [-0.29, -0.06]). More financially-literate participants were more likely to choose the mutual fund with high past returns and high fees. Analysis of marginal effects showed that a one standard deviation increase in financial literacy was associated with a four percentage point increase in probability of choosing the highest-fee fund. This relationship remained statistically significant after controlling for demographic variables of age, education, and gender.
It could be argued that the social comparison disclaimer only worked because of a demand effect, i.e., that this disclaimer made it clearer than others what participants would be incentivized for. A non-incentivized replication was performed to rule this interpretation out. Another 761 participants took part (no participant took part in more than one experiment), and randomly assigned to one of the control, fees, or social comparison disclaimer conditions. The loss condition was not used since this disclaimer was not more effective than the control in Experiment One. Individual difference measures were not collected on this occasion. 
The social comparison disclaimer was again effective compared to the control disclaimer (B = 0.51, z = 3.23, p = .001, 95% CI [0.20, 0.82]) but the fees disclaimer was not (B = 0.17, z = 1.04, p = .298, 95% CI [-0.15, 0.50]). The social comparison disclaimer was again more effective than the fees disclaimer (B = 0.32, z = 1.97, p = .049, 95% CI [0.01, 0.64]). Results of a Brant test showed that the parallel lines assumption held for the social comparison disclaimer (𝛘2 (2) = 1.79, p = .408) but not for the fees disclaimer (𝛘2 (2)  = 11.40, p = .003). Results of a partial proportional odds model showed that the fees disclaimer was effective for the lowest levels of fees and past performance between Funds C and D (z = 3.12, p = .002), but was not otherwise effective (p-values > .292). On a practical level these results confirm the incentivized experiment: The social comparison disclaimer works best out of those tested.
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Experiment two was a 2x2 within-subjects experiment, manipulating fee framing (percentages, long-term currency cost) and past returns (low, high). This design was chosen to test the hypothesis that participants would be more fee-sensitive in the long-term currency cost condition, and this would continue to be the case even as past returns increased.  A within-subjects design was used to maximize power, and because no demand effects were expected (the key fee framing manipulation is not obvious). The experiment was otherwise very similar to Experiment One.
Participants
 Another 503 participants were recruited from Amazon Mechanical Turk. No participant took part in more than one experiment. The payment scheme was the same as in Experiment One. Participants had a mean age of 34.5 years, 46.7% had at least a college degree, and 57.1% were female. Participants had a mean financial literacy score of 8.3 out of 13.
Materials
Participants received the same materials as in Experiment One (with the control disclaimer, “Past performance does not guarantee future results”), but with the following changes. The bonus instruction stated that they would be paid on the basis of one question. The sentence, “Each fund has charged the same annual percentage fee each year.” was added at the end of experimental instructions, as this fact is no longer clear in the long-term currency cost conditions. Table 15 shows the combinations of fees and past performance in each condition. Identical percentage fees were used for each fund in every condition. Past performance either varied monotonically from 8% to 2% a year in the low past returns conditions, or from 16% to 2% a year in the high past returns conditions. Notice that doubling past performance from 8% to 16% nearly doubles the impact of the currency cost fee from $435 to $822 over 10 years. Currency cost fees were described as “Fees over 10 years*” with clarification below the table, “*Total fees based on $1,000 investment over 10 years.”
[bookmark: _Toc455489614]Table 15. Fund menus in each condition in Experiment Two.
	Condition
	Fund cues
	Fund A
	Fund B
	Fund C
	Fund D

	Percentages, low returns
	Fees
	2.0% a year
	1.5% a year
	1.0% a year
	0.5% a year

	
	Past Performance
	8.0% a year
	6.0% a year
	4.0% a year
	2.0% a year

	Currency cost, low returns
	Fees
	$435
	$270
	$149
	$61

	
	Past Performance
	8.0% a year
	6.0% a year
	4.0% a year
	2.0% a year

	Percentages, high returns
	Fees
	2.0% a year
	1.5% a year
	1.0% a year
	0.5% a year

	
	Past Performance
	16.0% a year
	8.0% a year
	4.0% a year
	2.0% a year

	Currency cost, high returns
	Fees
	$822
	$319
	$149
	$61

	
	Past Performance
	16.0% a year
	8.0% a year
	4.0% a year
	2.0% a year


Note: Currency cost fees framed as the, “Total fees based on $1,000 investment over 10 years.”
Currency cost fees were calculated as the simple arithmetic difference in compounding between a fund’s past performance and a fund without any fees at all. For example, the fund with past returns of 8% a year and fees of 2% a year was calculated as the difference in final value between $1,000 at 10% a year and 8% a year. This calculation underestimates the impact of fees, since it neglects per-period compounding between the return and the fee (the fee reduces the value of the returns in addition to the principal). True currency costs will therefore be higher than in Table 15. These conservative calculations were chosen in case investors attempt to back out the percentage fee in the currency cost condition. This is also a conservative test of the experimental hypothesis. 
Measures
The same demographic questions and financial literacy scale as in Experiment 1 were collected after participants chose between the four mutual funds in each condition.
Full experimental materials and data can be downloaded from https://osf.io/kpz5r/.
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An ordered logistic regression was again used to analyze the results. Fee framing and past returns conditions were entered as indicator variables, with percentage fees and low past returns as baseline levels. Standard errors were clustered by-participant, to account for repeated observations on the level of each participant. As expected, participants were more fee-sensitive in the long-term currency cost condition (B = 0.64, z = 8.69, p < .001, 95% CI [0.49, 0.78]), and less fee-sensitive in the high past returns condition (B = -0.35, z = -5.72, p < .001, 95% CI [-0.47, -0.23]). Table 16 shows the percentage of responses per experimental cell. As can be seen, the number of participants minimizing fees more than doubled from 6.3% to 13.1% across the most extreme high returns conditions. Results of a Brant test showed that the parallel lines assumption held for both predictors (p-values > .131). An interaction term was added to the model and was also statistically significant (B = -0.34, z = -2.91, p = .004, 95% CI [-0.57, -0.11]). Figure 11 shows the proportion of participants minimizing fees in each condition. The interaction term means that there was a larger improvement in fee-sensitivity from long-term currency cost framing in the high- than low-past returns condition. Long-term currency cost framing became if anything more effective as past returns increased.

[bookmark: _Toc455489599]Figure 11. Proportion of participants minimizing fees in each condition.
Error bars are 95% confidence intervals. 
[bookmark: _Toc455489615]Table 16. Percentage of responses per experimental cell.
	Response
	Low returns
	
	High Returns
	

	
	Percentages
	Currency Cost
	Percentages
	Currency

	Fund A (Maximize past performance)
	43.6%
	32.6%
	56.8%
	36.9%

	Fund B
	31.2%
	32.4%
	26.7%
	32.3%

	Fund C
	15.0%
	19.6%
	10.2%
	17.7%

	Fund D (Minimize fees)
	10.2%
	15.4%
	6.3%
	13.1%



The regression model was rerun with the addition of a control for standardized financial literacy score. As in Experiment One, there was a negative correlation between financial literacy and fee-sensitivity (B = -0.31, z = -4.63, p < .001, 95% CI [-0.44, -0.18]). Significance of this result was again unaffected by inclusion of the other demographic variables. Analysis of marginal effects showed that a one standard deviation increase in financial literacy was associated with a seven percentage point increase in probability of choosing the highest-fee fund.
It is possible that these results hold in a general population sample, but not in a more targeted sample of individual investors. Therefore, a replication study was performed on another online crowdsourcing site, Prolific Academic (N = 501). To qualify for this experiment, participants must have responded “yes” to the question, "Have you ever made investments (either personal or through your employment) in the common stock or shares of a company?" Participants had a higher mean financial literacy score of 9.6, suggesting that this sample was more representative of individual investors. One randomly selected participant was incentivized based on one randomly selected trial with a simulated 10 year $100 stock market investment. This investment had a normally-distributed annual return of mean (8% - fund fee) and standard deviation of 20%, roughly corresponding to US stock market averages (Dimson et al., 2009).
Results in this replication experiment were essentially identical to the previous experiment. Main effects of fee framing (B = 0.86, z = 10.99, p < .001, 95% CI [0.71, 1.01]) and past returns level were again significant (B = -0.36, z = -5.92, p < .001, 95% CI [-0.48, -0.24]). Results of a Brant test showed that the parallel lines assumption held for past returns level (𝛘2 (2) = 2.43, p = .297) but not for fee framing (𝛘2 (2)  = 38.17, p < .001). Results of a partial proportional odds model showed that the fees disclaimer was effective at all levels of fees and past performance (p-values < .001). The model was again improved by the addition of an interaction effect (B = -0.68, z = -5.48, p < .001, 95% CI [-0.92, - 0.44]). The negative correlation between financial literacy and fee-sensitivity also replicated (B = -0.33, z = -5.29, p < .001, 95% CI [-0.45, -0.21]), with a marginal effect of the same magnitude. Full results for this replication experiment can be downloaded from https://osf.io/kpz5r/.
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This paper adds to a growing experimental literature on potential investment disclosure interventions (Bateman et al., 2016; Beshears, Choi, Laibson, & Madrian, 2011; Choi et al., 2010; Fisch & Wilkinson-Ryan, 2014; Hung, Heinberg, & Yoong, 2010; Koehler & Mercer, 2009; Mercer et al., 2010). The main conclusion of this paper is that effective investment behavioral change is built upon an understanding of investor psychology. Both experiments yielded large improvements in fee-sensitivity, which has not always been the case in previous experiments (Beshears et al., 2011; Choi et al., 2010; Hung et al., 2010).
The results of Experiment One were clear, with the social comparison disclaimer, “Some people invest based on past performance, but funds with low fees have the highest future results,” working best. Non-significance of tested interaction effects indicated there are no investor sub-groups that the other tested disclaimers would perform better on. This disclaimer is much shorter than those trialled in the previous literature (Fisch & Wilkinson-Ryan, 2014; Mercer et al., 2010). Future work should investigate specific mechanisms behind the success of this disclaimer. It could be that the first half of the disclaimer produces an explanation for the illusory positive correlation between fees and past performance that investors are exposed to (Carhart et al., 2002; Jain & Wu, 2000; Koehler & Mercer, 2009), while the second half of the disclaimer alerts investors to the correct cue to focus on. 
Successful interventions need to be effective even when the cues that investors incorrectly maximize are at extreme levels. Experiment Two examined this issue by manipulating past returns. The statistically significant interaction effect showed that the different between percentage fee and long-term currency cost fee conditions actually increased as past returns became more extreme. This provides strong evidence that this intervention could continue to work broadly in the real world. Results were identical in both a general population sample and a sample of individual investors.
The negative correlation between financial literacy and fee-minimization was unexpected. Although this was only correlational evidence, it occurred over both experiments, and should be interpreted in the context of a wider body of evidence showing that interventions for increasing financial literacy have shown little ability to improve financial behaviors (Fernandes et al., 2014). This suggests that psychologically-informed disclosure interventions will be cost effective at changing behavior compared to direct financial literacy education campaigns.
Improving access to financial advice may also not be cost effective at changing behavior: many financial advisers mistakenly maximize high past returns to an even greater degree than their clients (Linnainmaa, Melzer, & Previtero, 2016). Linnainmaa et al. also found a positive correlation between investing experience and maximizing past returns amongst individual investors. It could be that experienced investors (and financial advisers) have greater experience of observing the illusory positive correlation between fees and past returns (Jain & Wu, 2000; Koehler & Mercer, 2009), and mistakenly believe that this reflects the true relationships between fees, past returns, and future returns.
Psychologically-informed investment disclosure
Psychologically-informed investment disclosure
Successful interventions for helping mutual fund investors to minimize fees are unlikely to be voluntarily enacted by the industry, and so this is an area where psychologically-informed regulation may be required (Erta et al., 2013; Sunstein, 2016). Any regulatory moves should specify how information is presented, but also how information is not presented. Experiment Two’s results may be due to participants’ underestimation of what 16% or 8% a year returns translates to over 10 years (Stango & Zinman, 2009). Mutual funds could likely undo all the effective behavioral change in Experiment Two, and then some, by reframing past performance as a long-term currency return. The large gaps between normative fee-minimizing behavior and control condition choices in this simplified investment choice task suggest that real world investors are in desperate need of clearer guidance than, “Past performance does not guarantee future results.”
[bookmark: _Toc455489587]Discussion and future directions
Household financial decision making is a topic of great breadth and depth. This thesis has attempted to deal with the resultant trade-offs by analyzing two specific topics, gambling advertising (Chapters 2 and 3) and retirement investing (Chapters 4-6). Here the results of this research are discussed in terms of their implications for psychological theory, potential policy recommendations, and implications for future research.
Neoclassical economists would generally treat financial decisions or choices, like any other choice, as reflecting intrinsic preferences (utility). The policy implication of this worldview is that consumer decisions should be treated as sovereign, and that increasing the size of consumers’ choice sets is the one way that policy can prompt improved financial decisions. This worldview would in general not draw the same conclusions about consumer exploitation drawn in this thesis from Chapters 2 and 3 on soccer gambling advertising.
But people often do not behave in accordance with the normative models drawn from neoclassical economics which state how people should rationally act. Experimental results from Chapters 3-6 can be seen in terms of a much broader literature of similar results from behavioral economics and behavioral science (Baron, 2008). One common policy recommendation from this research is that consumers should be prompted to make fewer choices, either through the use of “default options” (Johnson & Goldstein, 2003), or through reductions in the choice set (Schwartz, 2004). While these policy recommendations may well be beneficial to many consumers, they are perhaps based on an overly pessimistic interpretation of consumers’ abilities. This interpretation is in some ways an extreme opposite to the neoclassical economic view, viewing decision errors as fixed and unchangeable.
This thesis has instead attempted to gather evidence on a middle-ground. The “psychological construction” of preferences and judgments is a theory asserting that choices often do not reflect stable preferences, but are instead often driven by contextual factors (Lichtenstein & Slovic, 2006). One implication of this theory is that people are biased neither toward making normative decisions or systematic errors, but that decisions in any one situation can be substantially influenced by seemingly-irrelevant features of the environment. This theory also strikes a more optimistic note, saying that decision-makers can actively make more rational choices once the decision environment is appropriately arranged. This can help with designing “prescriptive” theories of decision making, which aim to reduce the gap between normative and descriptive models (Baron, 2008), 
All of the results in this thesis can be understood as providing evidence for the psychological construction of preferences. A neoclassical economist would likely interpret the robust pattern of soccer gambling advertising from Chapters 2-3 as reflecting consumers’ intrinsic preferences. However, the experimental results from Chapter 3, showing that soccer fans struggle to form coherent probability judgments for complex events, show how this advertising can serve to actively mislead. Chapters 4-6 find evidence in support of the idea that investment errors are not inherent, but can be substantially affected by simple framing effects or information disclosures. Chapter 4 explores the differences between percentage and currency framing of mutual fund characteristics, finding that small currency amounts are weighted differently to percentages or large currency amounts. Chapter 5 finds that financial percentages tend to be processed additively instead of multiplicatively. And Chapter 6 finds that a long-term currency framing of mutual fund fees which removes the need to perform multiplicative computation will help investors pay more attention to fees. Investment errors do not reflect stable underlying biases, but are at least in part due to environmental features. 
A few potential policy implications can be made based on these results, although this is of course subject to further replications in specific populations of interest and with higher financial incentives. The results on UK soccer gambling advertising in Chapters 2-3 have clear policy implications for UK regulators, and provide relevant data for the worldwide debate on gambling advertising. Specifically, UK regulators need to understand how complexity impedes coherent probability judgments, and that the advertising of complex bets is more dangerous than the advertising of simple bets. At the very least gambling advertising needs to be actively monitored for complexity. The industry-wide nature of the exploitation of this bias, however, could suggest more wide-ranging action, such as the banning of live-odds advertising on TV and in bookmaker shop windows. Chapters 4-6 develop an understanding of mutual fund investing, with the most effective policy prescriptions appearing in Chapter 6. Chapter 6 suggests that social comparison disclaimers and the long-term currency framing of mutual fund fees could each be beneficial to mutual fund investors.
These results are in no way intended as final policy prescriptions, but as motivation for future research (e.g., laboratory studies, observational studies, and randomized controlled trials). Chapter 3 experimentally demonstrated that soccer fans struggle to estimate complex probabilities. However, observational studies in Chapters 2 and 3 also showed that soccer gambling advertisements also feature representative outcomes (Tversky & Kahneman, 1974). The role of representativeness in soccer gambling could be investigated by a longitudinal betting experiment comparing the calibration of soccer bettors’ estimates of various events within a given event type. It could well be the case that soccer fans are less-well calibrated for representative events, and that there is an extra level of consumer exploitation in UK soccer gambling advertising. This would provide further evidence for gambling advertising regulation, and could also help inform the favorite-longshot bias literature in sports betting (Vaughan Williams, 1999).
Observational studies should document patterns of both gambling and mutual fund advertising. While Chapters 2 & 3 show that gambling advertising is exploitative, mutual fund advertising is also not always truthful (Jain & Wu, 2000; Koehler & Mercer, 2009). The author has for example observed one instance of a mutual fund’s past performance being framed as a long-term currency return, which the results of Chapter 6 suggest will increase investors’ bias toward funds with high past returns. A wide-ranging observational study could help discover whether this is a widely-used industry tactic. A series of laboratory studies could further probe the psychological processes underlying the experiments in Chapters 3-6. For example, an analysis of verbal protocols (Ericsson & Simon, 1993), or other process tracing techniques such as eye tracking and reaction times (Schulte-Mecklenbeck, Kühberger, & Ranyard, 2011) would help clarify the psychological processes underlying these judgments. Chapter 5’s results on the roles of deliberation, numeracy, and financial literacy in the understanding of downside financial risk could be extended to Chapter 6’s investment choice task. A field-based randomized-control trial would provide a gold-standard level of evidence on any of these potential interventions.
Improving financial literacy is often suggested as an alternative mechanism for improving financial behaviors (Mitchell & Lusardi, 2011). But this view has been challenged by evidence suggesting that financial literacy interventions have little effect on downstream financial behaviors (Fernandes et al., 2014). Numeracy interventions, on the other hand, have shown some ability to improve financial behaviors (Cole et al., 2014). Chapter 5 provides one example of how the links between financial literacy, numeracy, and financial judgments is a complex one. But the results of Chapter 6 are perhaps the most persuasive on this issue, showing a recurring negative correlation between financial literacy and normative choices in a simple investment choice task. While this evidence is only correlational, changing the nature of financial disclosures should be at least as cost-effective as financial literacy training programs (although evidence is needed to support this intuition).
Any potential policy implications from the research in this thesis should be compared to potential alternatives. For example, default options can have dramatic effects on behavior (Johnson & Goldstein, 2003), and the automatization of retirement investing has shown positive results (R. H. Thaler & Benartzi, 2004). But the potential policy interventions explored in this thesis need not conflict with alternatives such as default options and automatization. While many investors can be helped by appropriate defaults, many other investors will choose to make active choices – and could be helped substantially at the point of decision with the psychologically-informed disclosures from Chapter 6 (Loewenstein et al., 2014). The substantial problem of retirement investing will likely require multiple psychologically-informed solutions.
Discussion
Discussion
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three-outcome	TV	Shop Window	Overall	7.7669902912621351	0	2.8368794326241136	scoreline	TV	Shop Window	Overall	35.922330097087382	26.815642458100559	30.141843971631204	first goalscorer	TV	Shop Window	Overall	38.834951456310677	21.229050279329609	27.659574468085108	scorecaster	TV	Shop Window	Overall	3.8834951456310676	49.720670391061446	32.978723404255319	other	TV	Shop Window	Overall	13.592233009708737	2.2346368715083798	6.3829787234042552	
Bet 365	8.9577089442294894E-2	6.0788961359558441E-2	7.269543360228492E-2	0.20612141017809865	0.22217971179510926	0.14093033346281181	6.9827511481441784E-2	0.11984865947407274	7.0160246536853446E-2	5.9674899985135185E-2	7.7761813694703044E-2	4.5822363898126578E-2	0.1051486660816118	0.11878152048537444	9.253700720343476E-2	9.887069329718276E-2	8.957075815076268E-2	0.18738623981553473	4.7933411549595982E-2	0.17324868462975879	6.3877572909270972E-2	7.9308086374473369E-2	0.11939691980193833	0.10386438526680655	0.16828282456689916	7.2006959245122779E-2	7.6558887693931044E-2	6.1913909593249619E-2	6.7291742877784153E-2	0.16642132705773677	7.2686208525519894E-2	6.0014991121649056E-2	8.4809463569563259E-2	4.2815120327111877E-2	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	6	Betway	6.389491121771175E-2	0.12009178849068171	0.10711763288102658	5.5985702825185446E-2	5	5	5	5	Coral	0.11996480201639652	6.389491121771175E-2	7.7487988453850798E-2	4.1804239440686543E-2	3.5559133477316943E-2	7.2115797238145318E-2	6.0447908090772301E-3	2.7083998443878723E-2	2.766072162987547E-2	0.20662897559812948	7.0175708721055358E-2	7.9556975735477126E-2	0.11094225712075853	5.3969965463449524E-2	-3.0277074049255573E-2	0.17786329291747197	-7.7138069759427677E-3	4.6233151924576513E-2	1.5232168591195736E-2	3.3501920357827675E-2	4.0614823580498463E-2	2.1339807741449321E-2	6.3973100374741965E-2	0.10046438686602846	1.2794914374423767E-2	4.6324021432942585E-2	2.2572170921199786E-2	0.13329478164381053	1.2151815590221798E-2	4.9029121124394309E-2	0.18592370801898123	0.25104608564135883	0.13989644984467747	4.9283803340491844E-2	0.11868356277823774	9.7891164610940634E-2	9.7891164610940634E-2	7.5459948649639258E-2	5.7734520228451956E-2	0.14093033346281181	0.14093033346281181	2.6781219550420968E-2	0.19513138790058931	0.12967292327594476	2.0394476152978888E-2	0.1389129946714974	0.1389129946714974	3.3022035640744782E-2	4.6202262554499461E-2	4.6202262554499461E-2	2.7683744035980958E-2	0.16286892922116616	0.16286892922116616	6.74681544805905E-2	9.7810034822470845E-2	0.1080033331074582	0.15270175376931613	0.19543958504748349	0.22536970622232555	0.22536970622232555	5.9674609639263396E-2	3.6763871527445535E-2	0.14720158196515598	8.7786289160318304E-3	3.2230733604762668E-3	9.5286565423968322E-2	2.2882881516573542E-2	1.6465068105410582E-2	2.1127072767415253E-2	0.15537430701464949	0.15537430701464949	6.1499399647858277E-2	7.2353741384552944E-2	-5.0892506807939455E-3	8.7462641871098618E-2	8.9037701965025973E-3	9.8647359940092327E-2	9.8647359940092327E-2	9.8647359940092327E-2	9.8647359940092327E-2	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	4	Ladbrokes	9.229288065657186E-2	0.1495578379215291	0.1495578379215291	4.9947647862460011E-2	0.13567609494890664	0.11094225712075853	0.11094225712075853	9.35990498268683E-2	0.16737249860031705	4.7215947373033362E-2	3.4581769000277707E-2	6.0967907589203285E-2	3.291744792474522E-2	0.14200835701565431	1.5483239174030647E-2	0.13856016225095374	9.7173680470525214E-2	0.15272923602608077	0.13702189409506485	7.6619513352854315E-2	7.6619513352854315E-2	4.7288667081666833E-2	0.22189184168484144	5.6370667241828515E-2	0.11318884906001034	0.11318884906001034	8.3272372785602081E-2	6.2400802610578038E-2	8.1134567262457047E-2	8.2610849138253339E-2	0.10642037294777715	0.10642037294777715	0.10642037294777715	7.966848530034959E-2	0.13040675954458436	0.15262898176680656	0.18040675954458435	3.0238090997812411E-2	0.17978006335633745	0.17978006335633745	4.9491224021896776E-2	4.9491224021896776E-2	4.9491224021896776E-2	4.9262521115103618E-2	6.315141000399252E-2	0.15507814946589521	0.19543958504748349	0.19543958504748349	3.8694410082059399E-2	0.13869441008205941	8.1292295361761496E-2	8.1292295361761496E-2	4.2159662604844855E-2	9.7715218160400408E-2	8.2053632222778186E-2	3.6015327710953088E-2	6.1015327710953082E-2	6.2566614016531519E-2	6.2566614016531519E-2	6.2566614016531519E-2	0.11938479583471334	0.11938479583471334	8.0861478008868157E-2	8.0861478008868157E-2	8.9798354506124667E-2	0.11983480987662443	0.13856016225095374	0.13869441008205941	7.3718547755725727E-2	0.14342494465521727	0.16251213571193288	0.15447224273311227	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	3	Paddy Power	8.9017971751077271E-2	0.2023427616155733	0.11955865866932486	0.21024862405177783	2	2	2	2	William Hill	4.5131802526780507E-3	0.13784651358601141	6.1394470546192223E-2	4.2332951461599835E-2	0.20662897559812948	5.783105769626315E-2	0.1012882613958654	5.7051170831899534E-2	0.16324505002410314	5.2860577117350191E-2	0.18057817899460654	0.12607267262980296	0.12607267262980296	0.27741957870750011	0.10366353564754877	0.23664961123772699	0.12820872557933649	-8.7237522168141859E-3	8.0688990588560078E-3	7.6995161137019097E-2	2.6866618954136876E-2	0.11563189750200013	9.7966723876025161E-2	0.18888706668050093	0.18888706668050093	7.3783867299159575E-2	0.14945840465926546	-5.6377839048774164E-3	0.15776090890558009	6.1006533320019693E-2	0.12332731794385637	6.5643224741144396E-2	0.15010241450504916	6.9572610760532949E-3	0.2493815035002957	0.14233564693521433	8.1088682618693952E-2	0.13149785129117153	0.15384262238638133	5.012622340993933E-2	6.4024182218228115E-2	9.2335935087252061E-2	3.2410538097240524E-2	9.9077204763907176E-2	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	1	above match average
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Participant Characteristics  Experiment 1  Experiment 2  

Age    

Mean  30.9  31.9  

Standard deviation  10.1  10.8  

Range  18 - 79  18 - 74  

Education    

Some high school  0.8%  0.6%  

High school graduate  6.9%  10.2%  

Some college  39.1%  37.4%  

College graduate  53.2%  51.8%  

Gender    

Female  33.5%  38.9%  

Male  66.5%  61.1%  

Percentages question    

Less than  47.8%  43.5%  

Equal to  32.0%  35.9%  

Greater than  20.2%  20.6%  

Portfolio size    

   < $10,000  45.1%  57.9%  

≥  $10,000  < $100,000  40.4%  28.3%  

≥ $100,000  14.5%  13.8%  

 


Microsoft_Word_Document6.docx


		Participant Characteristics

		Experiment 1

		Experiment 2



		Age

		

		



		Mean

		30.9

		31.9



		Standard deviation

		10.1

		10.8



		Range

		18-79

		18-74



		Education

		

		



		Some high school

		0.8%

		0.6%



		High school graduate

		6.9%

		10.2%



		Some college

		39.1%

		37.4%



		College graduate

		53.2%

		51.8%



		Gender

		

		



		Female

		33.5%

		38.9%



		Male

		66.5%

		61.1%



		Percentages question

		

		



		Less than

		47.8%

		43.5%



		Equal to

		32.0%

		35.9%



		Greater than

		20.2%

		20.6%



		Portfolio size

		

		



		  < $10,000

		45.1%

		57.9%



		≥ $10,000  < $100,000

		40.4%

		28.3%



		≥ $100,000

		14.5%

		13.8%








image5.png
Proportion of Low-Fee Choices

0.65
0.60
0.55
0.50
0.45
0.40
0.35
0.30
0.25
0.20
0.15
0.10
0.05
0.00

0$1,000
0$1,000,000

Percentage Currency amount

Experiment 1 (fees)

Percentage Currency amount

Experiment 2 (returns)




