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1. Introduction 

 

 

Individuals invest more time contemplating about each car purchase than they do in their entire 

life thinking about retirement planning. A market research agency found that Germans spend 21 

hours of their life thinking about retirement planning. They spend, however, 37 hours for each car 

purchase (Mühlbauer, 2013). These numbers are worrisome, given that bad retirement planning 

can have severe and long-lasting financial consequences. A single faulty decision can make the 

difference between living in modesty or comfort during retirement. Self-responsibility of 

managing retirement wealth is increasing, and thus, we need better insights into how households 

save, invest, and dissave. Why do individuals and households not plan more and better for their 

retirement? Why do they not invest more time into such important decisions? Why do they 

instead dedicate more time to a car purchase, which has fewer financial consequences? 

Potential reasons are manifold. Households might simply not be aware of the importance of 

retirement planning. Or they might postpone retirement planning since they do not perceive the 

urgency of the topic due to the large temporal distance to retirement age. Retirement planning is, 

despite its importance, a complex decision, which might scare households away from confronting 

the topic. Furthermore, it might be uncomfortable to think about oneself at elderly ages, which 

can result in the tendency to neglect such topics and avoid such confrontation. 

How do households actually form their decisions? What does their decision making processes 

look like? Households’ decision making processes are complex. Due to their complexity, no 

single theory is likely to be able to explain or predict households’ decision making sufficiently. 

Research on individual investors has shown many instances in which the investors deviate from 

"rational" decision making benchmarks. Academic research has recognized that individuals do 

not act like the homo economics, which is the stylized version of a rational agent, free of 

emotions, exhibiting consistent decision making as a financial utility maximizer. From a rational 

point of view (depending on the underlying type of rationality assumed, such as being a strict 
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financial utility maximizer), households or individuals should decide in a certain way in a certain 

situation, but they do not display rational behavior in a financial utility maximizing sense. Their 

decision making processes might reflect more dimensions besides financial utility. Households 

might maximize based on emotional or social utility. Emotional and social utility are derived 

from decisions that "feel good" or that are consistent with the expectations of relevant others (see 

Hoffmann and Broekhuizen (2009) for how social factors drive investment choices and Aspara et 

al. (2015) for how emotional utility is traded off against financial utility in investment choices). 

Examples of important reference groups in this regard are family, friends, and colleagues. Thus, 

households might maximize one or a combination of different utilities, but the definition of utility 

is different than in traditional economics. Those deviations from rational behavior are oftentimes 

coined as “biases”, because they do not coincide with the underlying economic theory of choice.  

This thesis expands our knowledge on household financial decision making. We take a positive 

research approach. That is, across three studies, we observe financial decision making of 

households and aim to explain them alongside a wide array of different factors. We do not engage 

in discussions on rationality, and for the sake of this thesis, assume each decision made by a 

household can be interpreted as being rational, in a sense that it is arguably made to achieve 

progress towards a desired individual goal of life, which might not even be visible to the 

observer. Existing economic theories of financial decision making provide a good benchmark for 

explaining decision making, and have simplicity as their advantage. However, their disadvantage 

is that they oftentimes fail to explain real-world behavior. Those are the instances when “biases” 

are found.  

Existing theory is not comprehensive enough to sufficiently reflect the complexity of human 

decision making. More factors need to be incorporated until observed outcomes can be explained 

and aligned with the theoretical predictions of such theories. We believe that a positive research 

approach will better be able to shed light onto household decision making. Insights gained from 

those attempts could then be incorporated into normative research, to figure out whether actual 

behavior is predictable and whether existing theory is enriched by these new insights and results 

from positive research approaches. Any newly identified deviations from strict utility 

maximization can then serve as input for positive research approaches and will deliver new 

insights into decision making processes. Thus, both research approaches need each other’s input 

to develop the field of household finance.  
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Current normative models reach their boundaries due to the complexity of human nature and 

households’ decision making processes. Rational utility models, for example, aim to incorporate 

and price non-pecuniary benefits, but this is hard to achieve given that many factors influence 

and contribute to utility or value derived from a decision’s outcome. A few examples are: 

enjoyment, satisfaction, thrill, excitement, herding behavior borne by a desire for safety and 

ability to shift responsibility, misperception of a given choice (or financial product) due to 

marketing efforts, false promises, lack of literacy or miscomprehension of financial products. 

The aforementioned examples highlight why academic research needs to reconsider thinking in 

terms of strict research areas. Times where research in economics, finance, marketing, 

psychology, et cetera could be seen as separated research fields are already over. Modern theories 

of choice are and will even extend to be multidisciplinary (cf. Lynch and Wood, 2006). The 

reason for this multidisciplinarity touches again on the point of the complexity of human nature. 

Combining different disciplines and their methods allows for a better, more detailed, and finer 

grained understanding of decision making processes. By combining insights from several 

research streams, this thesis aims to contribute to the academic literature in the area of behavioral 

and experimental finance, consumer behavior, and economic psychology.  

The following three chapters employ such a multidisciplinary approach. They can be seen as 

individual essays, each with a different focus to provide additional insights into household 

decision making. In those essays, we study households under various circumstances and in 

different stages of their (financial) life cycle. We focus on specific examples of two of these 

stages: one is the accumulation phase, during which households are part of the labor force and 

their income typically exceeds their spending level. The other phase is retirement, where 

households’ income stream is reduced and they typically start to consume out of their savings. 

Chapter 2 examines household decision making proxied by savings behavior and its link to 

psychological characteristics. Savings behavior is influenced by psychological characteristics 

such as personality traits, a tendency to set goals, and financial experience. However, the 

influence of these characteristics is likely to vary across different (demographic) groups within a 

population: characteristics which motivate savings behavior in one group may not do so in 

another. To understand these complex relationships, we analyze latent heterogeneity in the 

relationship between household characteristics (financial literacy), personality traits (the Big 
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Five, self-control, optimism, and attitude towards savings), saving motives (the self-regulation 

systems promotion and prevention), and savings behavior (total household savings). We 

simultaneously segment individuals and estimate segment-specific path coefficients, to test 

whether psychological characteristics predict savings behavior differently across groups. This 

approach is applied to a representative sample of UK households.  

Our results suggest that the relationship between psychological traits and savings behavior is 

indeed heterogeneous. For example, while lower extraversion and higher self-control are 

associated with increased total household savings in a more affluent subgroup, no similar effects 

can be found in a less affluent subgroup. These and other differences demonstrate the importance 

of accounting for latent heterogeneity when studying the psychological determinants of savings 

behavior. Our approach exemplifies the importance to account for latent heterogeneity present in 

the data, instead of a priori segmenting at the researcher’s discretion
1
. Chapter 2 shows that 

households should not be treated as homogeneous, but instead individual differences on the effect 

of different psychological characteristics on savings amount between the segments need to be 

taken into account. Neglecting such differences might shape an incorrect picture about 

households’ savings behavior. 

Afterwards, in Chapter 3 we study the effect of framing of financial information on the way 

investors form expectations, that is, update their beliefs. When making financial decisions, 

research has shown that the way how information is presented has an impact on the outcome of 

an associated decision (called “framing”). This effect also exists for a temporal aggregation of 

data, when an individual investor is presented with return data on different performance horizons.  

Chapter 3 experimentally analyzes how beliefs are updated over time and impacted by a default 

time horizon of return information displayed. Understanding belief updating and how to set 

defaults can beneficially influence (i.e. reduce) trading activity, and the total financial wealth 

saved and accrued by households during their savings accumulation phase. In particular, prior 

research has shown that investors with smaller belief updates trade less actively. This reduced 

activity positively affects their return performance. We examine the effect of different default 

frames of presenting past return information on investors’ belief updating. In particular, we 

                                                           
1
 please note that a well-defined, justified, and theoretically reasoned a priori segmentation might very well make 

sense. However, several academic studies lack this justification which makes the decision on segmenting a dataset 

appear to be more or less arbitrarily chosen 
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analyze whether presenting longer information horizons as a default is associated with smaller 

belief updates.  

In lab and online experiments, we expose subjects to different past return information defaults 

and measure updates in their beliefs. Different from previous research, our subjects can easily opt 

out of the default to obtain additional information. We find that presenting long-term return 

information is not effective in reducing belief updates on average. Whereas belief updates are 

reduced for subjects who remain in their default, for those who opt out, we observe the opposite 

pattern. Again, this finding showcases the importance of properly accounting for heterogeneity 

between segments, as elaborated on in Chapter 2. 

Chapter 4 relates to the third stage of a household’s life cycle – the wealth decumulation phase. 

Households, due to a lack of perfect foresight, in association with carefulness, tend to decease 

with a positive financial balance that was still at their disposal. But not only lack of foresight 

plays a role in that. Some financial assets are sticky, illiquid, and lumpy, and cannot be easily 

sold in parts, as it might be desired by the household. Home equity is a perfect example which 

fulfills those requirements. During their life, households accumulate home equity, which forms 

the single largest asset of most retirees. During their retirement, they might actually benefit from 

(partially) consuming their home equity. Unfortunately, this is not easily possible, such as it is 

difficult to sell a fraction of one’s home. A solution might be to sell the home entirely, to have the 

home equity completely liquidated, and to be able to consume the proceeds. However, this comes 

along with the necessity to move out of the home, search and find a new place to live. Especially 

elderly households have hard times with that, since they are attached to their homes and 

appreciate the steadiness and well-known surroundings of their home. Thus, many households 

inherit a large portion of their total wealth to their heirs instead of consuming it during their 

lifetime.  

Chapter 4 picks up on a financial product called “reverse mortgage.” Reverse mortgages allow 

elderly homeowners to unlock and consume home equity without leaving their homes. While 

theoretically appealing, the product is under-utilized comparing actual sales rates versus 

predicted theoretical demand. That is, relative to the number of elderly homeowners with limited 

financial resources, the take-up rates of reverse mortgages are low. Even when taking bequest 
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motives for households with children into account, the question remains why those without 

bequest motives do not display higher acceptance rates for such a product.  

To understand the low take-up rates we first survey U.S. homeowners aged 58 and older 

assessing their knowledge (literacy) about the most popular reverse mortgage product, the Home 

Equity Conversion Mortgage (HECM). Next, we study the relationship between knowledge and 

the intention to use a HECM. Awareness of reverse mortgages is high, but knowledge of contract 

terms is limited. More knowledgeable homeowners and those with peers who have a reverse 

mortgage express greater intention to use such a product. Respondents who would benefit most 

from reverse mortgages (those with low incomes and limited savings) express greater intention to 

use reverse mortgages, but lack knowledge of the contract terms. Lack of knowledge, problems 

understanding important contract terms, and low financial literacy are identified as some of the 

factors which relate to low product demand. Our findings suggest that take-up rates might be 

increased through improving knowledge about contract terms or changing the product’s design to 

make it easier to understand in the first place. 

The three essays on different aspects of household financial behaviors in Chapters 2-4 are then 

followed by a general summary of the findings and results of the studies in Chapter 5. Chapter 6 

highlights the implications the findings have for existing research and policymakers. 
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2. Psychological Characteristics and Household Savings Behavior 

- The Importance of Accounting for Latent Heterogeneity
2
 

 

 

2.1. Introduction 

Prior research highlights the important contribution of psychological characteristics in explaining 

household savings rates (Antonides et al., 2011; Canova et al., 2005; Loibl et al., 2011; Lunt and 

Livingstone, 1991; Petkoska and Earl, 2009). However, such research often treats the population 

of interest as homogeneous, thereby implicitly assuming that a psychological trait’s influence will 

broadly extend across a range of demographic groups. Yet, it is also possible that psychological 

characteristics will influence an individual’s propensity to save differently based on its life cycle 

stage, gender, education level, or income – factors which are themselves also found to influence 

savings rates (e.g., Alessie and Lusardi, 1997; DeVaney et al., 2007; Horioka and Watanabe, 

1997; Lee et al., 1997; Wärneryd, 1999; Xiao and Fan, 2002; Xiao and Noring, 1994).  

To accommodate for these differences across groups, previous studies have either divided their 

samples based on observable attributes such as age, gender or marital status, and then analyzed 

the resulting subsamples in isolation, or instead utilized regression interaction terms (e.g., Brown 

and Taylor, 2014; Cho et al., 2014; Nyhus and Webley, 2001). However, the complex 

associations between psychological characteristics and savings behavior across different groups 

of individuals are likely to be overlooked when using these standard multivariate techniques. 

Indeed, prior research has argued that observable characteristics, such as gender or age, are by 

themselves insufficient to capture heterogeneity adequately (see e.g., Wedel and Kamakura, 

2000). We therefore propose a different approach. Instead of a priori segmenting survey 

                                                           
2
 This chapter is based on the co-authored paper with Joe Gladstone (University College London) and Arvid 

Hoffmann (University of Adelaide), which is published in the Journal of Economic Behavior and Organization. 
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respondents based on observable characteristics, we explicitly accommodate for the role of latent 

(i.e., unobserved) heterogeneity in savings behavior by applying a finite mixture model.  

Finite mixture models uncover latent heterogeneity by estimating the proportions of distinct 

behavioral types in a population and allocating each individual to one endogenously defined 

behavioral type, characterized by a unique set of parameter values (Bruhin et al., 2010). Within 

the broader class of finite mixture models, we adopt the Finite Mixture Partial Least Squares 

(FIMIX-PLS, henceforth) approach, which has been previously validated and is particularly 

suitable for our study explaining savings behavior as it is prediction-oriented (see Ringle et al., 

2010). The FIMIX-PLS methodology simultaneously segments individuals into unique groups 

and estimates segment-specific path coefficients of the type used in Structural Equation Modeling 

(SEM) to predict savings behavior. This procedure allows for the objective identification of latent 

segments, and therefore provides the potential for a more accurate understanding of the variation 

which exists in savings behavior. Indeed, our findings indicate considerable heterogeneity in the 

influence of psychological characteristics across groups, suggesting that what motivates one 

group of individuals to save, does not (necessarily) motivate other groups to do the same.  

It is an important goal to understand the psychological characteristics which drive savings 

behavior, because the decision to defer consumption today and save for the future is potentially 

the most crucial financial decision consumers make (Zhou and Pham, 2004). Savings act as a 

critical tool which households utilize to achieve their financial goals and maintain financial well-

being (cf. Donnelly et al., 2012; Findley and Caliendo, 2015; Otto, 2013). Furthermore, changes 

in government policy mean understanding the determinants of individuals’ savings behavior is 

becoming increasingly important. For example, the UK has recently liberalized the rules allowing 

individuals to withdraw retirement funds during the pension decumulation phase (Loibl et al., 

2016). Given the established literature on hyperbolic discounting (Laibson, 1997) and the general 

trend towards an increasing self-responsibility for retirement, this suggests that some groups may 

become increasingly vulnerable to failing to smooth consumption over their lifetime. Therefore, 

an improved understanding of the characteristics and heterogeneity underlying savings behavior 

will help policymakers identify relevant subgroups to target with tailor-made interventions.  

This essay makes several contributions to the literature on household finance and the individual 

differences which shape consumer financial decision making. First, we introduce an innovative 
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methodological approach to the ongoing debate on the psychological and demographic predictors 

of individuals’ savings behaviors. By highlighting the importance of unobserved heterogeneity, 

the results of the FIMIX-PLS approach offer a possible explanation of why previous research has 

often found contradictory results on the role of psychological characteristics in explaining 

savings behavior. In particular, focusing on average effects in a population and overlooking the 

heterogeneity in these effects across relevant subgroups might have contributed to an opaque 

relationship between psychological characteristics and savings behavior.  

Second, by using a representative sample of the UK, our findings provide insights into the 

behaviors of real population groups. Those insights will help guide policymakers in deciding 

which psychological characteristics to target when attempting to improve savings behavior 

among specific subgroups. As such, we contribute to the emerging debate on how psychological 

theories can inform public policy (Lynch and Wood, 2006).  

Third, while previous studies have typically examined the effect of household characteristics, 

personality traits, and saving motives in isolation, we aim to provide a more holistic perspective 

on the determinants of savings behavior. To do this, we systematically examine the joint effect on 

household savings behavior of not only personality traits, but also variables that have received 

less attention in the literature, but seem equally relevant, such as optimism, savings attitudes, and 

the types of goals set by savers.  

Our study reveals several novel relationships between demographic and psychological variables, 

which highlight the importance of understanding latent heterogeneity in financial behavior. For 

example, while higher self-control and lower extraversion are associated with a greater 

accumulation of savings in a segment we describe as “established” (i.e., those who are older and 

richer), we do not find similar effects in a segment we describe as “striving” (i.e., those who are 

younger and lower-income). Instead, for the latter group, whether or not they set savings goals 

appears to be a key predictor of savings. These findings support the argument that different 

psychological characteristics – such as self-control or extraversion – will be more or less 

influential on savings behavior depending on the environment and the life-stage of the individual. 

Finite mixture models are a data-driven approach in which segments of the population are 

automatically identified by the model based on the latent (i.e., unobserved) heterogeneity in the 
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data. Next, differences in the relationships between psychological characteristics and savings 

behavior across these segments are examined. This process does not lend itself to the 

development of a priori hypotheses, and our objective is not to test a theoretical framework of 

how specific variables relate to savings. Instead, the approach provides a richer understanding of 

how psychological characteristics influence savings differently across (demographic) groups. The 

results can benefit theory development by comparing them with those from prior research, which 

did not account for the role of latent heterogeneity in explaining the effect of psychological 

characteristics on savings behavior, but instead has focused on average effects in a population. 

The remainder of this essay is structured as follows. Section 2.2 reviews the literature on the 

interactions between demographic groups and key psychological characteristics identified as 

influencing savings behavior. Section 2.3 introduces the data set we use in our analyses and 

presents an overview of the FIMIX-PLS approach we employ to examine latent heterogeneity in 

savings behavior, including the model’s main formulae. Sections 2.4 to 2.6 present the results, 

discuss their theoretical and practical implications, and conclude on how future applications of 

the FIMIX-PLS approach can enrich our understanding of consumer financial decision making.  

 

2.2. Literature Review 

2.2.1. Interactions between Psychological Characteristics and Demographics 

A challenge in understanding a complex behavior such as households’ savings is that models of 

behavior must not only contend with the complexity of two distinct factors (i.e., psychological 

and demographic characteristics), but also account for the interaction between these factors. As 

demographic characteristics shape the choices available to a person, this will, in turn, moderate 

when and how these psychological traits predict behavior. For example, while self-control has 

been linked to higher saving rates (e.g., Thaler and Benartzi, 2004), it might not be associated 

with higher savings in those who lack the financial resources to save. This ability to save will 

depend on factors such as the individuals’ life stage, their household size, income level, and the 

financial products available to them. Indeed, Bertrand et al. (2006) state that the financial 

behavior of low income consumers is more controlled by circumstances independent of intention. 
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Psychological traits will therefore influence savings outcomes only when certain environmental 

conditions are met. This notion is supported by previous research illustrating how psychological 

traits interact with demographic factors in influential ways. Mosca and McCrory (2016) studied 

how personality traits contributed to wealth accumulation in older groups, finding that individuals 

higher in conscientiousness accumulate more wealth. However, they also found this relationship 

to only be significant for those at the lower end of the income distribution. This suggests that for 

those with higher levels of income, the role of other factors beyond personality become greater 

drivers of wealth accumulation. For example, one explanation is that higher income employees 

are likely to receive more generous pension contributions from their employer, meaning wealth 

accumulation may become less dependent on the active choices for these employees. Similarly, 

Cobb-Clark et al. (2016) investigated wealth accumulation across income segments in Australia, 

studying the effects of locus of control. Their results suggested that locus of control had a greater 

influence on wealth accumulation for lower-income segments. 

These examples highlight previous work which has investigated how psychological traits might 

influence savings behavior differently across demographic groups. However, the advantage of 

using a FIMIX-PLS approach is that we do not make a priori decisions on how to segment 

individuals. For example, we do not arbitrarily define groups based on gender, marital status, 

wealth level, or household size, but instead, utilize the latent structure in the data to segment the 

sample according to what best fits the underlying structural equation model. In so doing, we aim 

to achieve a clearer understanding about the heterogeneity in the associations between 

psychological characteristics and savings behavior, and thereby help explain the current 

literature’s lack of consensus and develop new opportunities for theory development and testing. 

Furthermore, while previous research has often focused on only a small number of predictors of 

savings, we instead aim to holistically and simultaneously assess many of the key psychological 

drivers of household savings behavior. These drivers of savings behavior can be classified into 

the following groups: household characteristics (financial literacy), personality traits (the Big 

Five, self-control, optimism, and attitude towards savings), and saving motives (the self-

regulation systems promotion and prevention). We include these variables based on a review of 

the relevant literature on consumer financial decision making and household finance, which 

identified them as fundamental to understanding the differences regarding savings behavior 

across households. In this regard, we draw from research across a range of social science 
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disciplines, including (social) psychology, consumer behavior, economics, and finance. By 

examining the joint effect of these characteristics, our aim is to provide a more holistic 

perspective on the determinants of household savings behavior than previous studies have done, 

which typically only examined the effects of these characteristics in isolation. 

In the following sub-sections, we briefly summarize and review each of these psychological 

drivers of savings behavior, thereby providing a rationale for their inclusion in our model, and 

highlighting the inconsistencies in past research, which our approach may be able to help explain. 

 

2.2.2. Household Characteristics: Financial Literacy  

Financial literacy characterizes an individual’s knowledge of basic financial concepts (Lusardi, 

2008), and has been identified as a key variable to explain variation in a household’s tendency to 

build up wealth (e.g., van Rooij et al., 2011). Individuals who are financially literate have the 

capacity to make more informed choices regarding financial matters, such as whether and how 

much to save (e.g., Stango and Zinman, 2009). Grasping basic financial concepts, such as the 

effect of compounded interest on the value of one’s savings, is indispensable in understanding the 

value of starting to save early for retirement. Similarly, knowledge about the costs of credit is 

invaluable in deciding whether to save for unexpected expenditures, such as those related to the 

breakdown of home appliances, or to take up credit to cover such costs. A significant percentage 

of households, however, do not understand even very basic concepts within personal finance, at 

least as measured through standard financial literacy tests. In fact, Klapper et al. (2014) show that 

only 57% of U.S. and 67% of UK households can be considered financially literate in this regard. 

These figures are concerning, as not understanding basic financial concepts can adversely impact 

both An individual’s health and welfare (see e.g., Lusardi and Mitchell, 2007). 

 

2.2.3. Personality Traits: The ‘Big Five’  

The ‘Big Five’ model is the dominant paradigm for the measurement of personality traits. It 

originates from psychology and has become increasingly applied in economic research. The five 

personality traits are agreeableness, conscientiousness, extraversion, neuroticism, and openness to 

experience. McCrae and John (1992) provide an overview of the model. While several studies 
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have used the Big Five to try and predict savings behavior, to date, the findings lack consensus on 

which of the personality traits are most-closely related to savings behavior and in what way.  

Brown and Taylor (2014), for example, analyzed data from the British Household Panel Survey. 

They focused on the effect of the Big Five on financial outcomes, in particular on the amounts of 

unsecured debt and savings. The authors split their dataset into single persons and couples, and 

analyzed these groups separately. Overall, the authors found that specific personality traits are 

significantly associated with debt and asset holdings. However, they also found a large variation 

across their sample, with personality traits being associated with financial outcomes depending 

on both the type of household and the types of debt and assets. For example, the authors found a 

consistent negative relationship between conscientiousness and unsecured debt holdings, while 

also finding extraversion to have a negative association with asset holdings, but only for those 

living as a couple. Contrary to earlier work by Nyhus and Webley (2001), which found that 

neuroticism negatively affected savings, Brown and Taylor (2014) did not find any effect of 

neuroticism. As another example of the lack of consensus in the current literature, Mosca and 

McCrory (2016) find a positive relationship between extraversion and wealth accumulation in 

The Irish Longitudinal Study on Ageing, which is at odds with results from Nyhus and Webley 

(2001), who document a negative relationship of extraversion with savings.  

 

2.2.4. Personality Traits: Self-Control 

Self-control refers to an individual’s capacity to control impulses, emotions, desires, and actions 

in order to protect a valued goal (e.g., having a financially secure retirement) or resist a 

temptation (e.g., spending money on non-essential items). Self-control is the process of self-

regulation in contexts involving a clear trade-off between long-term interests and immediate 

gratification (Bernheim et al., 2015; Thaler and Shefrin, 1981; Vohs et al., 2012). There is large 

variation in individuals’ capacities for self-control, and those with less of it are less likely to save 

for the future and more likely to give in to temptations to spend today (cf. Thaler and Benartzi, 

2004). Indeed, having poor self-control is associated with lower credit scores (Arya et al., 2013). 

Research has found a positive relationship between self-control and higher income (Haushofer 

and Fehr, 2014). Various authors have attempted to explain this phenomenon. Within economics, 
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Bernheim, Ray and Yeltekin (2015) argue poverty can be self-perpetuating, by undermining the 

capacity for self-control, while work in developmental psychology finds that exposure to poverty 

in childhood may adversely affect children’s socio-emotional adjustment through its impact on 

self-regulatory skills (Aber, Jones, and Cohen, 2000; Raver, 2004). Another recent perspective is 

that poverty forces people to spend time thinking about what they do not have, leaving less 

mental bandwidth for more abstract thought, such as planning for the future (Mullainathan and 

Shafir, 2013). For example, Mani et al. (2013) found that the psychological impact of resource 

scarcity was comparable to the effect of a drop in IQ of 13 points, demonstrating how wealth (or 

the lack of it) can be an important environmental factor in influencing psychological processes. 

 

2.2.5. Personality Traits: Optimism 

Dispositional optimism is related to numerous positive life outcomes. The more positive people 

expect their futures to be, the better their mood, the fewer their psychiatric symptoms, and the 

better their adjustment to diverse situations including college transition, pregnancy, cardiac 

surgery, and caregiving (for a review, see Carver and Scheier, 1999). The degree to which 

individuals are optimistic about the future can also exert an influence on their savings behavior.  

On the one hand, more optimistic individuals might be more likely to save as they feel more 

confident to be able to reach their savings target. Indeed, Puri and Robinson (2007) found that 

optimists save more than pessimists. They also found that optimism is related to portfolio choice: 

optimists are more likely to own individual stocks, and for these stocks to make up a greater 

proportion of their overall wealth. On the other hand, however, individuals who are optimistic 

about future prospects may not allocate sufficient money to precautionary savings, as they do not 

feel the need to save. Additionally, they might underestimate the risk of undesirable events. Even 

risk-averse individuals, if sufficiently optimistic about the certainty of future income, would be 

inclined to reduce precautionary savings. An overly optimistic individual might overestimate 

potential returns on savings, or underestimate the time needed to accomplish a certain savings 

goal, and therefore save less money than necessary to reach their savings target.  

Research in health suggests optimism may also be more important for certain groups than others. 

For example, Geers et al. (2010) found that the relationship between optimism and health-
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promoting behaviors is moderated by a person’s goals. Other research has found that optimism is 

related to lower cancer risk, but only among younger patients (Schulz et al., 1996). Therefore, the 

impact of optimism on financial outcomes such as savings behavior may also vary across groups. 

 

2.2.6. Personality Traits: Attitude towards Savings 

An attitude is “a relatively enduring organization of beliefs, feelings, and behavioral tendencies 

towards socially significant objects, groups, events or symbols” (Hogg and Vaughan, 2005: 150). 

Attitudinal factors have been found to be important drivers of a household’s financial decisions. 

Livingstone and Lunt (1992), for example, find that a household’s attitude towards debt can 

discriminate debtors from non-debtors, explain how far households get into debt, and predict how 

much of their debts they will repay. Davies and Lea (1995), in turn, showed how such attitudes 

correlate with various demographic (e.g., age) and psychological variables (e.g., locus of control). 

These findings suggest that the effect of debt attitudes may vary across (demographic) groups, 

reinforcing the need to examine the role of latent heterogeneity in explaining savings behaviors. 

An examination of the attitude towards debt scale by Davies and Lea (1995) indicates that a 

household’s attitude towards savings is to be understood as a subcomponent of its more general 

attitude towards debt. In particular, the following statement from this scale directly refers to a 

household’s savings attitude: “You should always save up first before buying something.” 

 

2.2.7. Saving motives: Promotion versus Prevention Regulatory Focus  

Because savings decisions are typically made to fulfil goals that are distant in time, these 

decisions are likely to be guided by processes of self‐regulation. Self‐regulation refers to the 

processes individuals use to set goals, select means to attain these goals, and assess their progress 

toward these goals (e.g., Brockner and Higgins, 2001). Zhou and Pham (2004) explained how the 

promotion system, which originates in the regulation of nurturance needs, relies on approach 

strategies when regulating toward desirable ends. This system is especially active in the pursuit of 

ideal situations, such as wishes, dreams, and aspirations. In contrast, the prevention system, 

which originates in the regulation of security needs (Zhou and Pham, 2004), relies on avoidance 

strategies when regulating toward desirable ends. The prevention system is especially active in 

the pursuit of oughts, such as the fulfilment of responsibilities, obligations, and duties. 
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Within household savings behavior, the promotion system invokes the desire to achieve financial 

gains, whereas the prevention system invokes the desire to avoid financial losses. The latter 

motivation corresponds to the notion of precautionary savings, which provide households with an 

emergency cushion in the case of a sudden loss or an unexpected spike in expenditures. In 

contrast, the former motivation describes how households save to attain a future goal. However, 

as Cho et al. (2014) pointed out, neither of the two motivators entails that the ultimate goal of 

savings needs to be either gain- or loss-focused. One may save preventively to ensure the gains 

which accrue from peace of mind, whilst saving promotionally to avoid having to delay 

retirement. Furthermore, decision makers are differently sensitive to gains and losses for financial 

products, depending on their personal predisposition towards promotion or prevention (Zhou and 

Pham, 2004). It is possible that different life stages will be more closely associated with one 

system than another (e.g., younger people being more concerned with accumulating wealth, and 

older people being more concerned with avoiding losing wealth). Therefore, there is likely to be 

an interaction between regulatory focus and demographic characteristics such as age or income. 

  

2.3. Data and Methodology 

2.3.1. Data Collection 

Our data source is a unique household survey commissioned in 2013 by a large independent 

consumer body in the UK and designed in collaboration with one of the study authors. The 

survey investigates the household savings behavior of 4,170 UK individuals. Conducted by a 

large UK polling organization, the survey is representative of the overall UK population in terms 

of socio-demographics and was run online, via telephone, and in person to ensure a full 

representation of different groups. It contains questions on household savings, as well as several 

demographic and socio-economic variables, including age, gender, income, and educational 

attainment. The survey also measures self-assessed financial literacy, self-control, optimism, 

savings attitude, and the Big Five personality traits. Item order was randomized to prevent any 

ordering effects. Table 2.1 provides an overview of all the variables and scales we use, as well as 

descriptive statistics. 
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Table 2.1 Scale and variable definitions 

Scale Item Wording Mean 
Std. 

Dev. 

Item 

Loading 

Cronbach’s 

Alpha

The Big Five 
[answers recorded on a scale ranging from: (1) does not apply to me at all - (7) applies to 

me perfectly]    
0.72 

Agreeableness I see myself as someone who is sometimes rude to others* 5.23 1.68 0.62 0.56 

 

I see myself as someone who is considerate and kind to almost everyone 5.03 1.46 0.84 

 

 

I see myself as someone who has a forgiving nature 5.60 1.13 0.76 

 
Conscientiousness I see myself as someone who does a thorough job 5.80 1.08 0.81 0.43 

 

I see myself as someone who tends to be lazy* 4.89 1.75 0.81 

 
Extraversion I see myself as someone who is talkative 4.27 1.67 0.84 0.72 

 

I see myself as someone who is outgoing, sociable 4.46 1.59 0.86 

 

 

I see myself as someone who is reserved* 3.65 1.64 0.69 

 
Neuroticism I see myself as someone who worries a lot 4.39 1.78 0.88 0.77 

 

I see myself as someone who gets nervous easily 3.91 1.82 0.85 

 

 

I see myself as someone who is relaxed, handles stress well* 3.65 1.60 0.75 

 
Openness to I see myself as someone who is original, comes up with new ideas 4.62 1.45 0.83 0.71 

experience I see myself as someone who values artistic, aesthetic experiences 4.64 1.60 0.75 
  I see myself as someone who has an active imagination 5.18 1.42 0.82 
 Self-Control 

 
[answers recorded on a scale ranging from: (1) very much like me - (5) not at all like me] 

   
0.85 

 

I have a hard time breaking bad habits 3.30 1.16 0.65 
 

 

I get distracted easily 3.52 1.15 0.70 
 

 

I say inappropriate things 3.83 1.12 0.72 
 

 

Pleasure and fun sometimes keep me from getting work done 3.64 1.14 0.69 
 

 

I do things that feel good in the moment but regret later on 3.67 1.09 0.80 
 

 

Sometimes I can’t stop myself from doing something, even if I know it is wrong 3.87 1.13 0.78 
 

 

I often act without thinking through all the alternatives 3.82 1.12 0.76 
 Optimism [answers recorded on a scale ranging from: (1) I disagree a lot - (5) I agree a lot] 

   0.86 

 

In uncertain times, I usually expect the best 2.98 1.03 0.71 
 

 

If something can go wrong for me, it will* 3.05 1.17 0.75 
 

 

I'm always optimistic about my future 2.70 1.11 0.74 
 

 

I hardly ever expect things to go my way* 3.03 1.16 0.81 
 

 

I rarely count on good things happening to me* 3.12 1.15 0.77 
 

 

Overall, I expect more good things to happen to me than bad 2.66 1.09 0.80 
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Table 2.1 Scale and variable definition – continued 

Scale Item Wording Mean 
Std. 

Dev. 

Item 

Loading 

Cronbach’s 

Alpha

Financial 

literacy 

How would you assess…   [answers recorded on a scale ranging from: (1) very low - (7) very 

high]    
0.83 

 

… your overall financial knowledge 4.68 1.47 0.86 
 

 

… your ability at math 5.16 1.55 0.63 
 

 

… your ability at dealing with day-to-day financial matters (e.g. checking your accounts, 

managing payments, etc) 5.69 1.39 0.74 

 

 

… your tendency to keep up with financial news 4.13 1.80 0.79 

 

 

… how engaged you feel with your finances 4.94 1.64 0.83 

 Attitude t/w 

savings [answers recorded on a scale ranging from: (1) definitely false - (5) definitely true] 
   

0.66 

 

You should always save up first before buying something 3.84 1.00 0.87 
 

 

I try to avoid debt at all costs 3.92 1.20 0.87 
 Age: 18-24 Indicator variable: 1=respondent being between 18 and 24 years old, 0=otherwise 0.08 

   Age: 25-34 Indicator variable: 1=respondent being between 25 and 34 years old, 0=otherwise 0.16 

   Age: 35-44 Indicator variable: 1=respondent being between 35 and 44 years old, 0=otherwise 0.17 

   Age: 45-54 Indicator variable: 1=respondent being between 45 and 54 years old, 0=otherwise 0.20 

   Age: 55-64 Indicator variable: 1=respondent being between 55 and 64 years old, 0=otherwise 0.17 

   Age: 65+ Indicator variable: 1=respondent being 65 years or older, 0=otherwise 0.23 

   Income Annual household income (in £ x1,000) 26.36 17.22 

  Married Indicator variable: 1=respondent married, 0=otherwise 0.48 0.50 

  High education 

(university) Indicator variable: 1=respondent has attended university, 0=otherwise 0.43 0.50 

  # HHmembers Number of people living in same household 2.47 1.23 
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Table 2.1 Scale and variable definition - continued 

 

Scale Item Wording Mean 

Std. 

Dev. 

Item 

Loading 

Cronbach’s 

Alpha 

Employed Indicator variable: 1=respondent is full-time or part-time employed, 0=otherwise 0.54 0.50 

  Child in 

household Indicator variable: 1=person of age <18 living in household, 0=otherwise 0.28 0.45 

  Female Indicator variable: 1=respondent being female, 0=otherwise 0.50 0.50 

  Total 

household 

savings Total household savings (in £ x1,000) 18.32 26.45 

   
Note: This table provides an overview of the scales used in this study, including all items that comprise the scales as well as how answers to the questions are 

recorded (in brackets). ‘*’ denotes reverse coding of an item. Item loading indicates the individual item’s factor loading. All numbers reported in this table are based 

on the 3,382 observations in the total sample. 
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The survey utilizes a stepwise approach, containing several questions with an exit-clause or 

which redirect respondents to a later question in the survey. We exclude 266 respondents who are 

not responsible for their household finances and 522 respondents with missing data regarding 

their total household savings. We are thus left with 3,382 households for further analysis.  

 

2.3.2. Measurement Scales 

To ensure reliability, we conduct a factor analysis on all constructs that we employ in this 

research. A list of individual item wordings, individual item loadings, and values for the 

reliability measure Cronbach’s alpha (Cronbach, 1951) for all constructs is provided in Table 2.1. 

Optimism is measured using Scheier et al.’s (1994) LOT-R scale, the “Life Orientation Test - 

Revised”. Four questions are “filler” items, and after removing these from the analysis, the 

remaining six items load sufficiently high on a single factor without noteworthy cross-loadings. 

Cronbach’s alpha is 0.86, providing evidence for internal consistency of the optimism measure.  

Self-control is measured using the questions in Tangney et al. (2004). Factor analysis reveals a 

single-factor solution with satisfactory item loadings after eliminating three out of ten items. 

There are no significant cross-loadings and internal consistency is high with a Cronbach’s alpha 

of 0.85. 

The Big Five personality traits were assessed using a fifteen-item scale taken from the British 

Household Panel Survey (for details about this survey, see Brice et al., 2002). The Big Five is a 

five-factor model of personality traits, which have been established as stable and reliable 

constructs (Cobb-Clark and Schurer, 2012). Due to a mistake in the survey execution, one 

question was left unusable for the purposes of analysis. Therefore, fourteen items measure how 

individuals exhibit the traits agreeableness, conscientiousness, extraversion, neuroticism, and 

openness to experience. Factor loadings are reasonable and Cronbach’s alpha is generally 

sufficient, ranging between 0.56 and 0.77. One exception is the scale measuring 

conscientiousness, the only trait measured using two instead of three items, which has a 

Cronbach’s alpha of 0.43. Although the latter reliability coefficient seems low by traditional 

standards, past research suggests that these alpha coefficients underestimate the actual reliability 

of these scales due to their brevity (Donnellan and Lucas, 2008; Lucas and Donnellan, 2011). 
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We measured promotion versus prevention regulatory focus by categorizing motivations for 

saving according to whether they represented a promotion- or prevention-focused savings goal. 

The survey included eleven items inspired by Zhou and Pham (2004), asking respondents about 

the reasons why they save. We recruited a sample of 94 individuals via Amazon’s Mechanical 

Turk, who were briefed about the two self-regulation systems and instructed to classify items as 

belonging to either a promotion versus a prevention savings goal. Results of this classification are 

summarized in Appendix A2.1. Seven items are classified as related to promotion, four as related 

to prevention. In our analyses, we use two count variables for each survey respondent, indicating 

how many saving motives the respondent selected that are classified as either promotion or 

prevention, respectively. As the promotion versus prevention measure represents a formative 

scale, there is no Cronbach’s alpha to report (see e.g., Hair et al., 2009). 

We measure (self-reported) savings behavior using a question asking respondents about their 

total household savings. We use this measure because it captures the aggregated outcome of all 

saving decisions for a household and is often used in the literature (Nyhus and Webley, 2001).  

The survey also measured self-assessed financial literacy, using five items inspired by Lynch et 

al. (2010) and similar to Dholakia et al. (2016). Factor analysis confirms a single factor, and the 

Cronbach’s alpha of the financial literacy scale is high at 0.83. The survey also included a 

savings attitude measure inspired by Davies and Lea (1995) and Watson (2003), which contains 

two items. Factor analysis indicates a single factor, and Cronbach’s alpha is acceptable at 0.66. 

 

2.3.3. The FIMIX-PLS Method 

We use a FIMIX-PLS approach to structure and identify unobserved heterogeneity (Sarstedt and 

Ringle, 2010). FIMIX-PLS is a finite mixture model based on log-likelihood maximization and is 

implemented in Smart-PLS, a stand-alone software package commercially available from 

SmartPLS GmbH.
3
  

A growing number of academic studies have utilized FIMIX-PLS to address latent heterogeneity 

across a variety of social science contexts, but we are not aware of any application of FIMIX-PLS 

within the household finance literature. Examples of its application include Valette-Florence et 

                                                           
3
 The Smart-PLS program can be purchased from SmartPLS GmbH through their website: http://www.smartpls.de/  

http://www.smartpls.de/
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al. (2011), who demonstrate that the relative impact of brand personality and sales promotions on 

brand equity varies across different consumer groups. Similarly, Lai et al. (2017) investigate the 

psychological impact on residents of unconventional gas developments in their area (this is where 

natural gas is extracted from coal beds through deep drilling). These authors find that the 

psychological impact varies across different groups of residents based on their age, lengths of 

residence, and distances of their properties from the development. A further example is 

Forkmann et al. (2016), who document how the effectiveness of supplier relationship 

management capability strategies is contingent on characteristics of the supply base and business 

environment across groups of firms identified using FIMIX-PLS.  

While these applications differ markedly in the constructs under investigation, an important 

commonality of using the FIMIX-PLS approach is that uncovering latent heterogeneity may 

result in finding path coefficients which differ in sign across different segments. Ringle et al. 

(2010), for example, use data of the American Customer Satisfaction Index to show that although 

the overall effect of customer expectations of quality on perceived value is positive, the effect 

will be positive or negative across different segments of customers, based on age and income.  

The FIMIX-PLS approach optimizes segmentation based on estimates of the underlying model to 

best structure the latent heterogeneity in the data. It simultaneously probabilistically classifies 

observations into latent segments and estimates path coefficients of the type used in Structural 

Equation Modeling (SEM) separately for each segment.  

In our case, these segment-specific path coefficients predict savings behavior from the 

demographic and psychological characteristics of the survey sample. Essentially, the method 

integrates segmentation with SEM path modeling, allowing us to generate the most appropriate 

segments regarding savings behavior. Those segments differ in their relationship between 

independent variables and the corresponding outcome variable (i.e., savings behavior), and are 

each estimated using the households which best fit to the underlying structure of the structural 

equation model. Thus, the method is advantageous over a stepwise estimation, in which the first-

stage segmentation results are used in a second stage for model estimation, or simply grouping 

the data based on well-known observable characteristics. A brief overview of the most important 

aspects of the methodology of the FIMIX-PLS approach, including the model’s main formula’s, 
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based on the derivation used in Ringle et al. (2010), is outlined below. A more detailed review of 

the FIMIX-PLS approach can be found in Ringle et al. (2010).  

The model is expressed by: 

Α𝛾𝑖 + Β𝛿𝑖 = 휀𝑖, 

where Α  and Β  represent path coefficient matrices for relationships between endogenous and 

exogenous variables, respectively. 𝛾𝑖 (𝛿𝑖) is a vector of endogenous (exogenous) variables for 

observation i, and 휀𝑖 denotes the random vector of residuals for observation i. 

𝛾𝑖 is distributed with J segments (J < ) as mixture of densities 𝑓𝑖|𝑗(∙): 

𝛾𝑖~ ∑ 𝜌𝑗𝑓𝑖|𝑗(𝛾𝑖|𝛿𝑖, Α𝑗 , Β𝑗 , Θ𝑗)

𝐽

𝑗=1

 

with 𝜌𝑗  as the proportion of segment j, 𝜌𝑗 > 0 ∀𝑗, ∑ 𝜌𝑗
𝐽
𝑗=1 = 1, while Α𝑗  and Β𝑗  represent the 

segment-specific vector for segment j, and Θ𝑗 indicates the regression variance matrix. 

The FIMIX-PLS algorithm is based on log-likelihood (LnL, henceforth) maximization, which 

uses an Expectation-Maximization (EM, henceforth) formulation to ensure model convergence. 

The objective function to be maximized can be formalized as: 

𝐿𝑛𝐿 = ∑ ∑ 휁𝑖𝑗ln (

𝐽

𝑗=1

𝐼

𝑖=1

𝑓(𝛾𝑖|𝛿𝑖, Α𝑗 , Β𝑗 , Θ𝑗)) + ∑ ∑ 휁𝑖𝑗ln (𝜌𝑗)

𝐽

𝑗=1

𝐼

𝑖=1

 

where ζij is expected to be 1 whenever observation i is part of segment j (0 otherwise). Expected 

values for ζij define the segment-specific probability membership Pij of observation i belonging to 

segment k, and are calculated using Bayes’ theorem. The EM procedure is repeated until 

convergence is achieved. In each iteration, new segment proportions are calculated, which are 

based on the previously estimated expected values of Pij. Afterwards, N ordinary least squares 

regressions are estimated, whereby N is equal to the number of defined relationships in the model 

structure. Those regressions are used in the next iteration to improve the outcome of 𝑃𝑖𝑗. The 

procedure continues until the LnL no longer improves noticeably, and a pre-defined convergence 

criterion is met. Further detail on the FIMIX-PLS algorithm can be found in Ringle et al. (2010). 
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2.4. Results 

In this section, we present evidence on unobserved heterogeneity in savings behavior, obtained 

through FIMIX-PLS. Following the recommended approach of Ringle, Sarstedt, and Mooi 

(2010), we use Partial Least Squares (PLS) path coefficients as inputs for the FIMIX-PLS 

procedure. We first motivate the appropriate number of segments and explain how households 

are assigned to segments. Then, based on individual bootstrapping for each segment, we estimate 

segment-specific path coefficients for the psychological characteristics and compare the segments 

across demographic and socio-economic variables. Appendix A2.2 provides FIMIX-PLS 

pseudocode, including all details of our analysis and statistical procedure, as well as screenshots. 

 

2.4.1. Latent Heterogeneity and Total Household Savings 

Total household savings reflect a household’s aggregate savings at the time of the survey. Model 

estimation starts with two segments and is repeated for an ever-increasing number of segments. 

To ensure the size of each segment remains meaningful for interpretation given the sample size, 

we stop the procedure after seven segments. In line with the general recommendations of Ringle 

et al. (2010) as well as Sarstedt et al. (2011), we choose the appropriate number of segments not 

only based on how the different segment solutions score regarding various information criteria, 

but also based on an assessment of whether the resulting individual segments are well-separated 

from each other as indicated by the entropy statistic (EN), are balanced in terms of their relative 

size, and are readily identifiable in terms of displaying meaningful differences regarding the 

various demographic and socio-economic variables (e.g., age, education, income). Following this 

procedure, a two-segment solution is selected. This segment solution features balanced segment 

sizes, with Segment 1 containing 52% of respondents and Segment 2 containing 48% of 

respondents. Moreover, there are consistent differences between the two segments in terms of the 

demographic and socio-economic variables. Finally, this solution has an entropy statistic (EN) of 

0.87, which is considerably above the minimum threshold of 0.50 as suggested by Ringle et al. 

(2010). Accordingly, the individual segments that we analyze are well-separated from each other. 

The segmentation procedure describes each household in terms of the probability it belongs to 

any given segment. In FIMIX-PLS, subjects are typically simply assigned to the segment for 

which the probability of segment membership is highest (cf. Matthews et al., 2016). However, to 
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be conservative and ensure that we unambiguously classify each individual to a segment, we 

required a minimum probability and used this as a cutoff level when assigning individuals to 

segments. 

 

Table 2.2 Total household savings - FIMIX-PLS results 

 

  

 

Segments 
  

  

(1) (2) 

 

 

full sample “the established” “the striving” t-value 

Panel A: Path Coefficients         

Agreeableness » HHSav -0.101*** -0.114*** -0.046* -73.335*** 

 

(0.015) (0.023) (0.029) 

 Conscientiousness » HHSav -0.028* -0.008 0.017 -30.232*** 

 

(0.017) (0.025) (0.022) 

 Extraversion » HHSav -0.069*** -0.077* -0.041 -34.508*** 

 

(0.024) (0.028) (0.031) 

 Neuroticism » HHSav -0.019 -0.037 -0.019 -16.664*** 

 

(0.017) (0.038) (0.022) 

 Openness to experience » HHSav -0.049* -0.031 -0.024 -8.109*** 

 

(0.029) (0.027) (0.022) 

 Self-control » HHSav 0.071*** 0.059** 0.024 35.616*** 

 

(0.018) (0.024) (0.031) 

 Optimism » HHSav -0.085*** -0.082*** -0.079*** -3.764*** 

 

(0.018) (0.021) (0.024) 

 Financial literacy » HHSav 0.291*** 0.266*** 0.183*** 107.223*** 

 

(0.016) (0.023) (0.021) 

 Attitude t/w savings » HHSav 0.157*** 0.107*** 0.115*** -11.088*** 

 

(0.014) (0.022) (0.019) 

 

Promotion » HHSav 0.196*** 0.133*** 0.263*** 

-

114.890*** 

 

(0.019) (0.024) (0.038) 

 

Prevention » HHSav -0.029 -0.101*** 0.255*** 

-

336.147*** 

 

(0.019) (0.025) (0.034) 

 
Adj. R² (HHSav) 0.254 0.15 0.33 

 
Relative segment size 100% 52.49% 47.51% 

 
N 3,231 1,696 1,535   
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Table 2.2 Total household savings - FIMIX-PLS results – continued 

 

   Segments   

  (1) (2)  

 full sample “the established” “the striving” t-value 

Panel B: Descriptive Statistics         

Age: 18-24 0.07 0.04 0.11 -7.689*** 

Age: 25-34 0.16 0.11 0.20 -7.097*** 

Age: 35-44 0.17 0.12 0.21 -7.100*** 

Age: 45-54 0.20 0.16 0.24 -5.317*** 

Age: 55-64 0.17 0.21 0.13 5.681*** 

Age: 65+ 0.23 0.35 0.10 17.665*** 

Income (in £ x1,000) 26.43 31.21 21.13 17.238*** 

Married 0.49 0.57 0.39 10.456*** 

High education (university) 0.44 0.51 0.35 9.608*** 

# HHmembers 2.47 2.31 2.63 -7.403*** 

Employed 0.54 0.50 0.59 -4.863*** 

Child in household 0.28 0.20 0.37 -10.691*** 

Female 0.50 0.45 0.55 -5.800*** 

Total household savings (in £ 

x1,000) 19.04 35.91 0.40 50.022*** 

 
Note: This table presents global and individual path coefficients based on FIMIX-PLS procedures in Panel A and 

descriptive statistics for the entire sample and the different segments in Panel B. Standard errors in parentheses. 

‘HHSav’ abbreviates total household savings. In Panel A, t-values are based on a multi-group analysis to determine 

statistically significant differences in path coefficients between segments following Chin (2000) and Chin and 

Diddern (2010). T-values in Panel B are based on a comparison between the two segments. ***, **, and * denote 

statistical significance at the 1%, 5%, and 10% level, respectively. Of the 3,382 observations in the total sample, 

4.46% could not be uniquely classified to a particular segment in the FIMIX-PLS procedure and are excluded from 

the analysis (see Appendix A2.3 for details). Accordingly, the total number of observations reported in this table is 

3,231 instead of 3,382. 

 

As there are no strict guidelines in the literature as to which cutoff level to employ, we assessed 

the distribution of segment membership probabilities, and selected the most conservative 
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probability cut-off level for which we can uniquely assign the majority of the sample to a 

segment. 

Based on this process, we selected an 85% probability cutoff level for individuals to be classified 

as belonging to a particular segment, which is considerably more conservative than the minimum 

50% probability cutoff level used by Matthews et al. (2016). Overall, 95.54% of the 3,382 

households exceed the 85% probability threshold and can be unambiguously classified to one of 

the two segments, resulting in analyzing a final sample of 3,231 households. This result confirms 

that the individual segments that we analyze are well-separated from each other, as already 

indicated before by the high entropy statistic (EN) of this segment solution. Appendix A2.3 gives 

detail on the segment membership probability distribution. 

Panel A of Table 2.2 provides an overview of the global (i.e., full sample) path coefficients as 

well as individual path coefficients for each of the two segments. The coefficients in Panel A can 

be interpreted analogously to SEM path coefficients. We follow Chin (2000) and Chin and 

Diddern (2010) in conducting a multi-group analysis based on t-tests to determine the statistical 

significance of differences in path coefficients between the two segments. A comparison of both 

segments on their demographic and socio-economic variables is presented in Panel B. We use t-

tests to establish whether the segments are significantly different from each other regarding these 

descriptive variables. To provide meaningful labels to the segments, we inspect the demographic 

and socio-economic variables in Panel B for differences. While all variables are significantly 

different across the two segments, the largest differences are in household wealth and income. 

Comparing household savings, the mean (median) in Segment 1 is £35,910 (£25,000), while the 

mean (median) in Segment 2 is only £401 (£50). Similarly, whereas households in Segment 1 

have a mean (median) annual income of £31,214 (£24,500), households from Segment 2 have a 

mean (median) annual income of only £21,135 (£17,500). Those individuals classified as 

belonging to Segment 1 are also more likely to be university-educated, to be older with fewer 

dependent children, to be married, and to be more likely not to work. The difference in 

employment levels is likely due to more retirees in this older segment, who are not classified as 

being active in the labor market. Given the differences between the segments, particularly in age 

and income, we label Segment 1 as “the established” and Segment 2 as “the striving”. In the next 

section, we describe and interpret differences between the groups regarding the impact of the 

psychological characteristics on savings behavior. 
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The reported path coefficients in Panel A of Table 2.2 show that agreeableness is significantly 

negatively associated with total household savings, both for the established segment and for the 

striving segment. For the established, scoring one point higher on agreeableness reduces total 

household savings by £114. For the striving, a one-point increase in agreeableness corresponds to 

a £46 reduction in total household savings. Given the low mean household savings for the 

striving, however, the economic effect of agreeableness on total household savings is much 

stronger for this group than for the established. More specifically, for the striving, a one-point 

increase in agreeableness translates into a reduction of total household savings of approximately 

11% at the mean, while for the established, the comparable economic effect on total household 

savings is less than 1%. The findings regarding the impact of agreeableness on total household 

savings complement previous work in other areas of financial behavior, where recent research 

has found that agreeable people earn less and have lower credit scores than their less agreeable 

peers (Bernerth, Taylor, Walker, and Whitman, 2012; Judge et al., 2014). The results also extend 

previous findings within the household savings literature. In particular, neither Nyhus and 

Webley (2001) nor Brown and Taylor (2014) found a significant effect of agreeableness. Nyhus 

and Webley (2001) provide a rationale for why agreeable people might save less. This is because 

agreeableness describes people’s propensity to act pro-socially towards others, and this concern 

for others might translate into generosity in terms of gift-giving, inter vivos transfers, or 

charitable giving. In contrast, less agreeable individuals may be more likely to keep their money 

for themselves, and will thus be able to build up higher household savings.  

Members of the established segment show a marginally significantly negative relationship 

between extraversion and household savings, while we do not find such an effect for the striving 

segment. For the established, scoring one point higher on the scale for extraversion corresponds 

to a reduction in total household savings of about £77. The negative effect of extraversion on 

total household savings is consistent with the results reported by Brown and Taylor (2014), who 

also found a significant negative association between extraversion and a household’s asset levels. 

One mechanism which could explain why extraversion is not related to savings in the striving 

segment is the tendency for extraverts to be more concerned with social status (Roberts and 

Robins, 2000). For example, extraverts actively seek out status at work (Barrick, Stewart, and 

Piotrowski, 2002). Those with higher incomes might face greater financial pressures to express 

their status through expenditure (i.e., “keeping up with the Joneses”), decreasing the resources 
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available to save for the future. Alternatively, Nyhus and Webley (2001) suggest that extraverts’ 

disposition towards spending time with others could explain this relationship. Through meeting 

other people, extraverts might be more frequently exposed to consumption patterns that make 

them less inclined to save.  

Additionally, more frequent interaction with other people is typically also associated with 

additional expenditures. Inviting people home, visiting other homes, and going out for dinner, 

parties, or concerts involves spending in one way or another, which will reduce one’s opportunity 

to save. Potentially, the difference in the presence of an effect of extraversion across the two 

segments can be explained by the fact that the limited budget and/or the more modest living 

conditions of the striving may lead them to not even consider giving in to any extravert 

tendencies and go out for dinner or host a party at their home, leading to an absence of an effect 

of this personality trait on total household savings, while for the established, giving in to extravert 

tendencies is a real possibility.  

Financial literacy, which is typically associated with higher savings levels (Lusardi and Mitchell, 

2007; van Rooij et al., 2011), is found to have a strong, positive relationship with total household 

savings, both for the established segment as well as for the striving segment. Due to the low 

amount of savings of the striving segment, financial literacy has a particularly strong economic 

effect for these individuals, with an additional point on the financial literacy scale being 

associated with £183 more in savings, which corresponds to an increase of 46% at the mean. As 

such, those in the striving group may be in a position to benefit to a greater degree from higher 

levels of financial sophistication.  

Self-control, which is often associated with increases in the rate at which people save for the 

future (Thaler and Shefrin, 1981; Thaler and Benartzi, 2004), is significantly and positively 

associated with total household savings for the established segment. An additional point on the 

self-control scale amounts to an increase of £59 in total savings for these households. In contrast, 

we find that self-control has no significant effect on household savings for striving households. 

This suggests self-control may only contribute to determining savings outcomes for those who 

have the financial opportunities to save. For example, as established households face fewer 

financial constraints, this means they have more discretionary expenditure they can choose to 

defer into the future, or spend in the present period. As those with greater self-control will resist 
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immediate temptations to consume, they will achieve greater savings rates. Self-control can work 

for these individuals in that it helps them to be able to resist immediate consumption temptations. 

For the striving, however, given their higher levels of financial constraints (and thus smaller 

amount of discretionary expenditure), giving in to immediate consumption temptations may not 

even be an option, and this would explain why self-control is not related to total savings for 

households in this segment. In other words, self-control will only impact household savings in the 

presence of opportunities to save money. 

We next consider the role of optimism on household’s savings, where we find that more 

optimistic individuals hold less in savings. This result holds for households in both the striving 

and the established segment. Given that the dispositional optimism literature views optimism as 

generalized positive expectations about future events (Scheier, Carver, and Bridges, 1994), we 

would therefore expect households who are optimistic about future prospects to not allocate 

sufficient money to savings, as they do not feel the need to save. These results are also consistent 

with previous research, such as Vanden Abeele (1988), who showed a relationship between short-

term savings and consumer optimism (using Katona’s index of consumer expectations, which 

was later developed into the well-known University of Michigan Consumer Sentiment Index). 

The impact of saving motives differs again between the two segments. Promotion-oriented saving 

motives relate to objectives such as saving to build up a deposit to buy a property, while 

prevention-oriented saving motives relate to objectives such as saving to reduce the impact of 

future financial burdens, such as a car repair. For established households, saving motives that are 

promotion-oriented are associated with an increase in total household savings, while holding 

more prevention-oriented saving motives are associated with having less in total household 

savings. One explanation for this finding is that even among relatively high income populations, 

many people still live under financial constraints (Lusardi, 2009). For example, almost half of all 

Americans could not make an unplanned expenditure of just $400 without increasing their debt or 

selling a possession (Federal Reserve Board, 2016). Therefore, the objective to save to avoid 

financial harm might characterize those living in financial constraints (and therefore who cannot 

afford to experience financial problems), which then explains the differences in savings within 

this segment. A related explanation is that those in the established group might only be worried 
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about their future (and thus focus on prevention motives) if they have previously experienced 

adverse financial settings, which explains the differences in savings.  

In comparison, both promotion and prevention motives are positively related to household 

savings for striving households. The economic impact of promotion and prevention motives are 

also approximately equally pronounced (£263 vs £255 more total household savings per 

additional saving motive held, respectively). For the striving, having specific savings 

motivations, regardless of whether they are related to trying to achieve gains or avoid losses, 

seems to promote greater savings. This effect might be explained by the fact that having a saving 

motive makes the relatively abstract notion of “saving money” more concrete, while having a 

reason to save could also act as a commitment device which increases the motivation to follow 

through in putting aside money, even when one’s household budget is relatively limited. Ashraf 

et al. (2006) support the notion that goals can act as such commitment devices, while Gugerty 

(2007) discusses how commitment devices might be especially valuable for the savings behavior 

of the less affluent. 

Finally, for both the striving and established segment, savings attitude is positively associated 

with total household savings. Having a more favorable attitude towards savings might make it 

easier to save as the benefits are clearer and there is less of a barrier to overcome when 

convincing oneself to save. In line with process models of attitude-behavior relations (e.g., Fazio, 

1986), this result suggests that a positive inclination towards savings benefits its actual execution. 

Moreover, this finding is consistent with studies that find that a household’s debt attitude has a 

strong impact on being indebted or not (e.g., Livingstone and Lunt, 1992; Davies and Lea, 1995). 

 

2.5. Discussion of Results 

Our findings demonstrate the importance of accounting for latent heterogeneity in models 

predicting savings behavior from psychological characteristics. We find that the Big Five 

personality traits do not always influence savings behavior similarly across different groups of 

individuals. For example, extraversion negatively influences total household savings, but only for 

those in the established segment. Similarly, while financial literacy positively influences total 

household savings for both the established and striving segment, self-control only has a positive 
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impact on household savings for those in the established segment. Moreover, the economic effect 

sizes of these psychological characteristics vary greatly across the different groups of households. 

Previous work has frequently found inconsistent relationships between the Big 5 personality traits 

and savings outcomes: the variation across (demographic) segments as reported in this paper may 

help explain these irregular findings. Exploring the differences in how psychological 

characteristics relate to savings behavior can provide new theoretical insights. Saving motives, 

for example, no matter whether they are promotion- or prevention-oriented, are positively related 

to total household savings for those categorized as striving, while there is more differentiation in 

the relationship between different types of saving motives and total household savings for those 

categorized as established. This might suggest that for less affluent groups, having a savings 

objective per se acts as a commitment device to save, in the spirit of Gugerty (2007) and Ashraf 

et al. (2006). A study by Kast et al. (2012) on the effectiveness of self-help groups and peer 

pressure as a commitment device for precautionary savings suggests that especially the social 

dimension of such commitment devices are effective in increasing savings.  

Combined with the strong effect of financial literacy on total household savings for the striving, 

interventions to improve financial outcomes in low income groups might therefore particularly 

benefit from trying to improve their perceived need as well as motivation to save, either through 

financial training, or initiatives such as savings clubs, which can act as commitment devices. 

Recent work on the impact of financial education on downstream financial behaviors suggests 

that traditional forms of classroom training have limited effectiveness, and point to the need of 

providing just-in-time financial training through, for example, coaching (Fernandes et al., 2014). 

In this regard, Linardi and Tanaka (2013) stress the critical role of focusing on building 

individuals’ capacity to save, for example, through offering career advice. 

Finally, a more positive attitude towards savings is associated with higher total household savings 

for both the striving and the established segment, indicating it is a powerful motivator to improve 

savings behavior. The aforementioned personal coaching or savings clubs could help households 

develop a more positive savings attitude and thus build more savings. In particular, the social 

dimension of meeting individuals facing similar challenges might be encouraging. 
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2.6. Implications and Conclusion 

Understanding heterogeneity in individuals’ savings behaviors as well as the psychological 

motivators of this behavior is increasingly important as the self-responsibility of individuals to 

manage long-term savings, such as pensions, increases (cf. van Rooij et al., 2011). The ongoing 

liberalization of regulation regarding the ability to withdraw funds during the pension 

decumulation phase means understanding the motivations underlying different groups’ propensity 

to save is crucial for society’s (financial) wellbeing (Loibl et al., 2016). Although there have 

consistently been found to be differences across individuals in savings behavior, a systematic 

study on the effect of household characteristics, personality traits, and saving motives is lacking. 

The results of this study contribute to understanding the differential impact of psychological and 

household characteristics across various groups of individuals. The findings have implications for 

policymakers, who in order to promote savings behavior in subgroups less pre-disposed to save, 

can incorporate an appreciation of the complexity of the relationships between psychological as 

well as household characteristics on savings behavior. Currently, most policymakers are 

concerned with using financial literacy programs to improve savings rates. Recent research 

indicates that, overall, formal financial education has limited effectiveness of improving financial 

behavior long-term and studies point to an important role of just-in-time financial training as well 

as psychological characteristics to understand the true effects of financial literacy interventions 

on downstream financial behavior (cf. Fernandes et al., 2014).  

Indeed, Bertrand et al. (2006) suggest that standard public policy interventions aimed at 

improving financial literacy may be ineffective when financial behavior is controlled more by 

circumstances than by intentions, as would be the case for more vulnerable consumers. Our study 

complements existing research by indicating that it is not only important for policymakers to be 

aware of the psychological characteristics of the individuals whose financial literacy they are 

trying to improve, but also to realize that there is often latent heterogeneity across groups in terms 

of the impact psychological characteristics have on savings behavior. For example, interventions 

to improve self-control might be effective, but only for certain subgroups of the population, and 

not for the population as a whole. We find that for a more vulnerable segment of society, which 

we label as the striving, instead of focusing on self-control, policymakers interested in 
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stimulating saving should look into ways to stimulate the adoption of a positive savings attitude 

as well as saving goals, which can act as commitment devices to follow through. 

Policymakers often segment the population using their behavior and sometimes psychological 

characteristics to efficiently identify and target specific groups of interest. For example, the UK 

Financial Conduct Authority (2014) issued a report on consumer credit in which they segment 

individuals based on their credit usage and classify them into different borrower typologies. This 

segmentation reveals major differences in credit usage between segments. However, such 

approaches are limited in the sense that they only use observed behavioral differences and may 

overlook the latent heterogeneity in the data. Moreover, standard segmentation approaches may 

be potentially biased by the subjective perspectives of the investigators who may hold pre-

conceived ideas about how to categorize groups. Applying an approach such as FIMIX-PLS 

provides a more objective segmentation which is free from potential investigator bias.  

A limitation of the approach is that it is data-driven and hence not suited to test a priori 

hypotheses. Despite this, should FIMIX-PLS be applied more widely, specific patterns emerging 

across different samples of individuals will help in the development of new theory, as complex 

patterns emerge and require new explanations. Accordingly, we encourage follow-up studies 

applying the FIMIX-PLS methodology to other samples, to examine the results’ generalizability 

across different respondent pools and countries. It is important to note that the aim of our paper is 

not to provide a “cure-all” or “final” segmentation regarding household savings behavior, but 

rather to encourage researchers to step away from the typical “average effect” approach that tries 

to generalize across the available sample of the population.  

In conclusion, our study provides a novel set of results which indicate that the impact of 

household characteristics, personality traits, and saving motives on savings behavior varies across 

different (demographic) segments. The main implication of these findings is that it is important to 

explicitly take unobserved heterogeneity into account when studying the role of personality traits, 

saving motives, and other household characteristics in consumer financial decision making, such 

as savings behaviors. By applying the innovative FIMIX-PLS methodology to a new setting, we 

hope our research encourages others studying consumer financial decision making to consider the 

benefits of this approach in understanding the rich complexity of the relationships between 

demographic groups and psychological characteristics.  
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3. Past Performance Framing and Investors’ Belief Updating 

- Is Seeing Long-Term Returns Always Associated with Smaller 

Belief Updates?
4
 

 

 

3.1. Introduction 

Prior research shows that updates in individual investors’ beliefs, such as return expectations and 

risk perceptions, drive their investment decisions (Hoffmann, Post, and Pennings 2013). When 

updating their beliefs, individual investors often extrapolate past return experiences (Dominitz 

and Manski 2011; Greenwood and Shleifer 2014). In this paper, we examine how framing of past 

performance information affects individual investors’ belief updating. In particular, we analyze 

whether presenting longer information horizons as a default option leads to smaller updates in 

investors’ beliefs. Because smaller belief updates are associated with less active trading, effective 

framing of past performance information would have the capacity to positively affect investors’ 

return performance (Barber and Odean 2000; Hoffmann and Post, 2016). We find that the 

effectiveness of showing long-term returns on reducing updates in beliefs depends on whether 

investors can easily opt out of their assigned default or not.    

Our paper builds on previous work that examines how different evaluation and/or reporting 

frequencies as well as information horizons influence individual investors’ decision making, such 

as Benartzi and Thaler (1995), Gneezy and Potters (1997), Fellner and Sutter (2009), Beshears et 

al. (2017), and Shaton (2015). These other studies typically recommend longer evaluation and 

information horizons to improve individual investor decision making in terms of overcoming 

myopic loss aversion, making fund flows less sensitive to past returns, or reducing trading 

volume. An important distinction of our paper compared to previous work is that we focus on the 

                                                           
4
 This chapter is co-authored with Arvid Hoffmann (University of Adelaide) and Thomas Post (Maastricht 

University) and is published in the Journal of Behavioral and Experimental Finance. 
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effect of different information horizon defaults on belief updates when investors have access to 

additional information. Prior studies analyze interventions which restrict access to information 

and make it cumbersome or even impossible for subjects to opt out of the default. Our setting 

more closely resembles individual investors’ actual decision making environment where 

individuals have immediate access to alternative information horizons and can easily opt out of 

the default.  

We perform two experiments, one in the lab and one online, in which we place subjects in a 

situation resembling an online brokerage environment. We present them with a stock portfolio to 

assess their belief updates over six evaluation rounds. Subjects receive portfolio performance 

information after each round. Subjects are randomly assigned to three experimental conditions, 

which differ regarding the default information horizon that is shown to them (i.e., annual, 

monthly, daily). For each subject, this default information horizon is held constant over 

subsequent rounds of the experiment. We conduct our first experiment in a controlled laboratory 

environment. The lab experiment focuses on the effect of varying the default information 

horizon. Subjects can easily opt out of the default and obtain past performance information on 

each of the three information horizons in each round. To test the generalizability of our 

laboratory results to situations outside the lab and compare with past studies that restrict subjects’ 

opportunity to view alternative information horizons, we conduct a second experiment online. 

This experiment includes both an exact replication of the original laboratory experiment, as well 

as an alternative version of the experiment in which subjects cannot opt out of the default and 

have to stay in the assigned default information horizon, consistent with previous studies on the 

effect of restrictive interventions by Beshears et al. (2017) and Shaton (2015). 

We find that in the restrictive version of our experiment, a longer past return horizon reduces 

belief updating of subjects. In the non-restrictive version of our experiment, when subjects are 

able to opt out of the default they are assigned to, varying the default does not, on average, 

impact the magnitude of belief updating. However, an important result emerges when comparing 

subjects staying in the default versus those opting out of the default (about half of the subjects opt 

out of the default). Specifically, similar to the results for the restrictive version, subjects who stay 

in the default option reduce the magnitude of their belief updating when being shown returns over 

a longer information horizon. We find the opposite result for subjects opting out of the default. 

For subjects originally assigned to the longer information horizon, opting out presents them with 
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returns over a shorter horizon, which are consequently associated with larger updates in their 

beliefs. 

 

3.2. Related Literature and Predictions  

We align and build on two streams of literature. The first stream of literature analyzes various 

interventions on the return information that investors receive and their impact on investor 

decision making. Most interventions address myopic loss aversion by manipulating the frequency 

by which investors either receive information or the investment horizon for which investors have 

to commit in advance. Benartzi and Thaler (1995) show that investors who evaluate their 

investment portfolios more frequently are less willing to invest in risky securities. Gneezy and 

Potters (1997) experimentally evaluate myopic loss aversion and show that a longer evaluation 

period puts subjects in a broader frame, which leads to increased risk-taking. They restrict the 

choices of their subjects by not allowing them to switch between evaluation frequencies. When 

subjects are allowed to choose the evaluation frequency, however, they display a preference for 

frequent feedback (Charness and Gneezy, 2010). Related, Fellner and Sutter (2009) find that 

longer investment horizons and less frequent feedback are associated with less myopic loss 

aversion. When given the choice, subjects prefer on average shorter investment horizons and 

more frequent feedback, though.  

Beshears et al. (2017) address myopic loss aversion using a field experiment in which subjects 

invest in mutual funds. They modify the degree of information given to subjects and observe the 

resulting equity allocation in a self-managed portfolio. Their results show that, in contrast to not 

providing any graphical past return information, presenting a graph of historical returns 

significantly increases the share of wealth allocated to equities. Looney and Hardin (2009) 

analyze default options for 401k retirement accounts. They employ simulations of retirement 

investments and investigate the effect of different information horizons, by modifying the horizon 

on which average historical stock market performance information is provided to investors. Their 

results show that longer information horizons reduce conservatism in retirement portfolios. 

Looney and Hardin (2009) also impose restrictions on subjects’ choices. The work closest to ours 

in terms of the intervention studied is Shaton (2015). She analyzes the impact of a regulatory 

change in Israel requiring retirement funds to report performance using at least a 12-month time 
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horizon for past returns (whereas, previously, the default was one month). After this regulatory 

intervention was implemented, fund flows were less sensitive to past returns, investors reduced 

their trading volume, and they invested more in riskier funds. As the regulation applied to a broad 

range of information outlets, past return information on shorter horizons was, however, virtually 

no longer available to investors. Our experimental manipulation differs, in that investors can 

access the shorter-term return information horizons as well. 

The second stream of literature that we build on analyzes how investor belief updating impacts 

trading decisions. In general, investors have a tendency to trade frequently, and because of that 

earn lower returns (Barber and Odean, 2000). Hoffmann et al. (2013) and Hoffmann and Post 

(2016) show that frequent trading can be traced back to investors’ belief updating. These authors 

find that investors change their assessment of expected returns and risk frequently and by large 

amounts. Moreover, they find that larger updates in beliefs induce more trading, resulting in 

lower returns. Thus, for a typical individual investor, frequent and large updating of beliefs does 

not seem to be consistent with a normatively rational strategy. Investors update beliefs by using 

simple heuristics. In particular, beliefs are formed and updated by extrapolating past returns 

(Dominitz and Manski, 2011; Greenwood and Shleifer, 2014). Experiencing positive returns 

makes investors more optimistic about future returns (and vice versa) and larger return 

experiences are associated with larger belief updates.    

In our paper, we reconcile the literature on framing and defaults regarding past return information 

horizons with the literature on belief updating induced trading. That is, we implement an 

intervention that is aligned to investors’ tendency to update beliefs by extrapolating past returns 

and at the same time is feasible to implement. Prior studies have restricted subjects’ access to 

return information. Doing so is an intervention that may often not be possible to mandate. A 

milder and easier to implement intervention is setting a default for the past return information 

shown, but not restricting access to different information. However, it is unclear whether 

previous results generalize to settings where subjects can easily opt out of a default. In 

consequence, we investigate how different default information horizons affect belief updating in 

a setting which is more ecologically valid. In a brokerage account, investors usually get to see 

some overview table of portfolio summary statistics. They have the ability to view their portfolio 

performance for different time periods, such as the last day, month, or year. Brokers generally 

decide which time horizon to present as the default. Different performance horizons are available 
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with a few mouse clicks. One version of our experiment restricts choices regarding the default 

and measures the resulting belief updates. Another version sets a default for the information 

presented first, but does not restrict subjects’ access to additional information. 

We expect that presenting longer portfolio evaluation horizons has a mitigating effect on 

individual investors’ belief updating, at least when placing investors in a situation that restricts 

their choices by not allowing them to opt out of the default presentation format to view additional 

information on other return horizons. As returns appear less volatile in the longer-term, we expect 

subjects who are presented with portfolio performance over a longer information horizon to 

update their return expectations and risk perceptions less between the various evaluation rounds 

when compared to subjects who are presented with a shorter information horizon. When we 

introduce the opportunity to opt out of the default presentation format, we expect a different 

pattern. We expect the exact same pattern just described for subjects who remain in the default 

option and do not opt out. These subjects face the same scenario as those who were not given the 

choice to opt out of the default. In contrast, we expect the opposite pattern for subjects who opt 

out of the default. Subjects who opt out of the default are initially presented with a longer 

information horizon, but they retrieve additional information on a shorter return horizon when 

they opt out of the default, and vice versa. As argued above, returns over a shorter horizon appear 

more volatile and hence, subjects are expected to display an increase in belief updating when 

opting out of the default. On the contrary, if subjects are initially presented with a short return 

horizon and decide to opt out (thus viewing information on a longer horizon, which appears more 

stable), doing so will likely reduce belief updating.  

 

3.3. Study 1 

3.3.1. Experimental Design 

Our experimental setup resembles an online brokerage environment. We present subjects with the 

performance of a stock portfolio and analyze the updating of their beliefs (return expectations and 

risk perceptions) over six evaluation rounds. The experiment is conducted in a laboratory setting 

and is designed in a way that all subjects are able to opt out of the default. Before the first round, 

we randomly allocate subjects to one of three treatments. Over all six rounds, subjects stay in the 
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same treatment. The treatments differ in their default information horizon regarding past portfolio 

performance. Specifically, each subject will either see the last day’s return, the last month’s 

return, or the last year’s return of their portfolio as a default, together with the Euro-values of 

their holdings. This scenario is ecologically valid, as online brokerage interfaces and the 

periodical brokerage statements that banks send to investors, often summarize portfolio 

performance for individual securities on an aggregate level and across different time frames.  

We recruit subjects from a pool of business students enrolled at a medium-sized European 

university who complete the experiment in exchange for partial course credit.
5
 Before signing up, 

we informed subjects that the experiment would be about decision making behavior. At the start 

of the experiment, subjects were seated in a cubicle equipped with a computer and were 

instructed not to interact with each other. If a problem came up or any instructions were unclear, 

subjects were instructed to remain seated, raise their hand, and wait for the assistance of a 

proctor. Completion of the experiment took seven minutes on average. In total, 339 subjects 

completed the experiment. One hundred-and-fourteen subjects (33.63%) were assigned to the 

daily condition, 113 subjects (33.33%) to the monthly condition, and 112 subjects (33.04%) to 

the yearly condition.  

At the beginning of the experiment, subjects read an introductory text explaining that in the 

upcoming tasks they would be presented with a stock portfolio that they should imagine to be 

theirs. They were informed that they would be asked a series of questions about their beliefs and 

then shown their stock portfolio again. Subjects were instructed to assume that for each 

evaluation round, one month had passed since their last stock portfolio evaluation. To prevent 

subjects’ beliefs being influenced by unobservable affective evaluation beyond mere financial 

returns (cf. Aspara and Tikkanen, 2010), the portfolio presentations do not contain any 

information about which individual stocks are contained in the portfolio. Likewise, returns are, 

regardless of their sign, presented in black font to avoid any impact on belief updates through 

displaying, for example, positive returns in green font and negative returns in red font (see e.g., 

Bazley et al., 2016). To rule out any possible identification effects in return patterns presented to 

subjects, we generate portfolio performance by simulating a random draw from a return 

                                                           
5
 On purpose, subjects are not incentivized based on performance. Whether returns follow, for example, a random 

walk, exhibit momentum or mean reversion is up to debate. Therefore, there is no clear objective answer to what 

would constitute a right or wrong belief update.     
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distribution which mimics the first two moments of the Standard & Poor’s 500 stock market 

index over the 10-year period preceding the experiment (i.e., daily mean return of 0.03%, daily 

standard deviation of 1.26%).   

 

Figure 3.1 Examples of Returns Presented in Different Treatments 

a. Daily information horizon 

 

b. Monthly information horizon 

 

c. Yearly information horizon 

 

 

We present portfolio performance information to subjects in a table (Figure 3.1) indicating the 

total portfolio value in Euro, the last percentage change, as well as the last Euro change. This 

reflects a “typical” online brokerage interface where investors are able to see an overview table 
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with summary statistics related to their portfolio when accessing their account. A real-world 

example is given in Figure 3.2.  

 

Figure 3.2 Example of a Typical Brokerage Interface 

 

Note: This figure presents a screenshot from the Internet advertisement materials of a leading U.S. online brokerage 

service provider. 

 

We focus on an overview table which is easier to comprehend since it is reduced to the most 

important information. In our setup, the initial information horizon of the “last” percentage and 

Euro change in portfolio value refers to a subject’s respective experimental treatment group. 

Thus, each subject gets to see performance of either the last day, last month, or last year. 

Percentage changes shown reflect the relative change in value of the portfolio within the 

respective information horizon, that is, they are not scaled to the same terms (e.g., annual). 

Within one round of the experiment, the returns shown to subjects within each information 

horizon (i.e., daily, monthly, yearly) are the same across subjects. Even though displaying 

benchmark returns is required for the prospectus of certain financial products, such as mutual 

funds, online brokers typically do not add benchmark returns for comparison purposes on an 

overview page of their client’s portfolio. Hence, we also decide to not display any benchmark 

returns. 
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Below the table summarizing the portfolio, subjects see three radio buttons enabling an easy 

switch between the three different information horizons. Upon clicking on one of the buttons, the 

table provides return information about the corresponding horizon. We track subjects who opt out 

of the default. We also monitor the information horizon last viewed by each subject.  

Below the table summarizing portfolio performance, we ask each subject to respond to two 

statements adapted from previous research measuring investor beliefs by Hoffmann et al. (2013). 

These belief measures predict trading behavior and have been shown to be reliable and cross-

validated measures of a subject’s return expectations and risk perceptions. Hoffmann and Post 

(2016) use brokerage account data of actual individual investors to show that higher absolute 

updates in these beliefs lead to higher portfolio turnover. The first statement measures subjects’ 

return expectations and asks how much a subject agrees with the following statement: “I expect 

my investment portfolio to have good returns next month.” We measure risk perceptions by the 

second statement: “I consider investing to be risky next month.” Answers are recorded on a 

seven-point Likert scale, anchored at 1=“totally disagree” and 7=“totally agree”.
6
  

After each subject answers the statements measuring beliefs, that particular round of the 

experiment is complete and the subject will move on to the next round. Each subsequent round 

represents a one-month time lapse from the previous round. Subjects are again presented with the 

same screen with an overview table, radio buttons, and the statements measuring beliefs. The 

only difference from the previous round is that the corresponding returns and portfolio values are 

updated based on the monthly returns data. This procedure is repeated six times until we have 

elicited six subsequent beliefs in terms of return expectations and risk perceptions.  

Once subjects finished the six rounds, further questions and scales are administered. We measure 

risk aversion with a single-item question from Dohmen et al. (2011). To measure financial 

literacy and the degree of a subject’s financial sophistication, we use eight questions. A correct 

answer to each question counts as one point on a financial literacy scale. We use three basic 

financial literacy questions from Lusardi and Mitchell (2007a; 2007b). Because the subjects in 

our lab experiment are business students and we expect them to uniformly score high on basic 

                                                           
6
 As we are interested in within-subject changes in belief updates (i.e., changes in beliefs from one evaluation round 

to the other) we don’t need to define what constitutes a “good return” or what is “risky.” Each subject will have their 

own reference points in mind when participating in the experiment and as long as this reference point is stable during 

the experiment, we can consistently analyze changes in beliefs in our experimental setting. 
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financial literacy, we also include five advanced financial literacy questions from the list of van 

Rooij, Lusardi, and Alessi (2011). Finally, we ask subjects to indicate their age, gender, and 

nationality.  

 

Table 3.1 Question Wordings 

Variable Definition 

Age Age in years 

Gender Indicator variable: 1=subject being female, 0=otherwise 

Financial literacy 
Aggregate financial literacy score ranging from 0 to 8, based on the number of correctly 

answered questions 

   Basic financial literacy 
Aggregate basic financial literacy score based on three basic questions from Lusardi and 

Mitchell (2008) 

1 
Suppose you had 100€ in a savings account and the interest rate was 2% per year. After 5 years, 
how much do you think you would have in the account if you left the money to grow? [More 

than 102€] [Exactly 102€] [Less than 102€] [Do not know] [Refuse to answer] 

2 
Imagine that the interest rate on your savings account was 1% per year and inflation was 2% per 
year. After 1 year, how much would you be able to buy with the money in this account? [More 

than today] [Exactly the same] [Less than today] [Do not know] [Refuse to answer] 

3 
Please tell me whether this statement is true or false. ‘Buying a single stock usually provides a 

safer return than a stock mutual fund’. [True] [False] [Do not know] [Refuse to answer]. 

   Advanced financial 

literacy 

Aggregate advanced financial literacy score based on five advanced question from van Rooij et 

al. (2011) 

1 

Which of the following statements is correct? If somebody buys the stock of firm B in the stock 

market: [He owns part of firm B] [He has lent money to firm B] [He is liable for B’s debts] 

[None of the above] [Don’t know] 

2 
Considering a long time period (for example 10 or 20 years), which asset normally gives the 

highest return? [Savings accounts] [Bonds] [Stocks] [Don’t know] 

3 
Normally, which asset displays the highest fluctuations over time? [Savings accounts] [Bonds] 

[Stocks] [Don’t know] 

4 
When an investor spreads his money across different assets, the risk of losing money: 

[Increases] [Decreases] [Stays the same] [Don’t know] 

5 
If the interest rate falls, what should happen to bond prices? [Rise] [Fall] [Stay the same] [None 

of the above] [Don’t know] 

Risk aversion 

Risk aversion based on response to the following question: "Are you generally a person who is 

willing to take risk or do you try to avoid taking risks?" 1 = completely unwilling to take risks 

… 11 = fully prepared to take risks (Dohmen et al. 2011) 

Click Indicator variable: 1=subject expressed beliefs in different treatment than default, 0=otherwise 

Time Time needed to complete experiment (in minutes) 

Nationality 
Dummy variables taking the value 1 if subject's nationality is either Dutch, German, or another 

nationality ("Other") 

Treatment 
Subject's randomly assigned treatment group (daily, monthly, or yearly) (determines default 

return horizon presented) 

Return Expectation 
Return expectation, based on the statement "I expect my investment portfolio to have good 
returns next month." (1 = totally disagree … 7 = totally agree) (adopted from Hoffmann et al. 

2013) 

Risk Perception 
Risk Perception, based on the statement "I consider investing to be risky next month." (1 = 
totally disagree … 7 = totally agree) (adapted from Hoffmann et al. 2013) 

Returns  Portfolio returns 

Note: This table presents variable definitions and an overview of the questions posed to subjects. Possible answers to 

multiple choice questions are shown in brackets, the correct answer is underlined. 
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Table 3.2 Study 1: Summary Statistics 

Variable mean fraction std median 

Age 22.1  2.71 23 

Gender 0.42    

Financial literacy 6.15  1.66 7 

   Basic financial literacy 2.61 
 

0.65 3 

1 

 

97% 
  

2 

 

89% 
  

3 

 

75% 
  

   Advanced financial literacy 3.54 
 

1.23 3 

1 

 

84% 
  

2 

 

56% 
  

3 

 

84% 
  

4 

 

88% 
  

5 

 

42% 
  

Risk aversion 6.59 

 

2.28 7 

Click 

 

52% 0.38 0.5 

Time 6.9 
 

1.77 7 

Nationality 

 
   

   Dutch 

 

32% 
  

   German 

 

43% 
  

   Other  24%   

Treatment 

 
   

   Daily 

 

34% 
  

   Monthly 

 

33% 
  

   Yearly  33%   

Return Expectation 4.13 
 

1.49 4 

Risk Perception 3.83 
 

1.49 4 

N 339 

Note: This table presents summary statistics of selected key questions from Study 1. Standard deviation is 

abbreviated by “std”. Percentages correspond to the fraction of correct answers for financial literacy questions and to 

the fraction of respondents who select a certain answer or belong to a certain group (for click, nationality and 

treatment). 

 

3.3.2. Descriptive Statistics and Data Quality 

Table 3.1 defines all variables used in our analyses. Table 3.2 provides summary statistics. The 

mean age of subjects is 22.1 years. The mean financial literacy score is 6.15 out of a maximum of 

8 points. Fifty-two percent of subjects opt out of the default return information horizon and click 
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to view a different return information horizon. The three treatment groups do not differ 

significantly regarding age, gender, or financial literacy, indicating that the random allocation of 

subjects to the different experimental conditions was successful. 

To confirm the ecological validity of our experiment, we verify whether the experimental 

subjects behave similarly to actual individual investors who tend to update their beliefs by 

extrapolating past returns (Dominitz and Manski, 2011; Greenwood and Shleifer, 2014). Table 

3.3 summarizes random effects panel regressions using belief updates as dependent variables. 

Belief updates are defined as the difference between beliefs expressed in one round and the 

previous round of the experiment. In model 1, the dependent variable is updates in return 

expectations, in model 2 updates in risk perceptions are the dependent variable. According to 

model 1, returns have a strong and significant positive effect on updates of return expectations. 

Higher past returns lead to increased expectations about future returns. Thus, our experimental 

results are consistent with real investor behavior. Subjects update their beliefs by extrapolating 

past returns. 

 

Table 3.3 Study 1: Impact of Returns and Clicking Behavior on Belief Updating 

  (1) (2) 

  
dependent variable: updates 

of return expectations 

dependent variable: updates 

of risk perception 

Returns 2.56*** -1.74*** 

 

(0.36) (0.35) 

Constant -0.012 -0.03 

 

(0.05) (0.05) 

Observations 1,695 1,695 

N 339 339 

 

Note: This table presents random effects panel regression results with robust standard errors (in parentheses) 

clustered at the individual level. The dependent variables are updates of return expectations (model 1) and updates of 

risk perceptions (model 2). Updates are defined as the difference between beliefs in round t and round t+1. Due to 

analyzing the data as panel, and having six evaluation rounds, we have five belief updates per subject, which is why 

the number of observations is five-times the number of subjects. ***, **, and * denote statistical significance at the 

1%, 5%, and 10% level, respectively.  

 

Model 2 shows that returns are significantly negatively related to updates in risk perceptions. 

Thus, a stock portfolio is regarded as less risky if returns were higher in the preceding round. 

This finding is consistent with the stylized fact that individuals implicitly assume a negative risk-

return relationship (Fischhoff et al., 1978; Ganzach, 2000; and Shefrin, 2001), which defies 
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standard economic theory, but is consistent with reliance on affect and the representativeness 

heuristic.  

 

Figure 3.3 Study 1: Return Expectations and Risk Perceptions 

 

Note: This figure presents subjects’ beliefs over the six experimental rounds. The left panel presents mean return 

expectations and the right panel shows mean risk perception. “Click” and “no click” refers to subjects who did or did 

not opt out of the default information horizon, respectively. Returns shown for each treatment in each round are 

summarized on the right-hand scale. 

 

Figure 3.3 plots subjects’ beliefs for each experimental version over the different evaluation 

rounds of the experiment. Return expectations are shown in the left panel and risk perceptions in 

the right panel. Each panel contains a separate graph for the different default information 

horizons.  Each graph plots the returns specific to each treatment group. The positive association 

between past returns and updates of return expectations can be seen in the left panel, whereas the 

negative relationship between past returns and risk perceptions is visible in the right panel. 
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Overall, the experimental subjects behave in line with previously reported findings on individual 

investors’ belief updating (Hoffmann et al. 2013).  

 

Figure 3.4 Study 1: Belief Updating Across Treatments 

 

Note: This figure presents subjects’ belief updating based on the three treatment groups. Analysis is based on 

subjects who completed the experiment in a laboratory environment. The graphs on the left summarize updates in 

return expectations (“RE”), whereas the graphs on the right show updates in risk perceptions (“RP”). Updates are 

calculated as the absolute difference between expressed beliefs and their counterpart from the previous evaluation 

round, leaving the figure to be an average of five individual assessments of belief updating. The three lines 

correspond to the group of all subjects as well as splitting them up based on whether they decided to opt out of the 

default in any given round (“click”) or not (“no click”).  

 

3.3.3. Results 

3.3.3.1. Belief Updating Across Treatments 

Panel A of Figure 3.4 highlights differences in belief updating for the entire sample across 

treatments. We use absolute changes in beliefs as the dependent variable of interest, as both 

positive and negative belief updates provide reason to trade and have been shown to predict 

portfolio turnover in samples of actual investors (Hoffmann and Post, 2016). That is, belief 
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updates are defined as the absolute value of the difference between the beliefs expressed in one 

evaluation round compared to the previous round. The graph on the left refers to updates in 

subjects’ return expectations; the one on the right depicts updates in their risk perceptions.  

As Figure 3.4 (Panel A) illustrates, differences between treatment groups for updates in return 

expectations and risk perceptions are very small across all experimental subjects (i.e., including 

those that opt out of the default information horizon and those that do not opt out). The monthly 

treatment group appears to express slightly lower belief updates than the daily and yearly groups. 

However, this difference is insignificant. Table 3.4 shows statistics on belief updating across 

treatments. Panels A1 and B1 summarize belief updating in terms of mean absolute changes in 

return expectations (Panel A1) and risk perceptions (Panel B1), respectively. The first two 

columns give an overview of the treatment groups and their respective sizes. The third column 

provides mean values for the entire sample and confirms that differences between treatments are 

very small. This finding illustrates that belief updating is not different when comparing the 

treatment groups across all experimental subjects. As an alternative measure of belief updating, 

Panels A2 and B2 contain the within-subject standard deviation of belief updating. The results 

using this measure are in line with mean absolute changes, which indicates that our results are 

robust to alternative measures. 

Extending previous literature on default information horizons, we find that the default displayed 

for past return information has, on average, no effect on investor belief updating when opting out 

is easy. Next, we analyze if opting out of the default impacts a subject’s belief updating. Besides 

the treatment itself, belief updating might be influenced by whether subjects remain in the default 

or opt out to see another information horizon. 

 

3.3.3.2. Opting Out of the Default Information Horizon and Belief Updating  

The bottom panel of Figure 3.4 plots subjects’ belief updates based on whether or not they decide 

to opt out of the default information horizon. For both return expectations and risk perceptions, a 

new result emerges. First, belief updating for subjects who opted out of the default information 

horizon is positively associated with the length of the information horizon. For the yearly group, 

belief updates are larger than for the monthly group, which are again larger than for the daily 

group. That is, opting out of the default treatment increases updates of return expectations for the 
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yearly group as compared to the monthly and daily group. Second, when looking at subjects who 

did not opt out of the default information horizon, the pattern reverses. For those staying in the 

default, there is a negative relation between belief updating and length of information horizon. 

That is, subjects in the yearly treatment update their beliefs less than those in the shorter 

information horizon treatments. All these differences, summarized in Table 3.4, columns (4) to 

(8), are statistically significant. Column (4) contains values for subjects who opted out of the 

default (“click”), Column (5) presents the corresponding values for those who did not opt out 

(“no click”). Columns (6) to (8) show the difference in means between columns (4) and (5) as 

well as the t-statistic and p-value.  

 

Table 3.4 Study 1: Belief Updating Across Treatments 

  N all click no click difference t-stat p-value 

Panel A1: mean absolute changes in return expectations 

daily 114 1.38 1.33 1.51 -0.18 -2.63 0.01*** 

monthly 113 1.27 1.36 1.24 0.12 1.88 0.06* 

yearly 112 1.38 1.61 1.08 0.53 9.22 0.00*** 

Panel A2: average within subject standard deviation of return expectations 

daily 114 1.21 1.16 1.32 -0.16 -3.07 0.00*** 

monthly 113 1.18 1.26 1.15 0.11 2.22 0.03** 

yearly 112 1.24 1.40 1.05 0.35 7.42 0.00*** 

Panel B1: mean absolute changes in risk perceptions 

daily 114 1.32 1.24 1.52 -0.29 -4.14 0.00*** 

monthly 113 1.21 1.33 1.17 0.16 2.60 0.01*** 

yearly 112 1.29 1.43 1.11 0.31 5.20 0.00*** 

Panel B2: average within subject standard deviation of risk perceptions 

daily 114 1.21 1.16 1.31 -0.15 -2.68 0.01*** 

monthly 113 1.12 1.23 1.08 0.14 2.86 0.00*** 

yearly 112 1.25 1.36 1.10 0.26 5.18 0.00*** 

 

Note: This table provides an overview of belief updating across treatment groups. “Click” refers to subjects deciding 

to opt out of the default treatment imposed on them, whereas “no click” captures those subjects who do not opt out of 

the default presentation format. “Difference” refers to the difference between “click” and “no click”. T-statistics and 

p-values shown refer to t-tests for difference in means between “click” and “no click” subgroups for each treatment 

group. Updates are defined as the difference between beliefs in round t and round t+1. ***, **, and * denote 

statistical significance at the 1%, 5%, and 10% level, respectively. 

 

We find a mitigating effect of a longer information horizon on the magnitude of belief updating 

for subjects who remain in their default information horizon. Subjects who do not opt out of their 
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default, update their return expectations by 0.43 points less on the 1-7 return expectations scale 

when shown yearly versus daily returns for their stock portfolio. This decrease corresponds to 

slightly less than a one-third smaller update of return expectations. The effect reverses for 

subjects who do not stay in their default information horizon. For these subjects, being originally 

assigned to a default information horizon presenting yearly returns and subsequently viewing 

different return horizons increases return expectations by 0.28 points or one-fifth, as compared to 

those subjects who opted out of the shortest (daily) horizon. Whereas opting out of the default 

reduces belief updating for subjects assigned to the daily treatment by 0.18 points (t=2.63, 

p<0.01), belief updating is increased by 0.53 points for those subjects who opted out of the yearly 

information horizon default condition (t=9.22, p<0.001). 

Overall, on average, presenting subjects with longer return horizons does not have an effect on 

subjects’ belief updating (see Figure 3.4). However, when we compare subjects who opt out of 

the default with those who do not, we find important differences in belief updating. Note that a 

mitigating effect due to a longer evaluation period is present, but only for the subsample of 

subjects who decide to remain in the (long) default information horizon. However, if subjects opt 

out of their default information horizon, belief updating exhibits the opposite effect: Subjects 

have larger belief updates, both for return expectations and risk perceptions. Looking at the 

subsample of subjects who were randomly allocated to the daily default group, the pattern 

reverses compared to the yearly group. That is, those viewing the shortest information horizon 

update less when they decide to switch to a different (i.e., longer) information horizon.  

An important question regarding the above mentioned effects is whether subjects who do not opt 

out of the default are simply “clicking through” the different rounds of the experiment without 

paying attention, often giving the same or almost the same response to the questions. Such 

behavior would lead to incorrectly classifying subjects who did not take the experimental task 

seriously as having little or no belief updates. Column (3) in Table 3.5 shows that the amount of 

time taken to complete the experiment is significantly and positively associated with a subject’s 

tendency to opt out of the default. The data on belief updates, however, are not consistent with 

such a concern. When comparing subjects assigned to the different treatment groups, those who 

opt out of their treatment exhibit similar or even slightly higher (for the daily treatment group) 

variation in levels of beliefs (see Figure 3.3). Furthermore, Figure 3.4 shows that subjects in the 

daily treatment, who decide to remain in the default, actually express larger belief updates 
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compared to subjects who opt out of the treatment. Finally, we find no statistically significant 

differences between the fractions of subjects in each treatment who do not update their beliefs at 

all. For return expectations, this fraction is 28.2% (S.E. = 0.019) for the daily group, 32.6% (S.E. 

= 0.020) for the monthly group, and 30.5% (S.E. = 0.020) for the yearly group.   

 

3.3.3.3. Determinants of Opting Out of the Default  

The analysis of our subjects’ opting out behavior over the six evaluation rounds for the different 

treatment groups is graphically summarized in Figure 3.5. Across all evaluation rounds and 

treatment conditions, more than half of the subjects (51.47%) opt out of their default and view 

different information horizons. Of the subjects in the monthly treatment, on average 27.14% opt 

out of their default, which is less than in the daily (71.35%) or yearly (55.80%) treatment.  

 

Figure 3.5 Study 1: Opting Out of the Default Information Horizon 

 

Note: This figure presents laboratory subjects’ opting out behavior based on the three treatment groups over the six 

experimental rounds. “Daily”, “monthly”, and “yearly” correspond to the default information horizon.  
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As there are differences in belief updating between subjects who opt out of the default 

information horizon versus those who do not, an important follow-up question is: Who opts out? 

To identify determinants of opting out of the default, we summarize the opting-out behavior of all 

evaluation rounds for each subject creating the dependent variable “average click”, and regress it 

on subject-specific attributes. Average click is constructed as the average within-subject decision 

to opt out of the default over the evaluation rounds. As it is constructed as the average, it varies 

between 0 (for subjects who never opt out of the default) and 1 (for subjects who opt out of the 

default every single round). Results in Table 3.5 indicate that risk aversion is slightly negatively 

associated with a subject’s decision to opt out of the default information horizon, while financial 

literacy is positively related to opting out. As the insignificant interaction effects in column (2) 

indicate, it is financial literacy that influences the decision to opt out of the default and not 

merely realizing that another information horizon might be needed to form beliefs about the 

portfolio.  

The effect of financial literacy is consistent with findings by van Rooij and Teppa (2014). These 

authors find that financial literacy is positively related with the tendency to opt out of default 

options in economic decision making. One potential reason is that more financially literate 

individuals have lower costs of information processing, whereas less literate individuals are more 

likely to shy away from these decisions. This explanation is consistent with Agnew and Szykman 

(2005), who show that for complicated tasks, financial literacy is associated with a more 

pronounced tendency to opt out of the default, and Brown et al. (2016), who find that individuals 

with higher self-assessed investment skills are less likely to choose a default retirement plan. 

Finally, being assigned to either the daily or yearly treatment increases a subject’s likelihood to 

opt out of the default. Subjects in the monthly default information horizon, which matches the 

time horizon specified by each evaluation round, are less likely to switch to another information 

horizon. Additionally, we asked subjects after the last evaluation round whether they had 

observed a trend in the portfolio returns by selecting one of four answer choices: “upward,” 

“sideways drift,” “downward,” or “no trend.” Responses to this question (i.e., the fraction of 

experimental subjects selecting each particular answer) do not differ significantly by treatment. 

Neither do we observe significant differences when comparing subjects that never opted out 

versus those that opted out at least once.  
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Table 3.5 Study 1: Determinants of Opting Out 

  average click average click average click 

 

(1) (2) (3) 

    

  Age -0.01 -0.01 -0.01 

 

(0.01) (0.01) (0.01) 

Gender -0.05 -0.05 -0.05 

 

(0.04) (0.04) (0.04) 

Risk aversion -0.02* -0.01* -0.02* 

 

(0.01) (0.01) (0.01) 

Financial literacy 0.03** 0.04* 0.04* 

 

(0.01) (0.02) (0.02) 

Treatment: daily 0.44*** 0.52*** 0.51*** 

 

(0.04) (0.16) (0.16) 

Treatment: yearly 0.28*** 0.40** 0.41** 

 

(0.04) (0.17) (0.17) 

Financial literacy * 

Treatment: daily  

-0.01 -0.01 

 

(0.03) (0.03) 

Financial literacy * 

Treatment: yearly  

-0.02 -0.02 

 

(0.03) (0.03) 

Time (minutes) 

  

0.02** 

 

  

(0.01) 

Constant 0.49*** 0.42** 0.20 

 

(0.16) (0.19) (0.21) 

    Observations 339 339 339 

adjusted R² 0.24 0.24 0.27 

 
Note: This table presents Ordinary Least Squares regression results. The dependent variable is the average within-

subject clicking behavior over the six experimental rounds. Thus, “average click” indicates the fraction of total 

rounds a subject decided to opt out of the default. ***, **, and * denote statistical significance at the 1%, 5%, and 

10% level, respectively. 

 

3.3.4. Discussion 

Consistent with previous studies, we find that subjects extrapolate past returns when updating 

beliefs. Extending prior literature, we find that when opting out is easy, displaying returns over 

longer information horizons has no effect on belief updates, on average. Analyzing the 

subsamples of subjects who choose to opt out of the default and those that do not, however, 

yields new results as the treatment default information horizon implies different reactions for the 

two groups. Subjects in the short default horizon group who opt out of the default, reduce belief 

updating while subjects in the long default information horizon who stay in the default also 
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reduce their beliefs. Regression results show that financial literacy is positively associated with 

the tendency to opt out of the default. Given prior evidence that smaller updates in investor 

beliefs are associated with lower trading activity, which ultimately has positive return 

consequences, these experimental results are relevant to consider when choosing a default to 

present to investors.  

  

3.4. Study 2 

3.4.1. Experimental Design 

The second experiment is an online study using a subject pool recruited from Amazon 

Mechanical Turk (henceforth, MTurk). MTurk gives access to a large and diverse subject pool, 

and results from traditional samples have been replicated with MTurk subjects (cf. Casler, Bickel, 

and Hackett, 2013; Buhrmester, Kwang, and Gosling, 2011; Paolacci, Chandler, and Ipeirotis, 

2010). In order to ensure comparability with Study 1, the experimental design of Study 2 is 

identical to the lab version, except for a few necessary changes. First, because MTurk is a US-

based platform and the majority of subjects are from the US, monetary values presented in the 

overview tables throughout the experimental rounds are given in U.S. Dollars instead of Euros.  

Second, to allow better comparison of our results with previous work which did not allow 

subjects to opt out of the default, we implement two experimental versions in Study 2. In one 

version it is possible to opt out of the default, in the other version it is not possible to opt out. 

Subjects in the version that does not give the option to opt out see just a single radio button that 

informs them of the information horizon they are viewing. None of the subjects in this version of 

the experiment are informed about the existence of other treatments. Thus, these subjects do not 

know about other information horizons, nor do they know that other subjects have the option to 

opt out of the default. Subjects are randomly allocated to one of the two versions.  

Third, we add an attention check at the end of the experiment. Since subjects completed the 

experiment outside a controlled lab, the attention check can serve as an exclusion criterion to 

ensure sufficient attention. We employ an instructional manipulation check (Oppenheimer, 

Meyvis, and Davidenko, 2009), which entails a short text in which subjects are instructed to 

answer a question in a specific way, disregarding the actual content of the question. Subjects who 
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follow instructions and read the text will pass the attention check, while those who do not pay 

attention to the text and only read the question will fail the attention check. On purpose, we 

included the instructional manipulation check at the end of the experiment to avoid any 

differences in the actual experiment. Hence, the sequence of rounds and screens shown to online 

subjects is the same as for the lab subjects. 

In total, 613 subjects completed the experiment, of which 29 (4.7%) failed to pass the attention 

check. These subjects are excluded from further analysis and the remainder of the paper focuses 

on the 584 subjects which passed the attention check. Of those 584 subjects, 284 (48.63%) 

completed the experiment in the non-restrictive setup, allowing them to opt out of the default, and 

the remaining 300 (51.37%) subjects were allocated to the restrictive version, which did not 

allow opting out of the default. Mean completion time is 6 minutes. Subjects given the 

opportunity to opt out of the default take slightly longer (6.2 minutes). Subjects not given the 

option to opt out of the default take, on average, a shorter length of time to complete the 

experiment (5.9 minutes). We paid $1 to each subject completing the experiment, resulting in an 

average hourly wage of $10.  

Subjects participating in either version of Study 2 were again randomly allocated to one of three 

default treatment groups. Of the 284 subjects allowed to opt out of the default, 96 (33.80%) 

subjects were placed in the daily treatment, 95 (33.45%) were placed in the monthly treatment 

group, and 93 (32.75%) completed the experiment viewing yearly returns by default. The random 

division of the subgroup of 300 subjects who did not have the option of opting out of the default 

resulted in 102 (34.00%) subjects in the daily, 100 (33.33%) in the monthly treatment, and 98 

(32.67%) subjects in the yearly treatment group. 

 

3.4.2. Descriptive Statistics and Data Quality 

Table 3.6 presents summary statistics. Forty-six percent of the subjects are female. Mean age is 

35.3 years. Subjects have a mean score of 5.83 for the financial literacy questions. Of those 

subjects having the option to opt out of the default, 53% opt out of their default information 

horizon. Recall that one experimental version has by definition 0% of subjects opting out, since 

they are not given the option to do so. There is no significant difference in age, gender, or 
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financial literacy within each experimental version of the three treatment groups. Hence, the 

random allocation of subjects to the experimental conditions was successful. 

 

Table 3.6 Study 2: Summary Statistics 

Variable mean fraction std median 

Age 35.5  11.06 33 

Gender 0.46    

Financial literacy 5.83  1.8 6 

   Basic financial literacy 2.44 
 

0.84 3 

1 

 

89% 
  

2 

 

78% 
  

3 

 

77% 
  

   Advanced financial literacy 3.39 
 

1.21 4 

1 

 

76% 
  

2 

 

57% 
  

3 

 

90% 
  

4 

 

82% 
  

5 

 

36% 
  

Click 

 

53% 0.50 1 

Time 6.05 
 

2.64 5.48 

Experiment version 

 
   

   Opt out possible 

 

49% 
  

   Opt out not possible 

 

51% 
  

Treatment 

 
   

   Daily 

 

34% 
  

   Monthly 

 

33% 
  

   Yearly  33%   

Return Expectation 4.30 
 

1.55 4 

Risk Perception 3.98 
 

1.54 4 

N 584 

 
Note: This table presents summary statistics of selected key questions from Study 2. “std” abbreviates “standard 

deviation”. Percentages correspond to the fraction of correct answers for financial literacy questions and to the 

fraction of respondents who select a certain answer or belong to a certain group (for click, experiment version, and 

treatment). All values are based on the total number of subjects, except for click, which is based on those 300 

subjects who were assigned to the experiment version in which opting out was possible, since for the remaining 

subjects, the value of click is by definition zero, as they are not granted the possibility to opt out of the default. 
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Table 3.7 replicates Table 3.3 from Section 3.3.2, but using data gathered from subjects who 

completed the online experiment, allowing us to compare the samples of Study 2 and Study 1. 

Model specifications in Table 3.7 are identical to those in Table 3.3. The setup used in models (1) 

and (2) (once each for the experimental version in which opting out of the default is possible vs. 

not possible) show a similar picture as for the lab sample in Study 1. A higher past return leads to 

increased expectations about future returns. In comparison to Study 1, the coefficients are only 

slightly different, and the significance and sign of effects, as well as interpretation of the results 

remain the same. Also, when looking at columns (3) and (4), which focus on risk perceptions, the 

interpretation is the same as in Study 1. Higher returns are associated with lower risk perceptions. 

In conclusion, the lab experiment as well as both versions of the online experiment yield results 

in line with real investor behavior. That is, subjects update their beliefs by extrapolating from 

past returns. 

 

Table 3.7 Study 2: Returns and Clicking Behavior 

   (1) (2) (3) (4) 

  
dependent variable: updates of 

return expectations 

dependent variable: updates of 

risk perception 

  
opt out 

possible 

opt out not 

possible 

opt out 

possible 

opt out not 

possible 

Returns 2.42*** 2.47*** -1.98*** -1.66*** 

 

(0.40) (0.37) (0.40) (0.37) 

Constant -0.05 -0.27*** -0.02 0.15*** 

 

(0.06) (0.06) (0.06) (0.06) 

Observations 1,420 1,500 1,420 1,500 

N 284 300 284 300 

 

Note: This table presents random-effects panel regression results with robust standard errors (in parentheses) 

clustered at the individual level. The dependent variables are updates of return expectations (models 1 and 2) and 

updates of risk perceptions (models 3 and 4).Updates are defined as the difference between beliefs in round t and 

round t+1. Due to analyzing the data as panel, and having six evaluation rounds, we have five belief updates per 

subject, which is why the number of observations is five-times the number of subjects. ***, **, and * denote 

statistical significance at the 1%, 5%, and 10% level, respectively. “opt out possible/not possible” refers to the 

experimental version of experiment 2 – for “opt out possible”, subjects had the possibility to opt out of the default; 

for “opt out not possible”, opting out of the default was impossible. 

 

Figures 3.6.A and 3.6.B plot the beliefs of our subjects over the different evaluation rounds of the 

experiment for both experimental versions of Study 2. Return expectations are shown in the left 

panel, while the right panel presents risk perceptions. Figure 3.6.A reveals a similar pattern as 

Figure 3.3 did for Study 1. Again, updates of return expectations are positively associated with 
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past returns. Updates of risk perceptions are negatively associated with past returns. Hence, 

Figure 3.6.A shows that subjects in both the lab as well as online experiment exhibit similar 

belief updating behavior. Figure 3.6.B contains two lines per graph, because in this version of the 

experiment, subjects could not opt out of their default and therefore there are no observations for 

opting out of the treatment. Nonetheless, when comparing the two versions of Study 2, beliefs 

from the version where opting out was not possible closely resemble the pattern yielded by those 

subjects who were granted the possibility to opt out, but did not do so (compare the light dashed 

lines in Figure 3.6.A with the solid line in Figure 3.6.B). Thus, subjects in both experiments 

display similar beliefs, which provides additional support to the validity of our experiment and 

makes it unlikely that results are driven by the fact that subjects were exposed to a controlled 

laboratory environment in Study 1 as compared to the online environment of Study 2. 

 

Figure 3.6.A Study 2: Opting Out Possible: Return Expectations and Risk Perceptions 

 

  



3. Past Performance Framing and Investors’ Belief Updating 

60 
 

 

Figure 3.6.B Study 2: Opting Out Not Possible: Return Expectations and Risk Perceptions 

 

Note: These figures present subjects’ beliefs over the six experimental rounds. The header explains which 

experimental version the graphs are based on. The left panel presents mean return expectations and the right panel 

shows mean risk perception. “Click” and “no click” refers to subjects who did or did not opt out of the default 

information horizon, respectively. Returns shown for each treatment in each round are summarized on the right-hand 

scale. 

 

3.4.3. Results 

3.4.3.1. Belief Updating When Opting Out is Possible 

Figure 3.7 replicates Figure 3.4 from Section 3.3.3.1, but using data gathered from subjects who 

completed the online experiment and were allowed to opt out of the default information horizon 

presented to them. Again, Panel A refers to return expectations and Panel B to risk perceptions. 

Once more, we find that there are only small differences in the magnitude of belief updates across 
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treatment groups, and the differences are not statistically significant. The corresponding tests are 

given in Table 3.8. Column (3) contains mean values for the three treatment groups.  

 

Figure 3.7 Study 2: Opting Out Possible: Belief Updating Across Treatments 

 

Note: This figure presents subjects’ belief updating based on the three treatment groups. Analysis is based on 

subjects who completed the online experiment and were allocated to the experimental version in which they had the 

option to opt out of the default information horizon presented to them. The graphs on the left summarize updates in 

return expectations (“RE”), whereas the graphs on the right show updates in risk perceptions (“RP”). Updates are 

calculated as the absolute difference between expressed beliefs and their counterpart from the previous evaluation 

round, leaving the figure to be an average of five individual assessments of belief updating. The three lines 

correspond to the group of all subjects as well as splitting them up based on whether they decided to opt out of the 

default in any given round (“click”) or not (“no click”).  

 

The bottom panels of Figure 3.7 split up the total sample of online subjects into the two 

subgroups of subjects who decide to opt out of the default and those that do not. Subjects who 

decide to opt out of the default information horizon (called “click”) show a slight increase in 

belief updating with increasing return horizons. Subjects who do not choose to opt out of their 

treatment exhibit almost no difference in their belief updating (both for return expectations, as 

well as for risk perceptions), no matter whether they are presented daily or monthly returns. As 
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soon as subjects who do not opt out of the treatment are shown yearly returns, however, their 

belief updating is reduced. Table 3.8 contains statistical tests for differences in means between 

those subjects who decide to opt out and those who elect not to do so. The differences are 

insignificant for both the daily and monthly treatment group. However, for the yearly treatment, 

differences are statistically and economically significant, as not opting out decreases belief 

updates by 0.39 points, which amounts to more than one quarter of the size of the updates. 

 

Table 3.8 Study 2: Belief Updating Across Treatments 

  N all click no click difference t-stat p-value 

Panel A1: mean absolute changes in return expectations 

daily 96 1.39 1.37 1.42 -0.05 -0.69 0.24 

monthly 95 1.46 1.46 1.46 0.00 0.07 0.53 

yearly 93 1.33 1.48 1.09 0.39 5.94 0.00*** 

Panel A2: average within subject standard deviation of return expectations 

daily 96 1.29 1.28 1.33 -0.05 -0.84 0.20 

monthly 95 1.32 1.31 1.32 -0.01 -0.10 0.46 

yearly 93 1.21 1.31 1.03 0.28 5.33 0.00*** 

Panel B1: mean absolute changes in risk perceptions 

daily 96 1.34 1.32 1.39 -0.07 -1.00 0.16 

monthly 95 1.39 1.47 1.35 0.12 1.57 0.06* 

yearly 93 1.28 1.41 1.05 0.36 4.92 0.00*** 

Panel B2: average within subject standard deviation of risk perceptions 

daily 96 1.24 1.23 1.25 -0.02 -0.34 0.37 

monthly 95 1.26 1.31 1.24 0.07 1.10 0.14 

yearly 93 1.18 1.29 1.00 0.29 4.91 0.00*** 

 

Note: This table provides an overview of belief updating across treatment groups. “Click” refers to subjects deciding 

to opt out of the default treatment imposed on them, whereas “no click” captures those subjects who do not opt out of 

the default presentation format. “difference” refers to the difference between “click” and “no click”. T-statistics and 

p-values shown refer to t-tests for difference in means between “click” and “no click” subgroups for each treatment 

group. Updates are defined as the difference between beliefs in round t and round t+1. ***, **, and * denote 

statistical significance at the 1%, 5%, and 10% level, respectively. 

 

Overall, when we compare the results of the online experiment with those of the lab experiment, 

the yearly treatment group has identical patterns. The patterns for the shorter return horizons 

(daily and monthly) allow for a similar interpretation, but the differences are less pronounced and 

mostly not statistically significant. 
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Subjects in Study 2 also behave similarly to those in Study 1 in terms of their decision to opt out 

of the default. Figure 3.8 plots the percentage of subjects who decide to opt out of their treatment 

over the six rounds of the experiment. Over all rounds and across all three treatments, 53.29% of 

online subjects decide to opt out of the default shown to them. Similar to Study 1, the numbers 

differ based on the exact treatment. Whereas subjects assigned to the daily condition opt out most 

frequently (70.31%), those randomly selected to view yearly returns as a default opt out slightly 

less (62.01%). A monthly return horizon makes subjects opt out of the default less, as only 

27.54% show such behavior. 

 

Figure 3.8 Study 2: Opting Out of the Default Information Horizon 

 

Note: This figure presents online subjects’ opting out behavior based on the three treatment groups over the six 

experimental rounds. “Daily”, “monthly”, and “yearly” correspond to the default information horizon.  

 

3.4.3.2. Belief Updating when Opting Out is Not Possible 

Figure 3.9 summarizes belief updating across treatments for those subjects who were allocated to 

the experimental version in which they had no option to opt out of the default. The organization 
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of the figure is the same as before: The left panel refers to return expectations, whereas the right 

panel depicts risk perceptions.  

Subjects in the daily and monthly treatments display similar belief updating, both for return 

expectations and risk perceptions. The yearly treatment group, however, displays significantly 

reduced belief updating. The downward slope for belief updates in the yearly treatment group is 

comparable to the subgroup of subjects not opting out in Panel B in Figure 3.7. Thus, in 

conjunction with Figure 3.7, Figure 3.9 shows that subjects update beliefs less when they face 

only a long information horizon, resembling the findings of previous literature from restrictive 

settings.  

 

Figure 3.9 Study 2: Opting Out Not Possible: Belief Updating Across Treatments 

 

Note: This figure presents subjects’ belief updating based on the three treatment groups. Analysis is based on 

subjects who completed the online experiment and were allocated to the experimental version in which they were not 

given the option to opt out of the default information horizon. The graphs on the left summarize updates in return 

expectations (“RE”), whereas the graphs on the right show updates in risk perceptions (“RP”). Updates are calculated 

as the absolute difference between expressed beliefs and their counterpart from the previous evaluation round, 

leaving the figure to be an average of five individual assessments of belief updating. As subjects could not opt out of 

the default, by definition the line plot for the entire subsample used coincides with the line plot of those who did not 

opt out, as there are no subjects who were able to opt out of the default. 
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3.4.4. Discussion 

Study 2 supports the generalizability of the experimental results of Study 1. Switching from a lab 

environment to an online setting did not change the results obtained in Study 1. In Study 2, when 

our subjects are allowed to opt out of the default, they exhibit a similar pattern of belief updating 

found in Study 1. The differences in belief updating are most pronounced in the yearly default, 

where opting out increases belief updates as compared to staying in the longer horizon. Results 

for the shorter horizons are similar to the lab experiment. The version of Study 2 where opting 

out is not permitted, highlights that in this type of setting, a longer information horizon is to be 

recommended, as this is associated with reduced belief updates, which attenuates trading activity 

(Hoffmann and Post, 2016).  

 

3.5. Conclusion 

In two experimental designs resembling an online brokerage environment, we present subjects 

with the performance of a stock portfolio over six evaluation rounds. We measure their beliefs in 

terms of return expectations and risk perceptions and analyze the effect of different default 

information horizons on the magnitude of their belief updates. When subjects have the possibility 

to opt out of the default, we find that the default information horizon does not, on average, impact 

the magnitude of belief updating. An important result emerges, however, when we divide the 

sample into subjects staying in the default vs. those opting out of the default. For subjects who 

stay in the default condition, showing returns over a longer information horizon reduces the 

magnitude of their belief updating. For subjects who opt out of their default treatment, we find 

the opposite result.  

Our results extend previous work that examines how different information horizons influence the 

decision making behavior of individual investors (e.g., Beshears et al. 2017, Shaton 2015). These 

studies typically recommend longer information horizons to improve individual investor decision 

making (e.g., to increase their stock market participation or equity allocations in retirement 

funds). The results of these previous studies, however, are based on restricting access to 

information and making it very cumbersome or even impossible for subjects to opt out of the 



3. Past Performance Framing and Investors’ Belief Updating 

66 
 

default. Our findings support previous results in the sense that when subjects do not have the 

possibility to opt out, a longer default presentation format indeed reduces belief updates and thus 

seems beneficial for investors. However, based on our experiments, we find that when subjects 

have immediate access to alternative information horizons and can easily opt out of the default, 

presenting returns over a longer information horizon is not always beneficial. Presenting portfolio 

performance over a longer horizon benefits only those subjects who choose to stay in their default 

information horizon. For these subjects, the longer horizon has a mitigating effect on the 

magnitude of their belief updates. 

Since we find that financial literacy is positively related to subjects’ likelihood of opting out of 

the default, our findings suggest that showing long information horizon returns is an effective 

default only if investors have low financial literacy. In order to set an appropriate information 

horizon default for past returns, it is thus crucial to understand and assess the personal 

characteristics of investors that lead to a tendency for remaining in a default condition. 

Investment mistakes are most detrimental for investors with low financial literacy because of 

their higher level of vulnerability (cf. Financial Conduct Authority 2014). Accordingly, public 

policymakers may find it particularly worthwhile to consider long information horizons as a 

default option for this group of investors.  
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4. Reverse Mortgages 

- What Homeowners (Don’t) Know and How it Matters
7
 

 

 

4.1. Introduction 

Reverse mortgage demand is low despite the substantial consumption smoothing benefits they 

can provide to cash-poor elderly homeowners (Davidoff, 2015). Mounting evidence suggests that 

the elderly may find reverse mortgages difficult to understand and for that reason shy away from 

using them. In his 2016 Ely Lecture delivered at the annual meeting of the American Economic 

Association John Y. Campbell specifically highlighted reverse mortgages as one of three 

examples (the others are retirement asset allocation and consumer credit) of markets that are 

prone to households making suboptimal financial decisions because of, for example, lack of 

financial literacy and a poor understanding of product terms (Campbell, 2016). We use a survey 

to determine and assess elderly homeowners’ knowledge about the dominant U.S. reverse 

mortgage product, the Home Equity Conversion Mortgage (HECM, henceforth), and how this 

knowledge relates to homeowners’ intention to use the product. We find that general awareness 

of HECMs among U.S. elderly homeowners is high. However, product knowledge (product-

specific literacy) is fairly low and lack of knowledge relates to low intention to use reverse 

mortgages. Strikingly, homeowners with limited financial resources who would benefit the most 

from reverse mortgages lack product knowledge as well. Knowing others with a reverse 

mortgage is a strong predictor of the intention to use reverse mortgages. Offering survey 

participants the opportunity to read a short text explaining product features was not found to be a 

successful intervention to increase the intention to use the product. 

                                                           
7
 This chapter is co-authored with Thomas Davidoff (University of British Columbia) and Thomas Post (Maastricht 

University) and is published in the Journal of Economic Behavior and Organization. 
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Reverse mortgages enable homeowners to liquidate and consume home equity without relocating. 

Most retired households own a home and home equity is a large fraction of wealth for those 

households. According to the 2013 Survey of Consumer Finances, 87% of U.S. households aged 

65+ own a home (the 2016 U.S. census figure is 79%), and the value of the primary residence 

represents 56% of total assets at the median. Housing assets provide a valuable stream of services 

to their owners, but adjustment of these services and partial liquidation of those assets is difficult 

and costly. Millions of American retirees may be classified as “house rich and cash poor” and so 

seem likely to benefit from reverse mortgages (Mayer and Simons, 1994a, 1994b; Rasmussen et 

al., 1995).
8
 With 582,000 HECM reverse mortgages outstanding in 2012 (the most popular 

reverse mortgages type with 90% market share) (Shan, 2011; CFPB, 2012), actual demand is 

substantially behind predictions.  

According to life cycle saving and consumption theory, reverse mortgages increase a household’s 

utility if they reduce liquidity constraints (allowing smoothing consumption over the life cycle) 

and bequest motives are weak (Artle and Varaiya, 1978; Davidoff, 2009, 2010a, 2010b; 

Nakajima and Telyukova, 2017; Cocco and Lopes, 2014; Hanewald, Post, and Sherris, 2016; 

Yogo, 2016). Moreover, reverse mortgages allow the household members to continue residing in 

their own house and to consume homeownership-specific utility, for example, derived from the 

opportunity to “age in place” (Davidoff, 2010c).  

Apart from potentially high costs (e.g., Lucas, 2015), the empirical literature hints at several 

factors including financial literacy and limited product knowledge as potential explanations for 

the low demand for reverse mortgages. Dillingh et al. (2013) find evidence that bequest motives 

are related to low demand in household survey data from the Netherlands. Based on Italian 

household survey data, Fornero et al. (2016) find that high financial literacy is related to lower 

interest in reverse mortgages as more literate households might be better prepared for retirement. 

In both the Dutch and the Italian market, however, reverse mortgages are virtually unavailable 

and the general public has little awareness of the product. Duca and Kumar (2014) find in U.S. 

household survey data that more financially literate households use fewer home equity lines of 

credit (HELOC). Davidoff (2015) and Davidoff and Wetzel (2014) find that HECM borrowers do 

                                                           
8
  Home equity lines of credit (HELOCs) or conventional mortgages are alternatives to reverse mortgages and allow 

homeowners to tap into their home equity. However, those homeowners who might especially benefit from reverse 

mortgages (low savings, low income) often do not pass the required payment to income tests. For reverse mortgages 

these tests are of lesser importance (see Section 4.2). 
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not recognize the significant value of the put option on the borrowers home embedded in HECMs 

protecting the borrower from home price risk.
9

 Based on 31 qualitative interviews in 

Massachusetts (U.S.), Leviton (2002) conjectures that a reason for low reverse mortgage demand 

is homeowners’ fear of losing their home, because of the their misconceptions and lack of 

understanding. Anecdotal evidence from the U.S. (CFPB, 2012, 2015; Stark et al., 2014) and 

survey evidence from Australia (Reed, 2009) suggest that the product’s features may be 

misunderstood by the elderly with potentially negative implications for demand. In addition, a 

particular feature of the HECM market in the U.S. is that the product is primarily marketed 

through television and media advertising. Distribution of the product is primarily accomplished 

through call-centers or brokers, not through banks and community financial institutions (Lucas, 

2015). In that sense, it is a unique market where information about the product may not be well 

diffused. Even the acquisition and interpretation of information about the product may pose a 

challenge to the elderly. As reverse mortgages are targeted to the elderly, age-related cognitive 

decline may impair their ability to make appropriate financial decisions (e.g., Li et al., 2013, 

2015). The fact that consumers are required to attend a counseling session before entering into a 

HECM contract (see Section 4.2), indicates that the  government views targeted consumers as 

having insufficient knowledge. 

In general, it is difficult to identify the role of product knowledge in reverse mortgage demand, as 

large household surveys like the Survey of Consumer Finances (SCF) or Health and Retirement 

Study (HRS) do not contain information on reverse mortgage holdings. Reverse mortgage 

origination data is available from the U.S. Department of Housing and Urban Development 

(HUD). Shan (2011) matches this data with ZIP code level demographic data and county home 

price growth, and studies ZIP code characteristics correlated with reverse mortgage originations. 

Moulton et al. (2014) compare the demographic characteristics of households in the HRS with 

households attending a reverse mortgage counseling session, and those that took a reverse 

mortgage after attending counseling. These studies find that reverse mortgage take-up rates are 

higher among households with low income, high home values, and high payments for 

conventional mortgage debt. Due to the nature of the data used in both studies, however, the 

                                                           
9
 HECMs include a no-negative equity guarantee for the borrower (see Section 2). That is, the borrower is not liable 

for the part of the loan amount that might exceed the home value when the loan is paid back. Thus, in essence, the 

borrower owns a put option for selling the home (underlying) to the lender with the loan amount as the strike price. 
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focus is on demographic variables rather than an assessment of knowledge about reverse 

mortgages in the respective overall target group. 

Our research contributes to the literature on retirement finance in two ways. First, we assess the 

knowledge of U.S. elderly homeowners about reverse mortgages. That is, we provide a snapshot 

of the current knowledge and perceptions of reverse mortgages based on a survey among eligible 

homeowners. Second, we study how product knowledge and general financial literacy relate to 

the intention to use reverse mortgages. In doing so, we disentangle general and product-specific 

literacy. We build on earlier works that study literacy and knowledge for complex financial 

decisions and products, like debt literacy (Lusardi and Tufano, 2009) and stock market-specific 

literacy (Van Rooij, Lusardi, and Alessie, 2011). Those studies suggest that for complex 

products, both domain-specific knowledge and general financial literacy drive financial choices. 

Our results complement the literature dealing with the difficulties consumers have understanding 

financial products that generate retirement income. Brown et al. (2012) analyze annuities and find 

that product complexity, misunderstanding of the product, and the inability to value the product 

explain why annuities are rarely used. The HECM is a particularly interesting case because it is a 

highly complex product that embeds liquidity, longevity and home price insurance in the form of 

limited liability protection and complex refinancing options, while being geared toward poorer 

and older households who may be expected to have limited financial literacy. 

 

4.2. Reverse Mortgages and the U.S. HECM Program  

A reverse mortgage is a non-recourse loan from a private lending institution using the borrower’s 

home as collateral. While a conventional mortgage is used to finance the purchase of a home (and 

over time home equity is built up), a reverse mortgage works the other way around. Reverse 

mortgages let borrowers spend home equity or create a credit line without moving out of the 

home, and without any need to make capital or interest payments to the lender until they move or 

die. 

The loan balance of a reverse mortgage grows over time. Interest accrued is not paid regularly, 

but added to the loan balance. To ensure that the collateral for the loan stays sufficiently large, 

the initial loan balance is set well below the appraised home value. The borrower may defer 
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repayment of principal and interest until the loan becomes due when the borrower dies, moves 

out, or wants to sell the home. Upon one of those events, the borrower (or his heirs) can decide to 

repay the total outstanding loan balance or to have the property sold. In the latter case, any 

remaining positive difference between sales proceeds and loan amount will be paid out to the 

borrower or his heirs. If there is a shortfall, however, the borrower or heirs are not liable (no-

negative equity guarantee). Borrowers’ longevity and home price risk are thus transferred to the 

lender.  

To protect lenders from the risk of insufficient collateral when the reverse mortgage loan is due, 

the U.S. Congress created the Home Equity Conversion Mortgage (HECM) program in 1987. 

This program is backed by the U.S. government. Under this program the lending institution 

purchases insurance from the Federal Housing Administration to cover the risk of a shortfall. 

HECMs dominate the U.S. reverse mortgage market, making up about 90% of outstanding 

reverse mortgages (Shan, 2011).
10

 In this study, we focus on HECM contracts.  

In addition to the general reverse mortgage characteristics described above, HECM contracts 

have a number of specific features. To be eligible for a loan the youngest borrower in a 

household on the home’s title has to be at least 62 years old. The maximum loan value is capped 

at $625,500. The home either needs to be debt free or the remaining conventional mortgage debt 

needs to be repaid with the reverse mortgage proceeds. Borrowers can choose between line-of-

credit, annuity, or lump-sum as payout options. The most commonly chosen option is lump-sum 

(CFPB, 2012). In 2014, a limit of 60% of the maximum loan amount was placed as the maximum 

lump-sum available in the first year of the contract (Munnell and Sass, 2014). Finally, households 

interested in HECM loans are required to attend a counseling session. Hosted by an independent 

counselor, the purpose of the session is to clarify any questions about the product, to make sure 

that specific product knowledge is provided and that households properly understand the 

implications and consequences of the loan (MetLife report, 2012). Costs for HECM loans include 

origination fees, third party closing costs and insurance premiums and total approximately 3-7% 

of home value.
11

 The homeowner remains responsible for paying taxes and insurances, as well as 

maintaining the home. Not paying taxes or insurance premiums can trigger a foreclosure 

                                                           
10

 Most private competitors to HECM disappeared during the home price bust, so Shan (2011) likely understates 

today's HECM’s market share. 

11
 http://www.newretirement.com/reverse-mortgage/reverse-mortgage-interest-rates.aspx 
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process.
12

 At the time of our survey, there were no income or credit rating checks for the 

borrower. Beginning in 2015, the borrower is required to undergo a financial assessment to 

ensure he is able to pay taxes and insurance (HUD, 2014). Borrowers who are deemed unable to 

make principal and interest payments must hold back some loan proceeds in an escrow account.  

 

4.3. Data and Methodology 

4.3.1. Survey Design 

To assess reverse mortgage product knowledge and relate it to demand we need data that matches 

information on product knowledge, product demand, and socio-demographic control variables. 

Large-scale household surveys such as the HRS or SCF do not specify reverse mortgage holdings 

or knowledge. The FIT (Financial Interview Tool) survey data, which is collected from each 

HECM applicant during the mandatory counseling session contains some demographic data, as 

well as some data about the reasons why a household might consider a reverse mortgage. 

However, this data includes only the selected subsample of households who are already interested 

in a HECM and potentially have a more favorable attitude towards them when compared to the 

general population. Thus, existing data is not suited to address our research question. For that 

reason, we designed a survey to elicit the information of interest.  

The survey was distributed to a representative sample of U.S. homeowners aged 58+ in 

November 2013 by SurveyMonkey. Thus, our sample population is not limited to the target 

group for reverse mortgages (house rich, cash poor), and is close to or already eligible for a 

HECM reverse mortgage, as the lower age boundary for HECM contracts is 62 (see Section 4.2). 

SurveyMonkey recruited participants and incentivized them by donating 50 cents to a charitable 

organization to be chosen by the participant and by letting participants take part in a lottery to 

win $100. The questionnaire assesses respondents’ reverse mortgage knowledge and perceived 

complexity of HECMs, and their intention to use a reverse mortgage. Drawing on predictions 

from life cycle models and previous studies’ arguments explaining low product demand, we also 

                                                           
12

 Moulton, Haurin, and Shi (2015) report that 12% of HECM loans experienced a technical default due to not paying 

insurances or taxes. A foreclosure process is, however, not triggered right away. For example, untapped HECM loan 

balances are used to pay outstanding amounts or refinancing options are evaluated. 
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include questions eliciting, for example, bequest motives, risk aversion, debt aversion, and home 

attachment.  

The first five questions of the questionnaire assess general attitudes towards conventional and 

reverse mortgages and ask about familiarity with reverse mortgages. Next, three questions assess 

general financial literacy (Lusardi and Mitchell, 2011a) and 13 questions assess HECM 

knowledge (described in detail in Section 4.3.2). Respondents are then asked whether they have 

any personal experience with reverse mortgages, and to specify the minimal payout ratio (i.e., the 

fraction of the home value paid out as a lump sum) required to determine if a reverse mortgage is 

a good deal. Next, respondents are randomly assigned to two experimental conditions. 

Approximately half (51.3%) of the respondents proceed with the questionnaire, while the other 

half (48.7%) is first shown an explanation of HECMs and their features, that is, knowledge about 

product features is provided (see Section 4.4.4). Then, this group proceeds with the questionnaire 

as well.  

Afterwards, the intention to use a reverse mortgage is elicited by the question: “In general, how 

likely is it that you will be taking out a reverse mortgage (HECM)?” (scored on a Likert scale 

from 1 to 7, with 1 = not likely at all to 7 = very likely). Perceived complexity is elicited by 

asking agreement to the following statement: “Reverse mortgages (HECMs) are complex 

products.” (scored on a Likert scale from 1 to 7, with 1 = totally disagree to 7 = totally agree). In 

the questionnaire’s final part, demographic information and potential demand factors based on 

previous literature on reverse mortgage demand are elicited. For example, we obtain information 

about age, household income, household savings, bequest motives, subjective life expectancy, 

subjective health, debt aversion, and home attachment. Table 4.1 contains variable definitions, 

survey questions, and corresponding summary statistics. In section 4.4.3.3 we compare our 

respondent characteristics with respondents in the Survey of Consumer Finances. 

A total of 575 fully completed questionnaires were obtained from SurveyMonkey. Eighteen 

respondents were removed from the sample because matching demographic information provided 

directly by SurveyMonkey (gender and highest education level) was not available. Finally, we 

have 557 complete questionnaires for analysis.  
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Variable mean sd med Definition

RM known 0.97 0.16 Indicator variable taking the value 1 if respondent already heard about reverse mortgages; 0 otherwise

RM experience 0.02 0.13 Indicator variable taking the value 1 if participant has prior experience with reverse mortgages; 0 otherwise

RM knowledge 5.87 2.62 6 Aggregate reverse mortgage-specific knowledge score composed of 13 items: 0 = no question correct … 13 = all 

thirteen questions correct (details on the survey questions are given in Table 2)

Intention to use 1.60 1.25 1 Intention to use a reverse mortgage based on responses to the following question: "In general, how likely is it that you 

will be taking out a reverse mortgage (HECM)?" 1 = not likely at all … 7 = very likely

RM good deal 3.18 1.35 4 Agrement to the statement: "A reverse mortgage is generally a good deal.": 1 = totally disagree … 7 = totally agree

HECM penetration 0.03 0.02 0.03 Market penetration of HECM loans, based on ZIP code

Others known w. RM 0.18 0.38 Indicator variable taking the value 1 for respondent knowing other people who have a reverse mortgage; 0 otherwise

Required payout 79.99 34.21 80 Required payout (in % of home value) from a reverse mortgage to rate it as a good deal

Prob. loan underwater 44.21 34.05 50 Probability that loan balance exceeds home value based on responses to the following question: "How likely is it that 

the reverse mortgage loan balance over time becomes larger than the home value? Indicate a number ranging from 0 

to 100, where 0 means "impossible" and 100 means "for sure"."

Complex 5.39 1.61 6 Self-assessed product complexity based on responses to the following statement: "Reverse mortgages are complex 

products." 1 = totally disagree … 7 = totally agree

Conv. mortgage 0.58 0.49 Indicator variable taking the value 1 for having a mortgage on home; 0 otherwise

Gender 0.49 0.50 Gender: 0 = female, 1 = male

Age 64.84 5.86 64 Age of respondent in years as of November 2013

Marital status 0.75 0.43 Indicator variable taking the value of 1 for respondent being married; 0 otherwise

Retirement 0.54 0.50 Indicator variable taking the value of 1 for respondent being already retired; 0 otherwise

Higher education 0.74 0.44 Indicator variable taking the value of 1 for respondent reporting highest education being "associate or bachelor 

degree" or "graduate degree"; 0 for respondent reporting highest eduaction being "less than high school degree", "high 

school degree", or "some college". 

White 0.92 0.26 Indicator variable taking value of 1 for respondent being white; 0 otherwise

Children 0.79 0.41 Indicator variable taking the value 1 if respondent has children; 0 otherwise

Bequest motive 4.92 1.96 5 Self-expressed bequest motive based on responses to the following statement: "I would like to leave an inheritance." 1 

= certainly not … 7 = certainly yes

Financial literacy 2.60 0.71 3 Aggregate financial literacy score: 0 = no question correct … 3 = all three questions correct (Lusardi and Mitchell, 

2008)

Planning skill 4.94 1.39 5 Self-assessed financial planning skills based on responses to the following question: "In general, how would you 

assess your understanding of financial planning?" 1 = very poor … 7 = very good (HRS)
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Table 4.1 Variable Definitions – continued 

 

Variable mean sd med Definition

Risk aversion 6.25 2.19 6 Risk aversion based on responses to the following question: "Are you generally a person who is willing to take risk?"1 

= unwilling to take risk … 10 = willing to take risk (Dohmen et al., 2011)

Debt aversion 5.06 1.85 5 Debt aversion based on agreement to the following statement: "Being in debt is never a good thing." 1 = disagree … 7 

= totally agree

Broker trust 3.24 1.46 3 Trust in mortgage brokers based on agreement to the following statement: "Mortgage brokers are people that 

generally can be trusted." 1 = totally disagree … 7 = totally agree

Health 2.26 0.93 2 Self-perceived health: 1 = excellent ... 5 = poor (HRS, 2011)

Subj. life expectancy 0.82 0.25 Subjective life expectancy based on responses to the following question: "What chance do you think there is that you 

will live another 10 years or more? Please indicate the chance on a sclae of 0 to 100, where 0 means "no chance at 

all" and 100 means "absolutely certain"."

Obj. life expectancy 0.75 0.15 0.80 10-year life expectancy (based on Lee-Carter stochastic mortality model)

Health insurance 0.82 0.38 Indicator variable taking the value 1 for respondent having health insurance; 0 otherwise

Long-term care insurance 0.28 0.45 Indicator variable taking the value 1 for respondent having long-term care insurance; 0 otherwise

Home value 680 4,000 250 Current home value (in $ '000)

Past home value growth 2.84 1.07 3 Subjective past development of home value based on responses to the satatement: "Over the last 5 years do you think 

the value of your home..." 1 = increased a lot (greater than 20%), 2 = increased moderately (between 5% and 20%), 

3 = remained rather stable (between 5% and -5%), 4 = decreased moderately (between -5% and -20%), 5 = 

decrease a lot (greater than -20%)

Expected home value 

growth

2.38 0.70 2 Subjective future development of home value based on responses to the statement: "Over the next five years do you 

think the value of your home will..." 1 = increase a lot (greater than 20%), 2 = increase moderately (between 5% and 

20%), 3 = remain rather stable (between 5% and -5%), 4 = decrease moderately (between -5% and -20%), 5 = 

decrease a lot (greater than -20%)

House price fluctuations 5.48 1.42 6 Agreement to statement "House prices can fluctuate a lot": 1 = totally disagree … 7 = totally agree

Stay home 7+ 0.71 0.45 Indicator variable taking the value 1 if respondent plans to stay in current home for at least seven more years; 0 

otherwise (FIT)

Home attachment 17.72 12.29 15 Home attachment based on responses to the following question: "How many years have you lived in your current 

home? (Enter the closest round number. If you have live in your current home less than a year, please enter 1.)"

Household savings 103.68 60.46 150 Total value of household savings (in $ '000) elicited with the question: "Excluding home value, what is the total value 

of your household savings? (including for example checking accounts, savings accounts, stocks, mutual funds, 

retirement accounts)" with answer choices being: "less than $1,500", "between $1,500 and $10,000", "between 

$10,000 and $35,000", "between $35,000 and $100,000", and "more than $100,000". As savings measure, interval mid-

points are used. The upper bound of savings is set to be equal to $150,000.
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Table 4.1 Variable Definitions – continued 

 

Note: This table presents variable names, summary statistics, and definitions for the survey data. References for survey question wording which is based on existing 

literature or surveys are given in parentheses. RM abbreviates “Reverse Mortgage”, HECM is “Home Equity Conversion Mortgage”, HRS is “Health and Retirement 

Study”, and FIT is “Financial Interview Tool.” Home value is winsorized at the top 2% level. 

  

Variable mean sd med Definition

Sufficient savings 4.07 2.00 4 Consent with "I have enough savings": 1 = certainly not … 7 = certainly yes

Household income 59.82 21.96 75 Average yearly household income (in $ '000) elicited with the question: "What is your approximate average household 

income per year?" with answer choices being: "under $10,000", "between $10,000 and $20,000", "between $20,000 

and $35,000", "between $35,000 and $500,000", and "over $500,000". As income measure, interval mid-points are 

used. The upper bound of income is set to be equal to $75,000.

Sufficient pension 4.69 1.95 5 Consent with "I have/expect to have sufficient pension income": 1 = certainly not … 7 = certainly yes

N 557
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Table 4.2 Reverse Mortgage Knowledge 

 
Note: This table presents the 13 questions used to construct the reverse mortgage knowledge score. Content in square brackets depicts the choices available to 

respondents; values in parentheses display alternative percentages correct/wrong if the narrower answer range is counted being correct. The variables’ ordering 

resembles the original sequence in the survey.   

Variable Feature Survey Question Correct Answer Correct Wrong

Don't 

Know Mean Median Std

rmk1 unlock equity A reverse mortgage allows you to withdraw wealth invested in 

your home.

true 82.59 6.64 10.77

rmk2 loan character A reverse mortgage helps you be debt-free if used to repay an 

existing mortgage.

false 43.63 28.55 27.83

rmk3 prerequisites For getting a reverse mortgage, your credit history and income will 

be checked.

false 19.93 50.99 29.08

rmk4 loan balance Over time, the loan balance of a reverse mortgage… [shrinks/stays 

constant/grows]

grows 46.68 26.39 26.93

rmk5 life-long living right Even when the reverse mortgage loan balance becomes larger than 

the home value, you do not have to move out.

true 56.01 8.26 35.73

rmk6 age requirement To be eligible for a reverse mortgage (HECM), how old do you 

have to be at least?

60-65 years   (62 years) 71.10     

(27.11)

28.90    

(72.89)

n/a 58.62 62.00 11.99

rmk7 interest payments When do you have to make interest payments on a reverse 

mortgage? [every month/once a year/when the loan is paid 

back/never]

when the loan is paid 

back/never

51.16 11.49 37.34

rmk8 non-recourse loan If the reverse mortgage loan balance is larger than the house value, 

the lender can force you to pay the loan off with other assets.

false 33.93 15.26 50.81

rmk9 home protection If you are unable to make your interest pay-ments on the reverse 

mortgage loan, a foreclosure process can be started on your home.

false 33.75 20.11 46.14

rmk10 interest rates When interest rates are higher, one gets less money when taking 

out a reverse mortgage.

true 28.37 19.57 52.06

rmk11 costs What percentage of home value are the likely costs for getting a 

reverse mortgage? [0.5%/1%/3%/…/15%]

3% - 7%    (5%) 19.82     

(8.73)

15.82    

(26.91)

64.36 5.45 5.00 4.30

rmk12 obligations If you have a reverse mortgage, for which items do you still have to 

pay yourself? [property taxes/homeowner insurance/repair and 

maintenance/none of these]

property taxes; homeowner 

insurance; repair and 

maintenance costs

73.61 10.95 15.44

rmk13 payout How much of a home's value would a reverse mortgage (HECM) 

currently pay out as a lump sum to a 62-year old borrower? 

[5%/10%/…/130%]

40% - 70% 30.70 69.30 n/a 58.48 60.00 31.41

Percent Continuous Response
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4.3.2. Eliciting Product Knowledge  

To measure product knowledge we use 13 questions. The questions are designed to assess 

knowledge about the main characteristics of reverse mortgages. We developed the questions by 

building on the literature that hints at a general misunderstanding among elderly homeowners of 

debt contracts and reverse mortgages (Leviton, 2002; Lusardi and Tufano, 2009; Reed, 2009; 

CFPB, 2012; Stark et al., 2014) as well on the FIT (Financial Interview Tool) reverse mortgage 

counseling questionnaire. Based on responses to the 13 questions, we construct a reverse 

mortgage knowledge score. Each correctly answered question scores one point. Thus, after 

totaling the score for the 13 questions, the knowledge score ranges between 0 and 13, where 13 

means perfect understanding of revere mortgage features (all results reported subsequently are 

robust to constructing the knowledge score alternatively based on a factor analysis (Appendix 

A4.1) or item response theory (Appendix A4.2)). The wording of the individual questions and 

descriptive statistics on the percentage of correct answers is given in Table 4.2. Questions are 

labeled rmk’X’, as an acronym for “reverse mortgage knowledge”, question number “X”. 

In Table 4.2, the questions rmk6 (minimum age requirement) and rmk11 (maximum percentage 

of home value that a reverse mortgage would pay out as a lump-sum) contain a baseline and an 

alternative specification, which differ in how the intervals are set to count answers to the 

questions as being correct. Responses to these two questions may vary depending on whether 

respondents perceive the questions as being asked about HECMs in particular or reverse 

mortgages in general. We cannot rule out that respondents know about other reverse mortgages 

products. For the baseline specification used throughout the paper, we treat all answers as correct 

if they would fit reverse mortgages in general. Our alternative specification (given in 

parentheses) is restricted to those answers that are correct specifically for HECMs. At the time 

the survey was distributed, no income or credit score checks were required to qualify for a 

HECM. The loan was entirely secured by the home serving as collateral. The HECM program has 

been restructured to prevent borrowers from defaulting on the loan by being unable to pay 

property taxes and insurance (see, e.g., HUD, 2014; Moulton, Haurin, and Shi, 2015). As of 

2015, lenders must perform credit and income checks on potential borrowers. Because some of 

the survey respondents may have been aware of these proposed changes in 2013, we ran the 
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regressions in Sections 4.4.1 and 4.4.2 leaving out the question about prerequisites of reverse 

mortgages (rmk3). Results obtained were in line with the main specification. The same holds for 

using the alternative classification of correct responses.
13

 

 

4.3.3. Survey Data Quality and Additional Data Sources 

SurveyMonkey samples from a representative pool of respondents. To check for 

representativeness of survey responses, we compare the survey information on income, savings, 

age, home value, education, race, bequest motives, and conventional mortgage debt with data 

from the 2013 wave of the Survey of Consumer Finances (SCF). Comparison with the SCF in 

Table 3 shows that our sample is fairly representative for U.S. homeowners aged 58+ on some 

but not all dimensions. Dimensions on which we observe some differences are included among 

the control variables in the regression analyses in Section 4.  

Compared to the SCF statistics, respondents in our sample are better educated, and have slightly 

higher income and wealth. Average home value, however, is substantially larger in our sample 

($680,000) than in the SCF ($270,000). A comparison with the sample median home value 

($250,000) shows that the high average home value in our sample is driven by outliers (e.g., one 

respondent reporting a home value of $80 million) potentially caused by typos (respondents were 

ask to enter a number for the home value while for income and savings answer brackets were 

given). In order to account for such outliers, we winsorize the home value variable at the top 2 

percentile. The winsorized variable, which is used in later analysis, has a mean of $337,000. This 

variable is highly correlated (ρ = 0.400, p-value = 0.000) with five digit ZIP code level median 

home value from 2012 ACS (American Community Survey) data, whereas the correlation of the 

raw home value with ACS data is low (ρ = 0.083, p-value = 0.052).  

To further check the quality of our survey data and to generate additional control variables for the 

regressions in Section 4.4, we match the survey data based on respondents’ five digit ZIP codes 

with HECM reverse mortgage origination data from HUD (U.S. Department of Housing and 

Urban Development) and ACS data. The HUD HECM origination data contains complete 

mortgage level origination data for the U.S. through November 2011.   

                                                           
13

 Results are available on request. 
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Table 4.3 Comparison of Survey Respondents’ Characteristics with the Survey of Consumer 

Finances 

 

Note: This table compares summary statistics of the current survey with the 2013 wave of Survey of Consumer 

Finances (SCF). Statistics from SCF are for the subset of respondents that match our survey criteria, that is, 

homeowners aged 58+. Savings in the SCF correspond to the variable financial assets, home value to the value of the 

primary residence. Home value from our survey is reported twice: once based on the raw data and once winsorized at 

the top 2% level. 

This Survey SCF

Age mean 64.84 69.91

median 64 68

Health excellent % 19.57 18.97

very good % 46.50

good % 24.96 46.60

fair % 6.64 25.90

poor % 2.33 8.52

Race white % 92.46 83.66

black/ afr.-am. % 1.08 9.85

hispanic/latino % 0.90 3.90

other % 1.26 2.58

Education < high school % 0.54 12.00

high school % 6.46 33.83

some college % 19.21 15.80

college degree % 73.79 38.37

Bequest motive not important % 23.52 19.72

somewhat imp. % 16.16 31.90

important % 28.73 27.11

very important % 31.60 21.27

Household income <10k % 2.33 2.97

10-20k % 4.49 14.45

20-35k % 11.67 34.52

35-50k % 16.34 17.17

>50k % 65.17 48.30

Household savings <1.5k % 9.16 13.83

1.5-10k % 6.82 13.47

10-35k % 7.90 13.63

35-100k % 15.44 13.67

>100k % 60.68 45.40

Home value ('000) mean 680 270

mean (winsorized) 337

median 250 170

Conv. Mortgage yes % 59.07 43.21

N 557 1,852
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We first use the HUD data to calculate the number of reverse mortgages outstanding per ZIP 

code as of November 2011. Then, from the ACS data we use the matching 2011 wave to gather 

information on the number of households per ZIP code that are eligible for a reverse mortgage. 

The ACS contains ZIP code level information on the number of households aged 65+ as well as 

the fraction of homeowners aged 65+. Multiplying these numbers gives a close proxy for the 

number of households per ZIP code that are eligible for a reverse mortgage (a perfect proxy 

would include homeowners households aged 62+). Finally, by dividing the number of reverse 

mortgages outstanding (HUD) by the number of homeowners eligible for a reverse mortgage 

(ACS) we generate a ZIP code level reverse mortgage penetration variable (HECM penetration). 

ZIP codes are heterogeneous with regard to HECM penetration as the variable ranges between 

0% and 17%. Mean (median) HECM penetration is 3% (2.5%), with a standard deviation of 2%. 

To check for the quality of our survey data, we relate this variable to the survey variable 

indicating whether a respondent knows somebody else having a reverse mortgage. This survey 

indicator variable is positively (ρ = 0.158, p-value = 0.000) correlated with the objective 

penetration variable. That is, respondents are more likely to report knowing a reverse mortgagor 

if they live near relatively more reverse mortgage borrowers. 

In addition, we use MSA (Metropolitan Statistical Area) level data from the Federal Housing 

Finance Agency on home price growth in the five year period preceding our survey. We match 

that data to our respondents based on the respondents’ ZIP codes and the corresponding MSA 

data. Next, we compare this objective home price growth data with the subjective five year past 

home price growth reported by respondents. As the subjective home price growth is reported in 

brackets (see Table 4.1), we recode the objective data into the same brackets. Both variables are 

positively and significantly correlated. The Spearman correlation coefficient between both 

measures is 0.212 (p-value = 0.001), which is rather high considering that the match of the 

objective with the subjective data is not perfect as the objective data is only available on the MSA 

level. 

Similarly, the survey-based subjective probabilities to survive another ten years are close to their 

objective counterparts (calculated based on gender and age-specific U.S. data from the Human 

Mortality Database and a Lee-Carter Model mortality projection). On average, respondents 

overestimate their objective probability to survive by 6.5 percentage points (compare Table 4.1), 
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which is in line with studies on subjective life expectancies of the elderly (e.g., Hamermesh, 

1985; Hurd, Rohwedder and Winter, 2009).
14

  

 

4.4. Results 

4.4.1. What Do Elderly Homeowners Know about Reverse Mortgages? 

Table 4.1 contains descriptive statistics on the characteristics of respondents in our sample 

(reverse mortgage knowledge per question is given in Table 4.2). Of all respondents, 58% have a 

conventional mortgage on their home; 97% indicate that they have heard about reverse 

mortgages; 18% of the respondents know at least one other person that has a reverse mortgage. 

Ten respondents, about 2% of the sample, have practical experience with reverse mortgages, 

which is in line with actual take-up rates (Shan, 2011). The mean response for perceived 

complexity of reverse mortgages is 5.4 (on a 7-point scale with 7 indicating highest complexity). 

That is, respondents rate reverse mortgages to be fairly complex. 

Respondents’ average score for self-assessed financial planning skills is 4.94 out of 7 points, and 

2.60 points (out of 3) for financial literacy. The fraction of correctly answered financial literacy 

questions is in line with the pattern documented in Lusardi and Mitchell (2011b). In our sample, 

87.43%, 90.48%, and 81.69% of respondents were able to correctly answer questions regarding 

interest compounding, inflation, and diversification, respectively. The percentage of correctly 

answered questions in our sample is higher than the sample used by Lusardi and Mitchell 

(2011b), that is, 67.1%, 75.2%, and 52.3%. However, the fraction of white and well- educated 

respondents in our sample also is higher than in Lusardi and Mitchell (2011b), who also report 

results split by race and education. White individuals answer the questions on interest 

compounding, inflation, and risk diversification correctly at rates of 72.3%, 78.5%, and 55.2%, 

respectively. For individuals with higher levels of education (who attended college or more), the 

                                                           
14

 A potential problem with online surveys is that respondents might look up the information being asked for on the 

internet. To address this potential issue, we include in the regression explaining knowledge (see Section 4.4.2) 

survey completion time as a covariate (detailed results available on request). The coefficient for survey completion 

time (in seconds) is not significant and virtually equal to zero (0.0003). Thus, it is unlikely that some respondents 

perform better on the knowledge questions because of looking up information on the internet. Moreover, there may 

be an offsetting effect conceivable in that quicker respondents might be more knowledgeable. 
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percentage of correctly answered questions is 81.2%, 85.1%, and 70.2%. Thus, our sample’s 

responses are in line with results for individuals that have similar characteristics. 

Next, we present details on the variables rmk1–13 that constitute reverse mortgage product 

knowledge. These are the 13 items we subsequently use to create the reverse mortgage 

knowledge score. 

Three questions are answered correctly by most respondents (Table 4.2). Rmk1 checks 

respondents’ understanding of the most basic feature of reverse mortgages, the ability to liquidate 

housing wealth (83% correct). Rmk6 asks for the minimum age requirement (62 years) to be 

eligible for a HECM mortgage. This question is correctly answered by 71% (applying the less 

strict answer range of 60–65 years) or 27% (applying only age 62 as the correct answer). Rmk12 

asks about the costs the borrower is still responsible for, that is, property taxes, homeowner 

insurance, and repair and maintenance costs (74% correct). 

Four questions are answered correctly by roughly half of the survey respondents. Forty-four 

percent of all respondents know that if they use the proceeds to repay a conventional mortgage, 

they will not be debt free by taking on a reverse mortgage. Rmk4, which determines whether 

respondents are aware that the loan balance grows over time due to accrued interest being added 

to the loan balance, has 47% correct answers. Fifty-six percent of the respondents indicate 

correctly that a reverse mortgage grants a life-long right for the borrower to remain in the home 

even if the loan balance exceeds the home value (rmk5). The probability perceived for this event 

to happen is on average 44% (compare Table 4.3) which is higher than the historical probability 

of 10% (Hong and Lee, 2012) for reverse mortgage loans being assigned to the Federal Housing 

Administration (not all of these loans are necessarily underwater).
15

 That no regular interest 

payments have to be made on a reverse mortgage loan is correctly indicated by 51% of our 

sample’s respondents (rmk7). 

Based on the percentage of correct answers, the remaining reverse mortgage knowledge questions 

turn out to be the most difficult ones. Roughly one third or less of our respondents correctly 

answer questions rmk3, 8, 9, 10, 11, and 13.  

                                                           
15

 Of all loans (origination years 1989 to 2011) in the HUD HECM origination data (see Section 4.3.3), 1.4% are 

flagged as having been underwater when the mortgage was terminated. Looking only at loans originated before 2000 

(and thus having had a longer time to become underwater) 3.3% of loans are flagged of having been underwater. 
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Rmk3 asks about prerequisites for a reverse mortgage loan and is correctly answered by 20% of 

respondents. Here, we identify whether survey respondents know that there are no credit history 

checks and income requirements, since the loan is backed exclusively by the home as collateral. 

To determine whether respondents are aware of the protection reverse mortgages offer from over 

indebtedness (non-recourse nature of the loan), we have them answer a true or false question 

about whether a lender can force a borrower to repay the loan with other assets than the home if 

the loan balance exceeds home value (rmk8). Unlike conventional mortgages, interest on a 

reverse mortgage is added to the loan balance and the borrower is not obliged to regularly pay 

interest. Hence, there can be no foreclosure process because of inability to make interest 

payments.
16

 We elicit whether respondents are aware of this fact in item rmk9. Both rmk9 and 

rmk8 are answered correctly by only one third (34% for each) of respondents.  

Slightly more than a quarter (28%) of the respondents understand that a higher loan interest rate 

results in lower total borrowing amount (rmk10). Rmk11 captures awareness about the costs 

borne by opting for a reverse mortgage, which are approximately 5% of home value (see Section 

4.2). Only 20% of all respondents answer this question correctly if the correct answer range for 

costs is set to 3-7%.  

Rmk13 asks respondents to estimate the approximate payout ratio (as a percentage of home 

value) applicable to a 62-year old reverse mortgage borrower. At the time of the survey, this 

payout ratio was around 50% based on quotes from an online reverse mortgage calculator.
17

 The 

mean (median) response for this question is 58% (60%). However, only 31% of respondents, 

using a range from 40-70% for correct answers, answer this question correctly.
18

 Interestingly, 

the mean response to a question about the payout ratio that respondents would require to rate a 

reverse mortgage a good deal is 80% (compare Table 4.1). That is, the average “desired” payout 

ratio exceeds the payout ratio offered by the market. In particular, 26% of respondents indicate a 

                                                           
16  

There can be a foreclosure process because of inability to pay taxes or insurance premiums, but the survey 

question explicitly mentioned only interest payments. 

17
 http://www.reversemortgage.org/About/ReverseMortgageCalculator.aspx 

18
 We use a range that is –10% to +20% around the correct payout ratio. We use a higher upper end of the range as 

the payout ratio increases strongly with age (Shan, 2011). Many borrowers in the sample are older than 62 and might 

have answered this question reflecting more their own situation.  
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higher desired payout ratio, than what they believe (rmk13) a reverse mortgage would actually 

pay.  

Next, we aggregate the responses to the 13 product knowledge questions into the reverse 

mortgage knowledge score (0 points for each incorrect and “don’t know” response, 1 point for 

each correct answer). The resulting mean knowledge score is 5.91; the 25% (50%; 75%) quartile 

is 4 (6; 8). Figure 4.1, showing the distribution of the reverse mortgage knowledge score, 

highlights that there is considerable heterogeneity in respondents’ reverse mortgage product 

knowledge.  

 

Figure 4.1 Distribution of the Reverse Mortgage Product Knowledge Score 

 

Note: This figure shows the distribution of the 13 item reverse mortgage product knowledge score. 

 

For the main analyses we use this reverse mortgage knowledge score. Analyses based on 

extracting a single factor from the knowledge score, differentiating between whether an item was 

answered correctly or incorrectly or “don’t know” vs. another answer, yield results in line with 

the main results (see Appendix A4.1). Likewise, modelling heterogeneity in question difficulty 

explicitly based on item response theory yields results in line with the main results (see Appendix 

A4.2). 
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4.4.2. Reverse Mortgage Product Knowledge and Respondent Characteristics  

In this section, we relate reverse mortgage product knowledge to respondent characteristics. We 

first regress the 13-item knowledge score on a set of basic demographic characteristics (age, 

being retired, gender, education, race, marital status, having children, income, savings, home 

value) and a set of variables potentially related to financial sophistication and experience with 

reverse mortgage products (financial literacy, financial planning skills, number of people known 

with a reverse mortgage, personal experience with reverse mortgages, ZIP code-specific HECM 

penetration). Next, in a second regression model, we add a set of variables based on previous 

empirical and theoretical literature that might also play a role in respondents’ perceptions of 

reverse mortgages (see, e.g., Davidoff, 2009; Nakajima and Telyukova, 2017; Cocco and Lopes, 

2014; Fornero et al., 2016; Hanewald, Post, and Sherris, 2016). In addition, we include the survey 

item eliciting the perceived complexity of reverse mortgages products. Regression results are 

given in Table 4.4.  

With respect to demographics (Table 4.4, model 1), older, male (potentially proxying the 

household’s financial planner), and white respondents have a better understanding of reverse 

mortgages. General financial literacy and self-assessed financial planning skill are positively and 

significantly related to knowledge.  

When adding the additional set of variables to the regression model (Table 4.4, model 2) we find 

that having long-term care insurance is negatively related to knowledge. Having insurance 

potentially decreases the necessity to rely on home equity to fund future medical expenses and 

care costs. However, the theoretically expected relationship is complex and ambiguous 

(Davidoff, 2009). Higher trust in mortgage brokers is negatively related to knowledge indicating 

that greater reliance on a broker’s expertise reduces incentives to acquire own knowledge. The 

negative and significant coefficient for risk aversion is potentially in line with the theoretical 

predictions of Eeckhoudt and Godfroid (2000). That is, the value of acquiring information can 

fall with risk aversion if a decision maker in advance had expected a high likelihood not to take 

action (and thus the information is likely not to be valuable). Age is no longer (marginally) 

significant in the second model specification. Less knowledge is marginally significantly 

associated with respondents rating the product to be more complex. 
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Table 4.4 Explaining Reverse Mortgage Product Knowledge 

 
 

 

RM knowledge RM knowledge

(1) (2)

Age 0.037* 0.022

(0.021) (0.022)

Retirement 0.033 -0.076

(0.242) (0.250)

Gender 0.696*** 0.564**

(0.216) (0.223)

Higher Education 0.217 0.234

(0.248) (0.250)

White 0.996** 0.894**

(0.401) (0.398)

Marital status 0.053 -0.028

(0.267) (0.265)

Children 0.224 0.323

(0.263) (0.273)

Ln(household income) -0.061 0.102

(0.222) (0.228)

Ln(household savings) 0.075 0.060

(0.080) (0.087)

Ln(homevalue) 0.027 -0.058

(0.195) (0.201)

Financial literacy 0.780*** 0.690***

(0.165) (0.168)

Planning skill 0.305*** 0.283***

(0.082) (0.085)

Conv. mortgage 0.041 0.085

(0.225) (0.231)

RM experience 1.906** 1.958**

(0.802) (0.797)

Others known w. RM 0.532* 0.551**

(0.273) (0.273)

HECM penetration 5.176 4.456

(5.088) (5.148)

Stay home 7+ 0.135

(0.238)

Subj. life expectancy -0.857*

(0.483)

Health 0.027

(0.127)

Health insurance -0.370

(0.279)

Long-term care insurance -0.644***

(0.238)
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Table 4.4 Explaining Reverse Mortgage Product Knowledge - continued 

 

Note: This table presents the results from OLS regressions of the 13 item reverse mortgage product knowledge score 

on respondent characteristics. Variables are defined in Table 4.1. Standard errors are given in parentheses. *, **, and 

*** denote statistical significance at the 10%, 5%, and 1% levels, respectively. 

 

Having personal experience with the product and knowing others with a reverse mortgage is 

positively and significantly related to product knowledge.
19

 These results hold even though we 

control for ZIP code-specific HECM penetration and thus unobserved location-specific factors 

related to reverse mortgage knowledge. Hence, peer effects seem to play an important role for 

knowledge about reverse mortgages. 

                                                           
19

 An alternative specification, in which we exclude the ten respondents with personal reverse mortgage experience 

from the sample yields similar results in terms of coefficient magnitudes and significance (detailed results available 

on request). 

Sufficient savings 0.117

(0.077)

Sufficient pension -0.026

(0.072)

Broker trust -0.243***

(0.073)

Bequest motive 0.037

(0.056)

Risk aversion -0.133**

(0.052)

Debt aversion 0.043

(0.059)

Past home value growth 0.153

(0.108)

Expected home value growth -0.216

(0.178)

Home attachment 0.008

(0.009)

House price fluctuations 0.001

(0.076)

Complex -0.110*

(0.065)

Constant -2.199 0.206

(2.530) (2.913)

Observations 557 557

Adj. R² 0.196 0.247
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Generally, regression results indicate a striking tendency: Those respondents that would benefit 

most from reverse mortgages and thus should have more incentives to acquire knowledge about 

the product do not have better knowledge about the product than other respondents. For example, 

neither having lower income, higher home values, lower savings, existing mortgage debt, nor 

having (no) children are associated with greater product knowledge.  

The regression in model 2 includes two variables for both savings and income: the dollar 

measures for both income and savings, as well as subjective evaluations of each measure 

(sufficient savings, sufficient pension income). The insignificance of the coefficients for the 

subjective measures might be caused by multicollinearity between the objective and subjective 

measures. When using only the subjective measures, the model yields a positive and marginally 

significant coefficient of 0.136 (p-value = 0.065) for the subjective evaluation for savings. 

Respondents who evaluate their savings to be sufficient know more about reverse mortgages. 

Once again, this indicates that respondents who have better financial planning skills and are 

better prepared for retirement have better product knowledge.
20

 This is contrary to the notion that 

those individuals who are more in need of the benefits that may be derived from a reverse 

mortgage might have a greater incentive to acquire the knowledge necessary to become 

consumers of the product. 

Overall, product knowledge is explained by financial sophistication, being well-prepared for 

retirement, individual experience with the product as well as knowing peers having the product, 

but not by financial needs to obtain a reverse mortgage. 

 

4.4.3. Reverse Mortgage Knowledge and Intention to use a Reverse Mortgage 

Next, we analyze respondents’ intention to use a reverse mortgage. In general, the intention is 

low, which is in line with actual demand numbers. The mean of intention to use a reverse 

mortgage is 1.6 (range = 1 to 7, where 1 = “not likely at all” to 7 = “very likely”). We regress 

                                                           
20

 These findings are potentially consistent with the evidence in Meier and Sprenger (2013) and Lusardi, Michaud, 

and Mitchell (2017). These authors show, that individuals who put a greater weight on future consumption (i.e., 

discount the future less or have a need to transfer financial resources over time) acquire more financial literacy as the 

future benefits from this investment are valued more and returns on financial investments might be improved. We do 

not assess subjective discount factors or a preference for saving, but being better prepared for retirement may proxy 

for putting greater emphasis on future consumption.  



4. Reverse Mortgages  

90 
 

respondents’ intention to use a reverse mortgage on the reverse mortgage knowledge score and 

additional variables.
21

 We employ the same independent variables used previously to explain 

reverse mortgage product knowledge (compare Table 4.4, models 1 and 2), with one exception. 

We exclude the variable indicating personal experience with reverse mortgages (currently having 

one or having had one in the past) from the regression model and the corresponding 10 

respondents from the sample. Table 4.5 (models 1 and 2) contains the regression results. 

 

4.4.3.1. Knowledge and Financial Literacy 

We find a significant positive relation between knowledge and the intention to use a reverse 

mortgage. Better understanding of reverse mortgages is related to higher intention to use a 

(HECM) reverse mortgage. General financial literacy, however, is marginally significantly and 

negatively related to the intention to use a reverse mortgage (model 2). The latter result resembles 

the Italian survey evidence from Fornero et al. (2016), and the U.S. evidence in Duca and Kumar 

(2014) for standard home equity conversion loans. Note however, that the channel through which 

financial literacy operates in our case is not clear. Duca and Kumar (2014) conjecture that less 

financially literate households underestimate the downside risks from borrowing against one’s 

home and for that reason borrow more (or even too much). For reverse mortgages, however, there 

is virtually no risk for the homeowner, as they have a lifelong living right and the loan is non-

recourse. Potentially, homeowners’ widespread misconception about the protective features of 

reverse mortgages may make the more financial literate shy away from the product as well. 

Alternatively, the financial literacy variable may be related to various aspects regarding being 

financially prepared for retirement, not fully controlled for by the measures for income and 

savings. Thus, as more financially sophisticated households have potentially better planned for 

retirement, there is less need for them to extract home equity. 

 

 

                                                           
21

 Employing an ordered logit or probit regression to account for the fact that the dependent variable can only take 

discrete values between one and seven yields results in line with the OLS specification. Moreover, we employ logit 

and probit regressions (dependent variable = 0 if intention to use = 1 and 1 if intention to use is > 1) to check 

robustness of results with respect to the skewed distribution of the intention to use variable (around 70% of 

respondents select the lowest value of 1 on the scale). Again, results are in line with the OLS specification. Detailed 

results for the four models are available on request. 
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Table 4.5 Explaining the Intention to Use a Reverse Mortgage 

 

Intention to 

Use

Intention to 

Use

Intention to 

Use

(1) (2) (3)

RM knowledge 0.047** 0.047** 0.047**

(0.019) (0.019) (0.019)

Age -0.010 -0.008 -0.008

(0.009) (0.009) (0.009)

Retirement -0.105 -0.022 -0.018

(0.106) (0.109) (0.110)

Gender 0.100 0.032 0.034

(0.096) (0.099) (0.099)

Higher Education -0.007 0.036 0.035

(0.109) (0.110) (0.110)

White -0.259 -0.265 -0.264

(0.175) (0.174) (0.175)

Marital status 0.072 0.063 0.063

(0.118) (0.117) (0.117)

Children -0.171 -0.133 -0.133

(0.116) (0.121) (0.121)

Ln(household income) -0.179* -0.168* -0.166*

(0.097) (0.100) (0.100)

Ln(household savings) 0.030 0.077** 0.077**

(0.035) (0.038) (0.038)

Ln(homevalue) -0.137 -0.103 -0.102

(0.085) (0.088) (0.088)

Financial literacy -0.105 -0.144* -0.145*

(0.075) (0.076) (0.076)

Planning skill -0.026 -0.011 -0.011

(0.037) (0.038) (0.038)

Conv. mortgage 0.286*** 0.260** 0.261**

(0.099) (0.101) (0.102)

Others known w. RM 0.316*** 0.286** 0.285**

(0.121) (0.121) (0.121)

HECM penetration 0.341 0.047 0.011

(2.244) (2.272) (2.277)

Stay home 7+ 0.023 0.020

(0.104) (0.105)

Subj. life expectancy 0.055 0.060

(0.212) (0.212)

Health 0.075 0.075

(0.056) (0.056)

Health insurance 0.211* 0.212*

(0.123) (0.123)

Long-term care insurance -0.040 -0.039

(0.105) (0.105)

Sufficient savings -0.072** -0.072**

(0.034) (0.034)
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Table 4.5 Explaining the Intention to Use a Reverse Mortgage – continued 

 

Note: This table presents the results from OLS regressions of the intention to use a reverse mortgage survey variable 

on the 13 item reverse mortgage product knowledge score and respondent characteristics. Variables are defined in 

Table 4.1. Standard errors are given in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 

1% levels, respectively. 

 

4.4.3.2. Peer Effects 

Knowing other people who have a reverse mortgage is positively related to the intention to use a 

reverse mortgage. The coefficient for this variable is significant in all models, even when we 

control for ZIP code specific HECM penetration. Hence, the variable is picking up peer effects 

and not unobserved location specific factors related to reverse mortgage demand. This finding 

relates to the literature on peer effects in financial and retirement decision making. For example, 

Duflo and Saez (2002, 2003) find that enrollment in a pension plan, as well as investment 

decisions are impacted by peer effects. Hong, Kubik, and Stein (2004) and Brown et al. (2008) 

Sufficient pension -0.028 -0.028

(0.032) (0.032)

Broker trust 0.054* 0.053

(0.032) (0.032)

Bequest motive -0.049** -0.049**

(0.025) (0.025)

Risk aversion -0.060*** -0.060***

(0.023) (0.023)

Debt aversion 0.050* 0.050*

(0.026) (0.026)

Past home value growth 0.013 0.013

(0.048) (0.048)

Expected home value growth -0.071 -0.073

(0.078) (0.079)

Home attachment 0.001 0.001

(0.004) (0.004)

House price fluctuations -0.005 -0.004

(0.033) (0.033)

Complex -0.035 -0.035

(0.029) (0.029)

Treatment group 0.028

(0.091)

Constant 4.204*** 3.891*** 3.874***

(1.109) (1.272) (1.274)

Observations 547 547 547

Adj. R² 0.076 0.134 0.134
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find that an individual’s stock market participation increases through word-of-mouth 

communication and social interaction. Chalmers, Johnson, and Reuter (2014) find that retirement 

timing decisions are influenced by having coworkers in a similar decision situation. In our case, 

both familiarity with the product through personal knowledge, and knowing other people who 

have a reverse mortgage increase the intention to use a reverse mortgage. In fact, both of these 

variables, are amongst the regressors that have the largest explanatory power for the intention to 

use a reverse mortgage based on a decomposition of the R
2
 (Owen values) of the regression 

model (2). Knowing other people explains 11.60%, personal knowledge 9.72% of the R
2
. Two 

other important variables are having a conventional mortgage (13.29%) and sufficient savings 

(11.13%). Note that peer effects increase the intention to use a reverse mortgage in two ways. 

First, peer effects serve to increase objective familiarity and general product knowledge (see 

Section 4.4.2). Second, as we control for knowledge in the regressions shown in Table 4.5, it is 

apparent that peer effects also increase perceived familiarity of the product.  

Finding evidence for peer effects further supports the interpretation that (lack of) knowledge 

about reverse mortgages drives the (low) demand. Peer effects emerge especially in decision 

environments characterized by complexity, uncertainty about decision outcomes, little individual 

experience and knowledge, long-term tradeoffs, and delayed and noisy feedback. In such 

environments an individual is more likely to follow the behavior of peers by inferring good and 

appropriate decisions (e.g., Park and Lessig 1977; Mitchell and McGoldrick 1996; Steinberg and 

Monahan 2007). 

 

4.4.3.3. Further Factors 

A stronger bequest motive reduces the intention to use a reverse mortgage (model 2). That is, as 

taking out a reverse mortgage (and consuming the proceeds) lowers the bequest, respondents with 

higher bequest motives are reluctant to opt for a reverse mortgage.  

Total household savings have no significant relationship with the intention to use a reverse 

mortgage in model 1, but contrary to expectations, there is a positive and significant relationship 

in model 2. Model 2 includes, however, also the subjective savings measure. The coefficient for 

the variable indicating having sufficient savings is negatively and significantly related to the 

intention to use a reverse mortgage. That is, respondents who rate their savings to be insufficient, 
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have a higher intention to use a reverse mortgage. The dollar amount of household savings may 

thus not be a good indicator of respondents’ consumption needs. For example, low savings may 

not be a problem per se if consumption needs are adapted to those savings and savings are rated 

to be sufficient.  

In line with theoretical models (e.g., Hanewald, Post, and Sherris, 2016), respondent income is 

negatively related to the intention to use a reverse mortgage. Having existing conventional 

mortgage debt is positively related to the intention to use a reverse mortgage. This finding is at 

odds with the predictions of Hanewald, Post, and Sherris (2016). In their life cycle model, 

existing debt reduces the welfare gains from reverse mortgages, as a fraction of the reverse 

mortgage proceeds cannot be consumed but needs to be used to retire the existing debt. Our 

findings are, however, in line with the empirical evidence in CFPB (2012) and Moulton et al. 

(2014). Compared to other households, reverse mortgage borrowers are more likely to have 

existing conventional mortgage debt in the first place and conditional on having debt, their debt 

comprises a larger fraction of home value. 

Trust in mortgage brokers is positively related to the intention to use a reverse mortgage (model 

2). A reverse mortgage is a difficult product to understand and there have been reports of reverse 

mortgage scams (see, e.g., Carswell, et. al., 2013; Stark et al., 2014). Consumers who trust the 

party offering the product are more likely to decide to use it. The effect of risk aversion, however, 

is opposite to theoretical predictions from life cycle models (e.g., Hanewald, Post, and Sherris, 

2016). Being more risk averse reduces the intention to use a reverse mortgage. This effect may be 

driven by the general misconception of the product (see Section 4.4.2). Instead of viewing the 

product as reducing risks (e.g. outliving financial resources, exposure to home prices), our results 

indicate that respondents often believe the opposite. Respondents in our sample, for example, 

believe that if they have a reverse mortgage, they may be forced to move out of the home. 

Another interpretation of the negative coefficient on risk aversion is that this variable picks up 

respondents’ uncertainty of whether the product in general is beneficial for them. Reverse 

mortgages are complex products and respondents need to evaluate long-term tradeoffs to make an 

informed decision. For example, respondents may be uncertain about future consumption needs 

and may find it difficult to evaluate how a reverse mortgage might change future consumption 

opportunities. This interpretation of the risk aversion variable is consistent with the findings on 

trust. Both variables are closely (and negatively) related to decision making in risky situations. 
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While trust helps to overcome the uncertainty of a risky situation (the choice in favor of a poorly 

understood product), risk aversion has the opposite effect (see, e.g., Johnson and Grayson, 2005).  

Contrary to results from the Italian survey by Fornero et al. (2016), model 2 shows that debt 

aversion is positively related to the intention to use a reverse mortgage. This finding is in line 

with our respondents’ product misperception that reverse mortgages will help them become debt 

free. Having health insurance increases the intention to use a reverse mortgage as being insured 

can reduce the need to keep the (complete) home’s value as a buffer against large unexpected 

expenses (see, e.g., Davidoff, 2009). 

Other factors, which according to theoretical models should be related to reverse mortgage 

demand, such as experienced and expected home price growth, subjective life expectancy, having 

long-term care insurance or home attachment do not significantly relate to the intention to use a 

reverse mortgage.  

 

4.4.3.4. Robustness  

Due to the cross-sectional nature of our data, we cannot establish causality. The question is 

whether reverse mortgage product knowledge drives the intention to use a reverse mortgage or 

whether the relationship is the other way around. Looking jointly at the results from Section 4.4.2 

and 4.4.3 provides evidence consistent with the notion that product knowledge drives the 

intention to use a reverse mortgage. The analyses in Section 4.4.3 show that respondents with 

insufficient savings have a higher intention to use reverse mortgages. But, the analyses in Section 

4.4.2 reveal that those respondents have less knowledge. If the relation between knowledge and 

the intention to use a reverse mortgage is the other way around, we would expect to observe an 

opposite effect: Respondents with a higher intention to use the product (e.g., because of their 

insufficient savings) should have greater knowledge.  

 

4.4.3.5. Summary 

Overall, several results about the intention to use a reverse mortgage emerge. First, respondents 

with more knowledge about reverse mortgages generally express a higher intention to use a 

reverse mortgage. This group of respondents is more likely to make a decision based on 

information. Second, respondents seem to be influenced by peers having a reverse mortgage. 
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Third, respondents for whom a reverse mortgage is more appropriate (e.g., having lower income, 

insufficient savings) express a higher intention to use a reverse mortgage. This group of 

respondents, however, does not have strong product knowledge. Thus, potentially the target 

group for reverse mortgages is not making a well-informed decision, and may insufficiently 

evaluate alternative options for their retirement financial planning. These findings relate to the 

literature examining the low demand for annuities. Brown et al. (2011) find that product 

complexity, misunderstanding of the product, and inability to value the product, explain why 

annuities are rarely used. 

 

4.4.4. The Impact of Information Transfer on the Intention to Use a Reverse Mortgage 

In this section we test whether respondents differ in their intention to use a reverse mortgage after 

they had the opportunity to learn about reverse mortgage product features. Half of the 

respondents were assigned to the treatment group that received information, the other half served 

as the control group. The treatment group was asked to read a short and rather simple
22

 product 

description, which explains the most important features of HECM reverse mortgages. The 

following text was shown:  

Please read the following information carefully. If you have finished, please click 'next'. 

A Home Equity Conversion Mortgage (HECM) allows seniors to access their home 

equity without any requirement to meet income or credit qualifications. Similar to a 

“conventional” mortgage, it is a loan which uses the house as a security. The 

homeowner, who borrows money against his home, has the choice between a onetime 

payment (lump sum), a line of credit, which can be used any time, a supplement to 

monthly retirement income (annuity), or any combination of these. Over time, interest 

charges are added to the loan amount, thus the loan amount rises. Repayment of the loan 

is required if the homeowner sells the home, moves out, or dies. When those events occur, 

the home can be sold to pay back the loan. HECM borrowers are protected against the 

possibility that their home may fall in value. If the home is worth less than the loan 

                                                           
22 

The description has a Flesch-Kincaid grade level of 10.5. A Flesch-Kincaid grade level statistic of 10.5 indicates 

that the text requires the level of education of grade 10 to 11 based on U.S. education (e.g., Oakland and Lane, 

2004).  
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amount due, the borrower is not obliged to pay the bank more than the value of the home 

to satisfy the loan. As long as the loan is in place, the borrower remains the owner of the 

house, including all duties that come along with homeownership, such as obligation to 

pay property taxes and insurances. If the homeowner still repays an existing mortgage, a 

reverse mortgage can only be taken if the funds received from it are used to repay the 

existing mortgage. 

Survey respondents in the treated group seem to have read the text. On average they spent three 

minutes and 20 seconds on this survey page.  

Results in Table 4.5, model 3 show that the intention to use a reverse mortgage is not 

significantly different between the treatment and control group. The difference in means for the 

intention to use a reverse mortgage between the treated and control group is 0.028 and not 

statistically significant (p-value = 0.755). In addition, we find no significant heterogeneous 

treatment effects based on analyzing subsamples split along several dimensions (e.g., product 

knowledge, gender, financial literacy, being retired or not, knowing others with a reverse 

mortgage or not, education, and time spent reading the text):
23

 

Educating potential borrowers about the product does not increase the intention to use a reverse 

mortgage. The effect of education might be different in personal interviews, as done with the 

counseling sessions for HECM loans. However, homeowners who attend counseling sessions 

must first have a sufficient amount of interest in, and knowledge about, the product.  

Providing homeowners with a relatively simple description of HECM, which is a complex 

product, does not have an effect on their intention to use a reverse mortgage. This result relates to 

the literature in two ways. First, it is in line with the meta-analysis of Fernandes, Lynch, and 

Netemeyer (2014) who claim that interventions to improve general financial literacy have often 

(but not always) little explanatory power for subsequent behaviors. Second, Wong-Parodi, Bruine 

de Bruin, and Canfield (2013) find in the domain of energy conservation brochure materials, that 

helping to educate via simplification does work for straightforward information material, but not 

for complex material.  

 

 
                                                           
23

 detailed results available on request 
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4.5. Conclusion  

We find that an important factor relating to low reverse mortgage demand is potential borrowers’ 

insufficient knowledge, or product-specific literacy.  

Our results are based on a survey of U.S. homeowners aged 58 and older. Our survey elicits 

information about our respondents’ knowledge about HECM mortgages and the intention to use a 

reverse mortgage. Almost all of the respondents in our sample (who are, on average, better 

educated and wealthier than the general U.S. population), claim that they have heard of reverse 

mortgages. However, on average, knowledge is low among eligible homeowners. Around three 

quarters of respondents understand that the purpose of a reverse mortgage is to unlock home 

equity, know the minimum age requirement, and are aware that they need to continue to pay 

taxes and homeowner insurance as part of the duties of a reverse mortgage consumer. Around 

half of respondents do know that a reverse mortgage is actually a loan, the loan balance grows 

over time, no regular interest payments have to be made, and that a reverse mortgage grants a 

life-long right to remain in the home without repaying any of the loan. Only one third of 

respondents know that a lender cannot force them to leave the home when the loan balance 

becomes larger than the home value, are aware of the relationship between interest rates and 

maximum loan amounts, and have realistic expectations about maximum payout amounts. 

Respondents who are financially sophisticated, have personal experience with reverse mortgages, 

and/or know other people with reverse mortgages have superior product knowledge. However, 

those respondents that would theoretically benefit most from reverse mortgages (e.g., those 

having lower income, higher home values, lower savings) do not have better knowledge about the 

product.  

Our results show that reverse mortgage product knowledge is positively related to the intention to 

use a reverse mortgage. On average, knowledge among respondents is fairly low, implying that 

potential factors for low product demand are limited knowledge and misconceptions of the 

product. Peer influence (knowing other people with a reverse mortgage) is a strong predictor of 

the intention to use a reverse mortgage. Homeowners who theoretically could benefit most are 

indeed more likely to use a reverse mortgage. But these homeowners lack product knowledge and 

thus may insufficiently evaluate alternative options to finance retirement consumption. Not 
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assessing alternative options properly is especially relevant as reverse mortgages are expensive 

and include substantial fees (see Lucas, 2015 as well as Section 4.2), and thus may turn out to be 

more costly than alternatives. 

Our results support the growing body of evidence that the functioning and growth of reverse 

mortgage market is hindered by multiple factors. There are no easy or obvious fixes when trying 

to sell an inherently complex and potentially expensive product to poorer and older households 

that have limited financial literacy and product knowledge. 

We find that providing potential consumers with a brief text explaining key reverse mortgage 

product features had no impact on the intention to use a reverse mortgage. One way to interpret 

this finding is that an avenue to make the product more appealing to homeowners is not to 

educate them better, but to reduce the complexity inherent in the product itself. We also find 

some evidence that indicates that respondents may be uncertain about whether or not a reverse 

mortgage would be beneficial to them. This contributes to a lower intention to use reverse 

mortgages and also indicates that reduced product complexity might increase product 

consumption. It could also be that the use of a simple explanatory text is not a powerful enough 

tool when compared with, for example, providing visualizations. Campbell (2016) suggests that 

bundling reverse mortgages with attractive and easier to understand products (like long-term care 

insurance) might make the package more appealing. We leave testing these approaches to future 

research. 
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5. Summary 

 

 

Household financial decision making is complex, and the complexity of choice and financial 

products is ever more increasing (see e.g. Vohs et al., 2008; Remund, 2010). Our technology-

driven and internationally connected world provides a plethora of information virtually available 

for everyone within just a few mouse clicks or a single online search command. This additional 

information might be valuable and helpful to enrich household decision making. From a 

traditional economic point of view, each additional piece of information will bring a decision-

maker one step closer towards an optimal decision. In reality, however, all the information cannot 

be absorbed and processed by a household. Individuals that comprise households have limited 

cognitive abilities and a certain, limited, attention span (cf. Hauser and Wernerfelt, 1990; Agnew 

and Szykman, 2005). An ever increasing choice set can result in information overload, 

suboptimal decision making or even lead to the decision “not to choose” (Shafir and Tversky, 

1992; Dhar, 1997). Instead of making a decision, thus committing to a certain outcome, 

households might shy away from decision making entirely (e.g. Thompson, Hamilton, and Rust, 

2005). This effect can be exacerbated with complexity of choice (cf. Scheibehenne, Greifeneder, 

and Todd, 2010). If the household would make a decision, it needs to face the consequences and 

might feel regret. Postponing or deferring a decision results in not feeling responsible, since no 

action was taken. In the context of household savings, no explicit decision on "how" or "how 

much" to save can still lead to "accidental" or residual savings at the end of the month 

In Chapter 2 we observe the outcome of households' accumulated decision making regarding 

savings and analyze their savings behavior. Since households are diverse, we take a structured 

approach to identify how psychological characteristics influence savings behavior. Policymakers 

are mainly focused on financial literacy programs to improve financial decision making. Our 

findings show that policymakers need to also incorporate psychological characteristics of 

households in order to design effective financial literacy programs. Additionally, in a related 
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vein, policymakers need to acknowledge the inherent latent heterogeneity across households. A 

“one size fits all” approach is unlikely to be effective, and instead, programs should be tailored 

based on households’ heterogeneity (cf. Eberhardt et al., 2016). Taking such heterogeneity into 

consideration and actively incorporating it into policy programs will most likely increase the 

programs’ effectiveness. Psychological characteristics have different relationships and impact on 

savings behavior. A focus on self-control would be a promising avenue towards improved 

savings behavior, but only for a certain segment of households, not for the entire population. For 

“the striving”, who are a particularly vulnerable segment of the population, with rather low 

savings and income, a focus on a positive savings attitude is a more promising way, instead of 

focusing on self-control.  

Since latent heterogeneity is not directly observable based on demographic variables, it is 

important for future research and policymakers alike to adopt a structured way to approach 

segmentation of data. Our Finite Mixture Partial Least Squares (FIMIX-PLS) approach used in 

Chapter 2 has the advantage of being free from potential investigator bias. For certain research 

questions it might not be suitable, as it is not designed to test a priori hypotheses due to its data-

driven approach. We aim to advocate taking heterogeneity explicitly into account, and encourage 

other researchers to analyze in more depth the complexity between psychological characteristics 

and decision making (outcomes).  

The data we utilized on household savings reflects the outcome of multiple decisions over time. 

Those decisions are (partially) made based on beliefs. As such, each and every household 

decision, be it consciously or subconsciously, reflects to some extent the decision maker’s 

beliefs. In Chapter 3, we focus on investment decisions and monitor beliefs, as proxied by return 

expectations and risk perception. Past research has identified both as significant determinants of 

belief formation, which in itself influences decision making outcomes. We focus on the impact 

different default information horizons have on the magnitude of individual investor belief 

updating. The fewer individuals update their beliefs, the less likely they are to issue or execute 

trades. Since overtrading is a common behavior of individual investors, which is a major source 

of wealth destruction, we conjecture that less trading activity is beneficial for most households. 

As such, lower belief updates are also beneficial for investors, and if the choice of a certain 

default has the potential to impact belief updating, this might be an easily adoptable policy 

intervention. Using an experimental approach, we show that on average, the default does not have 
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an impact on the strength of belief updating. However, we show that when the data is partitioned 

into those experiment participants who decide to stay with the default information horizon 

presented to them versus those who decide to actively opt out of their default, we find important 

differences. A longer information horizon reduces belief updating magnitude for individuals who 

stay in the default condition. However, the opposite result emerges for individuals who opt out of 

the default. Thus, contrary to some general recommendations that longer information horizons 

are always beneficial, our findings would support such notion only in case the individual is not 

presented with the decision to opt out. In such case, the longer information horizon has a 

mitigating effect and reduces belief updates. While this holds true in case individuals cannot opt 

out of their default condition, as we just explained, the situation needs to be more carefully 

examined when it comes to situations where individuals can indeed opt out of the default.  

Additional analyses show that financial literacy is positively related to individuals’ tendency to 

opt out of the default. A long default information horizon might thus be seen as effective for 

individuals with low financial literacy. Our findings raise awareness for the importance of 

personal characteristics. Such characteristics need to be taken into account, especially when 

making policy decisions about, for example, what default to present to individual investors. 

Chapter 3 shows that relying on average effects might not necessarily be beneficial, and an 

insignificant effect might be due to two contrary and offsetting effects.  

Chapter 4 studies reverse mortgage decision making. Reverse mortgages are a specialized 

product only available to elderly homeowners, and are barely known outside of the U.S. (even 

though they exist in most European countries, too). Theoretically appealing and welfare 

enhancing for a certain target group, actual demand is lacking far behind theoretical predictions. 

We survey elderly U.S. homeowners and assess in detail their knowledge about the most 

common reverse mortgage product in the U.S. Based on that data, we are able to determine 

intention to use a reverse mortgage. We relate this to product knowledge and several socio-

economic household characteristics which are conjectured to be influencing factors for reverse 

mortgage demand. We find that almost all of our sample respondents are aware of the existence 

of reverse mortgages and have heard of them. However, actual knowledge about the product is 

limited. Reverse mortgage are highly complex products, and a decision to take on a reverse 

mortgage is a long-lasting and serious commitment. As such, a lack of product knowledge and 

misunderstanding of crucial characteristics can be seen as a determinant of low demand for 



5. Summary  

104 
 

reverse mortgages. For example, only one third of our surveyed respondents understand the 

safety feature a reverse mortgage provides, in that it is a non-recourse loan and the lender cannot 

force the borrower to move out of his home, even if the accrued loan balance exceeds the home 

value.  

We find that households with higher financial literacy and exposure to reverse mortgages – either 

through direct experience or by knowing others who have a reverse mortgage – have higher 

product knowledge. The main target group of reverse mortgages, the so-called “cash poor, home 

rich”, do not exhibit higher knowledge about the product terms. Product knowledge is, however, 

positively related to the intention to use reverse mortgage products. Chapter 4 has shown that 

those households who could theoretically benefit most from reverse mortgage usage are actually 

more likely to use them. Their low product knowledge, however, may hinder them from reaching 

a well-informed decision and might lead to insufficient evaluation of available options and 

alternatives. Financial literacy programs are unlikely to work for such complex products like 

reverse mortgages. To achieve a higher demand, it might be needed to decrease the product’s 

complexity in and by itself.  

Overall, the three essays presented in this thesis enhance our understanding of household 

financial decision making. The findings enrich existing theories of economic decision making 

and show the importance of further connecting different research disciplines to gain a better 

understanding of an increasingly important aspect of people’s lives, managing their financial 

affairs. Generalizing to broader contexts, they serve as a foundation on which future research can 

build.  
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6. Research Impact 

 

 

The findings outlined in the previous chapters contribute to current academic knowledge and 

provide implications for policymakers, too. 

In Chapter 2, we analyze UK household survey data with regard to saving decisions and relate 

those, among others, to psychological factors. Our Finite Mixture Partial Least Squares (FIMIX-

PLS) models combine segmentation and regression analyses simultaneously. We show that 

psychological factors are important determinants of households' saving decisions. As such, any 

policy changes or interventions which are targeted at savings behavior or affect such decision 

making, even implicitly, by, for example, changing tax exemptions of private pension savings, 

should incorporate psychological factors to create a more holistic viewpoint and make informed 

decisions. Otherwise, policy interventions might not have the desired, or even an opposing, 

effect. 

Not only do we show the importance of psychological factors which influence saving decisions, 

but due to our methodology, we are able to show that considerable heterogeneity exists among 

households with regard to psychological variables. That is, different factors are found as 

determinants of behavior for one segment versus another. Additionally, the direction of effects 

might differ: Whereas one factor might be positively related to savings rate for one segment, this 

factor might have a negative relationship with savings rate for another segment. Hence, a careful 

examination of latent heterogeneity in any given dataset becomes important, as otherwise such 

relationships might not be uncovered, or due to their opposing effects, offset each other and thus 

would not be identifiable in an aggregate view.  

While we apply a structured and methodology-driven approach to identify latent heterogeneity 

among households, other research tends to segment at the researcher's own discretion. While such 

a priori segmentation offers the benefit of simplicity, it bears the risk of not achieving a proper 



6. Research Impact  

106 
 

segmentation. Segments might not be identifiable alongside one or two observable household 

characteristics, such as age or income. A more data-driven segmentation methodology as we 

employ takes out the "human factor" and manages to achieve an optimized segmentation. For 

policymakers, a well-done segmentation allows them to better tailor their actions and programs to 

the household segments, which will increase the effectiveness of such policy changes or 

interventions. Our findings are based on household savings data, but the findings and 

implications regarding heterogeneity can be used broader and could be generalized to different 

contexts, as well. 

Another example why aggregate data might not be conclusive for researchers or policymakers is 

given in Chapter 3. We show that differences in belief updating can arise due to framing effects. 

Employing lab and online experiments, we examine the effect default frames for presenting past 

return information have on belief updating. Over the course of the experiment, subjects get to 

randomly see either daily, monthly or yearly returns as the default. The other two information 

horizons are available with a single mouse click and subjects could opt out easily and at no costs. 

 Lower belief updates are considered beneficial for the subject, as it leads to less trading activity, 

which for the average individual investor corresponds to higher returns. On average, across all 

subjects, we do not find a significant effect of the default presentation formatting, and differences 

between the groups are almost non-existent. When we split the groups, however, into subjects 

who decided to stay in their default presentation format, and those who "opt out" and click to 

view return information on horizons other than their default, we find opposing effects: While 

subjects who stay in their randomly assigned default horizon display a reduction in belief updates 

for longer default information horizons, subjects who opt out of the default exhibit reduced belief 

updating when viewing shorter information horizons by default.  

Providing subjects the opportunity to opt out of the default thus creates opposing 

recommendations for policymakers when deciding on what default to use to display information. 

While longer aggregation periods are preferred for households who tend to stick with the default, 

shorter periods are more beneficial for those households who are more likely to request additional 

information. This is important information which can strongly influence a policy intervention's 

effectiveness designed to reduce (excess) trading activity by means of implementing or changing 

the default presentation format. Additionally, our experiments serve as another example of how 
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aggregate information is not necessarily informative. While a mere focus on aggregate data might 

lead to the conclusion that default formatting has no effect, it would be harmful and misleading to 

disregard the influence a default has on - in our case - belief updating. We prove the impact and 

consequences a default can have on decision makers, as it influences beliefs, which in turn 

impacts the ultimate actions of the decision maker.   

Chapter 4 uses a survey to enhance understanding of reverse mortgage decision making. In 

particular, it focuses on determining influencing factors that impact elderly U.S. households when 

deciding in favor of, or against, a reverse mortgage contract. In our research, we develop a 

comprehensive measure of reverse mortgage knowledge. Applying this measure, we show that 

knowledge of reverse mortgage contract terms is limited across the target group.  

Important features of reverse mortgages are misunderstood by a large fraction of the households 

surveyed. For example, the protective non-recourse feature inherent in reverse mortgage products 

is not understood by two-thirds of our survey participants. Reverse mortgages are designed in a 

way that homeowners are protected against the loan balance exceeding home value over time. In 

case of the HECM, the most widespread reverse mortgage product in the U.S., this longevity risk 

is covered by a governmentally-backed insurance fund, so that even the reverse mortgage lender 

does not bear that risk. This feature, designed to protect the homeowners, might be 

misunderstood and not perceived as providing additional safety.  

Taking into account that one's home is the single-most valuable asset for the average household, 

and additionally regarding elderly homeowners' attachment to their home, it can be understood 

why such misperception of this key feature lets reverse mortgages appear in a less favorable light 

than they would otherwise be. This is only one example, and Chapter 4 provides a detailed 

overview of product terms and features which are not sufficiently well comprehended by 

households eligible for the product.  

The main target group for reverse mortgages, the "house-rich, cash-poor" households, expresses 

greater intent to use a reverse mortgage. This target group does not display higher product 

knowledge. Product knowledge is, however, positively related to the intention to use a reverse 

mortgage. Thus, demand could theoretically be increased via better understanding of the products 

in general. Taking into account the high level of complexity inherent in reverse mortgage 

products, standard literacy programs might have little effect. Policy makers might be more 
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successful in increasing demand for the products if they focus on a redesign of contract terms and 

reduce the product’s inherent complexity. This way, households and individuals with lower 

literacy levels could better understand the product and reverse mortgages might be more widely 

accepted by the main target group, thereby increasing households' welfare and allowing for a 

better refined decision making. 

Why do households spend so little time on key financial decisions? How can they actually make 

sound decisions if they do not invest the time to do so? How can their decision making be 

improved or how can they be nudged to take more time for important financial decisions?  

There is no single answer to those questions, but the essays presented in the previous chapters 

have shown that many factors should be taken into account when attempting to improve 

household decision making, such as controlling for heterogeneity, psychological factors, financial 

literacy, and even taking into account the context of a certain situation.  

Government policy retrenchment in household finance issues can lead to a focus on simplified 

and more average-driven interventions. Common policy programs focus on financial literacy to 

improve household decision making. While some programs, for example in high schools, have 

positive effects, others have been questioned for their effectiveness (cf. Mitchell and Lusardi, 

2015; Lusardi, Michaud, Mitchell, 2017). Even though an increase in financial literacy has its 

merits, one problem is that basic literacy might not help for decision making in complex 

situations. An example for this has been pointed out in Chapter 4, in the form of reverse 

mortgages. Policy interventions should take the complexity and context of a certain situation 

more into account and employ a better tailored approach towards households, which takes latent 

heterogeneity in account, as well. 

Taking all together, the research presented in this thesis has some specific implications for a 

variety of topics in the area of household finance. The findings can also be generalized to other 

contexts and thus, have broader implications, which go beyond the focus of this thesis.  
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Appendix Table A2.1 Classification of saving motives as promotion and prevention 

  

Promotional 

(aiming to gain 

positive) 

Neither 

Prevention 

(aiming to avoid 

negative) 

N 
p-value (one-

sample z-test) 

 

 

(1) 

 

(2) 

 

(3) 

 

(4) 

 

(5) 

For unexpected expenditures (a rainy day) 13 9 75 97 0.000*** 

To pay for bills (e.g., gas, electricity, etc) 20 19 58 97 0.000*** 

For a deposit to buy a property 87 8 1 96 0.000*** 

For a planned purchase in the future (e.g., car, fridge, etc) 83 7 7 97 0.000*** 

For planned maintenance costs in the future (e.g., car repairs, 

home renovation, etc) 
16 10 71 97 0.000*** 

For holidays or other leisure expenditures 88 7 2 97 0.000*** 

To provide income in retirement (please note we are not 

referring to pension saving) 
59 9 29 97 0.001*** 

Because it’s a good investment in the long-term 68 20 9 97 0.000*** 

Because of a recent/upcoming event (e.g., marriage, birth of 

a child) 
64 12 21 97 0.000*** 

For a family-member’s future (e.g., a child trust fund) 69 12 16 97 0.000*** 

In order to repay a loan 27 16 54 97 0.002*** 

Note: This table provides an overview of all saving motives and how they belong to the self-regulation systems promotion and prevention. Ninety-seven individuals 

recruited on Amazon’s Mechanical Turk classified 11 possible saving motives according to their fit to either promotion, prevention, or neither of those categories. 

The first column displays the saving motive as stated in the survey. The following three columns ((1)-(3)) summarize the amount of times a certain saving motive 

was classified as belonging to a certain category. N is is the total number of respondents who classified the saving motives. Column (5) contains information about 

the p-value of a one-sample z-test to indicate statistically significant differences between columns (1) and (3). ‘***’ indicates significance at the 1%-level. Bold 

numbers display how a given saving motive is ultimately categorized for usage in our analyses. 
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Appendix A2.2 FIMIX-PLS pseudocode 

Below are the pseudocode and screenshots of the FIMIX-PLS procedure that was followed in this 

paper. 

/* !!! in SmartPLS !!! */ 

 

import from excel "data_for_Fimix.csv" 

 

/* model setup: */ 

 

 /* define outer model */ 

 /* assemble indicators and add to constructs */ 

   define "Consc" | indicators: consc1-2<-- 

   def "Extra" | ind: extra1-3<-- 

   def "Agree" | ind: agree2-3<-- 

   def "Neuro" | ind: neuro1-3<-- 

   def "Open" | ind: open1-3<-- 

   def "Self-Control" | ind: sc1-3<--; sc7-10<-- 

   def "Optimism" | ind: opt1-6<-- 

   def "Fin. Literacy" | ind: fl1-5<-- 

   def "Savings Attitude" | ind: savatt2-3<-- 

   def "Prevention" | ind: preven 

   def "Promotion" | ind: promo 

   def "Savings Amount" | ind: hhsavtot 

 

 /* define inner model */ 

  Consc --> Savings Amount 

  Extra --> Savings Amount 

  Agree --> Savings Amount 

  Neuro --> Savings Amount 

  Open --> Savings Amount 

  Self-Control --> Savings Amount 

  Optimism --> Savings Amount 

  Fin. Literacy --> Savings Amount 

  Savings Attitude --> Savings Amount 

  Promotion --> Savings Amount 

  Prevention --> Savings Amount 

 

/* Fimix procedure */ 

 /* determine number of segments */ 

   loop over values q=2-7 { 

   Calculate Fimix segmentation (`q´ segments; 10000 Max iterations; 

    10 stop criterion; 10 repetitions) 

   export to excel "smartpls_output.xlsx": Segment Assignment; R Square; Fit Indices; 

    Path Coefficients | append 

   } 

 

loop over values p=1-2 { 

 import from excel "data_segment_`p´.csv" 

 Calculate PLS Algorithm  

  export to excel "smartpls_output.xlsx": Path Coefficients | append 

 Calculate Bootstrapping 

  export to excel "smartpls_output.xlsx": Path Coefficients | append 

 } 
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Appendix Figure A2.2.1 Model in SmartPLS 

 
 

Note: In the terminology of Ringle et al. (2010), this figure represents the “inner model”. The PLS path analysis 

predominantly focuses on estimating and analyzing the relationships between the latent variables in the inner model 

(Ringle et al., 2010). Indicators of latent constructs (i.e., specific survey questions), which represent the “outer 

model”, are not shown in this figure. 
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Appendix Figure A2.2.2 FIMIX-options in SmartPLS 
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Appendix Figure A2.2.3 SmartPLS algorithm options 
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Appendix Figure A2.2.4 Bootstrapping options in SmartPLS 

 

 
  



Appendix  

136 
 

Appendix A2.3 Probabilities of segment membership 

The graph below shows the distribution of segment membership probabilities. We reached a two-

segment solution and employ an 85% probability cutoff level for individuals to be classified as 

belonging to a particular segment. This is a very conservative cutoff level and considerably 

higher than the 50% cutoff level as used by Matthews et al. (2016). Figure A3.1 indicates that the 

great majority of households can be unambiguously classified as belonging to one of the two 

segments. In particular, 95.54% of the 3,382 households exceed the 85% probability threshold, 

leaving a final sample of 3,231 households for analysis. 

 

Appendix Figure A2.3.1 Total household savings – segment membership probabilities 

 
Note: This figure presents the highest segment membership probabilities for each of all the 3,382 households in our 

total sample. The graph is based on the two-segment solution for total household savings based on FIMIX-PLS 

results.  
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Appendix A4.1 Factor Analysis of the Reverse Mortgage Knowledge Index 

The reverse mortgage knowledge score as used for our analyses is a composite score which has 

the advantage of being intuitively interpretable as the final knowledge score for each individual 

ranges between 0 and 13. Hence, when using the score in regression analyses, any changes can be 

immediately attributed to changes in this score. However, the way the composite score is created 

has a drawback: correctly answered questions increase the score by one, whereas incorrectly 

answered questions and “don’t know” answers both translate into zero points for a particular 

question.  

Don’t know answers can be taken explicitly take into account, as they might indicate a good self-

perception of survey respondents. Furthermore, there is substantial variation amongst knowledge 

items regarding the percentage of respondents answering questions with “don’t know”. The 

percentage of “don’t know” answers varies from as low as 11% for rmk1 to almost 65% for 

rmk11 (see Table 4.2 for details). A way to explicitly take into account “don’t know” responses is 

to obtain Bartlett factor scores and to use them as weights to construct a reverse mortgage literacy 

index, similarly to the procedure used by van Rooij et al. (2011) in an analysis of stock market 

literacy.  

We create one dummy variables to indicate for each item whether a respondent answered a 

knowledge question correct (1) or incorrect (0) and a second dummy variable indicating if a 

response was “don’t know” (1) or not (0). Exceptions are items rmk6 and rmk13, which due to 

the nature of those questions did not contain “don’t know” answers as possible choices. 

Excluding those two items, factor analysis using iterated principal factoring allows to extract a 

single factor for reverse mortgage knowledge. As all items used to identify knowledge are 

tailored towards reverse mortgage knowledge, theoretical reasoning suggests a single factor to be 

extracted. Inspection of the corresponding Scree plot shows a large kink after factor 1, also 

pointing towards a single factor to be extracted. Furthermore, the first factor explains 74.5% of 

variance in the individual responses, which also supports the notion of a single factor. Factor 

loadings for this single-factor solution are presented in Table 4.6.  
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Appendix Table A4.6 Factor Loadings of the Reverse Mortgage Knowledge Index 

 

The resulting Bartlett factor scores are used as weights in an alternative reverse mortgage 

knowledge index. To analyze robustness of the reverse mortgage knowledge results (as 

summarized in Table 4.4), we use the Bartlett factor score-based index to replicate the same 

model specifications explaining reverse mortgage knowledge. Results are presented in Table 4.7, 

models 1 and 2. A comparison between Table 4.4 and Table 4.7 highlights the robustness of the 

knowledge questions and their determinants. In both model specifications, all coefficient signs 

are the same for the composite knowledge score and the factor-based index. Overall, results are 

robust and leave the interpretation unchanged, no matter which way the reverse mortgage 

knowledge items are aggregated and weighted. The same holds when including the factor-

weighted index in the intention to use a reverse mortgage regressions. Thus, both the composite 

score with its easy interpretation and the more elaborate index using factor weights allow for the 

same conclusion. 

Variable Survey Question Factor Loadings

rmk1 A reverse mortgage allows you to withdraw wealth invested in your home. Correct 0.4317

Don’t know -0.5209

rmk2 A reverse mortgage helps you be debt-free if used to repay an existing mortgage. Correct 0.5476

Don’t know -0.5438

rmk3 For getting a reverse mortgage, your credit history and income will be checked. Correct 0.2886

Don’t know -0.3034

rmk4 Over time, the loan balance of a reverse mortgage… [shrinks/stays constant/grows] Correct 0.3262

Don’t know -0.5331

rmk5 Correct 0.5396

Don’t know -0.6196

rmk7 Correct 0.5507

Don’t know -0.6357

rmk8 Correct 0.5950

Don’t know -0.6834

rmk9 Correct 0.6033

Don’t know -0.6495

rmk10 Correct 0.3518

Don’t know -0.5935

rmk11 Correct 0.3923

Don’t know -0.3307

rmk12 Correct 0.3999

Don’t know -0.4719

This table presents factor loadings for 22 items based on 11 questions to assess reverse mortgage knowledge. Factor loadings are 

obtained using iterated principle factoring.

Even when the reverse mortgage loan balance becomes larger than the home value, you 

do not have to move out.

What percentage of home value are the likely costs for getting a reverse mortgage? 

[0.5%/1%/3%/…/15%]

When interest rates are higher, one gets less money when taking out a reverse 

mortgage.

If you are unable to make your interest pay-ments on the reverse mortgage loan, a 

foreclosure process can be started on your home.

If the reverse mortgage loan balance is larger than the house value, the lender can force 

you to pay the loan off with other assets.

When do you have to make interest payments on a reverse mortgage? [every 

month/once a year/when the loan is paid back/never]

If you have a reverse mortgage, for which items do you still have to pay yourself? 

[property taxes/homeowner insurance/repair and maintenance/none of these/don't 

know]
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Appendix Table A4.7 Explaining Reverse Mortgage Product Knowledge using a Factor 

Weighted Index and IRT scores 

 
 

 

 

Knowledge index Knowledge index IRT score IRT score

(1) (2) (3) (4)

Age 0.017** 0.010 0.002** 0.001

(0.008) (0.009) (0.001) (0.001)

Retirement -0.050 -0.054 0.005 0.001

(0.098) (0.102) (0.009) (0.010)

Gender 0.302*** 0.240*** 0.018** 0.014

(0.087) (0.090) (0.008) (0.009)

Higher Education 0.019 0.016 0.008 0.008

(0.100) (0.101) (0.010) (0.010)

White 0.371** 0.345** 0.047*** 0.044***

(0.165) (0.163) (0.015) (0.015)

Marital status 0.030 -0.008 0.005 0.002

(0.108) (0.107) (0.010) (0.010)

Children 0.083 0.128 0.006 0.010

(0.106) (0.110) (0.010) (0.011)

Ln(household income) -0.038 0.040 -0.004 0.001

(0.090) (0.093) (0.009) (0.009)

Ln(household savings) 0.045 0.037 0.003 0.002

(0.033) (0.035) (0.003) (0.003)

Ln(homevalue) 0.047 -0.003 0.002 -0.001

(0.079) (0.081) (0.008) (0.008)

Financial literacy 0.296*** 0.260*** 0.035*** 0.033***

(0.067) (0.068) (0.006) (0.006)

Planning skill 0.121*** 0.107*** 0.011*** 0.010***

(0.033) (0.034) (0.003) (0.003)

Conv. mortgage 0.013 0.062 0.004 0.007

(0.091) (0.094) (0.009) (0.009)

RM experience 0.867*** 0.851*** 0.072** 0.075**

(0.323) (0.320) (0.031) (0.031)

Others known w. RM 0.269** 0.271** 0.025** 0.025**

(0.110) (0.110) (0.011) (0.011)

HECM penetration 2.016 1.775 0.132 0.115

(2.052) (2.073) (0.196) (0.199)

Stay home 7+ -0.039 0.001

(0.097) (0.009)

Subj. life expectancy -0.275 -0.038**

(0.194) (0.019)

Health -0.007 -0.002

(0.051) (0.005)

Health insurance -0.192* -0.019*

(0.113) (0.011)

Long-term care insurance -0.239** -0.029***

(0.096) (0.009)
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Appendix Table A4.7 Explaining Reverse Mortgage Product Knowledge using a Factor 

Weighted Index and IRT scores - continued 

 
Note: This table presents the results from OLS regressions of the reverse mortgage product knowledge index on 

respondent characteristics. Knowledge index is constructed using Bartlett factor scores as weights for the 22 

individual items (models 1 and 2) or IRT scores for the 13 questions (models 3 and 4). Variables are defined in Table 

4.1. Standard errors are given in parentheses. *, **, and *** denote statistical significance at the 10%, 5%, and 1% 

levels, respectively.Even though it might be possible to question the validity of the single factor 

solution of the factor analysis, due to low factor loadings of some items, results are robust. A 

stepwise exclusion of those rather low-loading items, which are rmk3, rmk4, rmk11, and rmk12 

and obtaining Bartlett scores for each of the remaining 14 items still leaves the emerging pattern 

unchanged in terms of coefficient signs and variable significance.
24

 Hence, items with loadings 

which might be considered too low for inclusion are not confounding the results. 

 

  

                                                           
24

 detailed results available upon request 

(0.096) (0.009)

Sufficient savings 0.035 0.002

(0.031) (0.003)

Sufficient pension -0.009 0.003

(0.029) (0.003)

Broker trust -0.081*** -0.008***

(0.029) (0.003)

Bequest motive -0.002 0.000

(0.023) (0.002)

Risk aversion -0.059*** -0.004*

(0.021) (0.002)

Debt aversion 0.018 0.001

(0.024) (0.002)

Past home value growth 0.023 0.004

(0.044) (0.004)

Expected home value growth -0.094 -0.007

(0.072) (0.007)

Home attachment 0.008** 0.000

(0.003) (0.000)

House price fluctuations 0.022 0.001

(0.031) (0.003)

Complex -0.063** -0.003

(0.026) (0.003)

Constant -3.308*** -2.181* 0.522*** 0.619***

(1.025) (1.180) (0.097) (0.113)

Observations 557 557 557 557

Adj. R² 0.201 0.255 0.205 0.251
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Appendix A4.2 Modelling Reverse Mortgage Knowledge using Item Response Theory 

A potential drawback of the composite knowledge index is that it weights each item equally. 

Hence, it does not account for the differences in difficulty between individual items. Questions 

related to certain aspects of reverse mortgages might be answered by a larger fraction of 

respondents correctly if it is a generally easier question. To approach the potential concern of 

varying difficulty between questions, we apply item response theory (IRT) in order to explicitly 

model the probability to answer a knowledge question correctly. IRT methods are commonly 

used in developing tests and exams (for an overview of IRT methods see, e.g., StataCorp, 2015). 

The resulting item characteristic curves (ICC) are given in Figure 4.2.  

 

Appendix Figure A4.2 Item Characteristic Curves for Reverse Mortgage Knowledge Questions 

 

Note: This figure shows item characteristic curves for the 13 questions assessing reverse mortgage knowledge. The 

curves show the probability to correctly answer any of the 13 questions. Theta expresses the level of skill necessary 

to answer a question correctly. Difficulty of questions increases with Theta. The question content is given in Table 

4.2. 

 

 

Figure 4.2 shows the chance that a respondent with a given knowledge level of Theta answers a 

question correctly. Difficulty increases with Theta, which means that survey items with curves 

located more towards the right are more difficult to answer than those more to the left. Based on 

Figure 4.2, questions rmk1, rmk6, and rmk12 are the easiest and require low general knowledge 

to be answered correctly, whereas questions rmk3 and rmk4 are the most difficult in our array of 

questions. The wide spread in question difficulty provides the rationale for applying IRT to 
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account for heterogeneity in question difficulty. Instead of our composite reverse mortgage 

knowledge index, we next use the predicted IRT scores as variable indicating reverse mortgage 

knowledge. Regression results are given in Table 4.7, models 3 and 4. Compared with Table 4.4, 

coefficient signs and significance do not change. Thus, our baseline results are not confounded by 

heterogeneity in question difficulty. 
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