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ABSTRACT
In recent years, the importance of incorporating attribute
uncertainty in models of spatial choice behaviour has been
recognized in urban planning research. The majority of studies
concerned with decision-making under uncertainty assume some
a-priori probability distribution for discrete attribute levels or
continuous attribute values. Consequently, it has been implicitly
assumed that the decision maker perceives the uncertain
attributes as reflected in the presumed discrete or continuous
probability distributions. This assumption may, however, not be
necessarily true. Capturing the shape of the probability
distributions from the decision maker’s perspective likely increases
the accuracy of models of decision-making under uncertainty. The
aim of the current paper, therefore, is to develop an approach for
measuring and modelling individuals’ subjective beliefs about
uncertain attributes. The approach is illustrated using beliefs
about future mortgage rates as an example. To understand the
impact of trends in the data, we experimentally changed the
trends in mortgage rates over 20 years with 5 years intervals and
analysed the impact of such trends on subjective beliefs of
anticipated future mortgages. More specifically, four patterns of
the evolution of mortgage rates were created, i.e. monotonically
increasing, monotonically decreasing, increasing for the first four
intervals and then decreasing, and decreasing for the first four
intervals and then increasing. Results suggest that the shape of
the pattern (nature of the trend) significantly influences subjective
probability assessments of future mortgage rates.

Highlights
. Imputations of subjective probability distribution of uncertain

environment is crucial for urban and transportation planning
. The information trend on an uncertain event has significant

impact on sits subjective probability envisaged by respondents.
. Social demographic variables are significant moderators for

subjective mean and standard deviation of uncertain events.

ARTICLE HISTORY
Received 18 February 2019
Accepted 28 November 2019

KEYWORDS
Subjective probability;
decision-making under
uncertainty; housing choice

© 2020 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License
(http://creativecommons.org/licenses/by-nc-nd/4.0/), which permits non-commercial re-use, distribution, and reproduction in any
medium, provided the original work is properly cited, and is not altered, transformed, or built upon in any way.

CONTACT Soora Rasouli s.rasouli@tue.nl Groene Loper 3, 5612 AE Eindhoven. Vertigo 8.18

INTERNATIONAL JOURNAL OF URBAN SCIENCES
https://doi.org/10.1080/12265934.2020.1713862

http://crossmark.crossref.org/dialog/?doi=10.1080/12265934.2020.1713862&domain=pdf&date_stamp=2020-01-24
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:s.rasouli@tue.nl
http://www.tandfonline.com


1. Introduction

Decision-making under uncertainty represents an extensive domain of models of
decision-making, which involve uncertain/risky states of the world. Regardless of the
employed type of choice model, whether it is based on expected utility theory (von
Neumann & Morgenstern, 1953), prospect theory (Kahneman & Tversky, 1979) or
regret theory (Loomes & Sugden, 1982), the difference between uncertain and risky
states of the world needs to be clearly recognized and communicated. Knight (1921)
and Keynes (1937) highlighted differences in interpretation. They argued that while
both concepts relate to anticipated future events of which the outcome is not exactly
known, in case of risk, the decision maker knows or is told the possible outcomes and
the odds of each possible outcome, while in case of uncertainty, the possible outcomes
are not known in advance, let alone their probabilities.

This definition, however, generated substantial discussion. For instance, Hubbard
(2009) argued that long before and after Knight’s definition, uncertainty has been
measured and quantified in many disciplines including economics, psychology, sociology.
Similarly, Aven (2012) posits that if Knight’s risk/uncertainty dichotomy is adopted, the
concept of risk becomes excluded from all situations that does not involve an objective
probability, which is in contradiction with common sense and acceptable terminology
in many disciplines. This stream of criticism led to an alternative definition of uncertainty
which is related to the concept of ‘being uncertain about uncertainty’. Einhorn and
Hogarth (1986) defined unambiguous and ambiguous uncertainty. While the probability
distribution of the former can well be quantified, the distribution of the ambiguous prob-
ability is not known. A simple example is the difference between coin tosses which for
many people is an event with an objective probability of having head or tail equal to
50%, while for instance the probability of having a terrorist attack in the next 10
months cannot be known.

In many fields, including business, education, psychology and finance, belief elicitation
techniques have long been developed in order to understand subjective beliefs about
uncertain events. Techniques such as the Proper Scoring Rule (Savage, 1971) and the
Market Scoring Rule have been used to encourage respondents sharing their true belief
about uncertain events. In the majority of these studies, monetary incentives were pro-
vided, as part of controlled experiments, to guarantee honest feedback. While the original
versions of these rules were appropriate only under the assumption of maximizing
expected utility and risk neutrality, more recently, modifications have been suggested
which can be applied to alternative decision rules (Armantier & Treich, 2013; Harrison,
Martinez-Correa, & Swarthout, 2016; Offerman, Sonneman, Van de Kuilen, & Wakker,
2009). The above-mentioned methods are argued to be effective for respondents who
respond optimally to incentives. For naïve respondents, alternative methods such as the
declarative mechanism (Hao & Houser, 2012; Karni, 2009) have been recommended.

In addition, since 1960, a handful of studies looked at the influence of the order of the
presented information on the formation of beliefs. Murdock (1962), Anderson (1965),
Slovic and Lichtenstein (1971) all presented evidence of a primacy effect (overweighting
of early information) and a recency effect (overweighting of recent information). Later,
other researchers complemented this early work by designing experiments in controlled
environments. For instance, Hogarth and Einhorn (1992) concluded that primacy
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effects may be observed in simple information systems and only if the respondent is
exposed to the whole sequence of information while recency effects can be expected in
more complex information settings. Tuttle, Coller, and Burton (1997) found that the
order of information impacted market price. They witnessed a strong recency effect. Simi-
larly, Afik and Lahav (2015) developed a dynamic model of traders’ decisions. They rea-
lized that traders rely on the historical pattern of price changes until they realize the price
they are confronted does not follow the historical pattern any more. In this case, they put
more weight on the recent market trend. Barberis, Greenwood, Jin, and Shleifer (2015,
2018) presented models advocating the assumption that investors weight recent stock
market returns stronger than distant returns.

While subjective probability elicitation seems to be an active field of research and appli-
cation in many domains, in urban planning and transportation research, the discipline did
not put much effort to understand travellers’/citizens’ subjective beliefs about uncertain
events such as travel time or waiting time. Yet, it does not require much convincing
that many decisions relevant to urban and transportation planning are made under uncer-
tainty. Two research streams can be observed. In one stream of research, the level of uncer-
tainty is explicitly communicated to respondents. An example is the concept of non-linear
subjective probability, introduced originally by Preston and Baratta (1948) in economics
and later applied in many disciplines (e.g. Brandstätter, Kühberger, & Schneider, 2001;
Camerer & Ho, 1994; Gonzalez & Wu, 1999; Hogarth & Einhorn, 1990; Kahneman &
Tversky, 1979, 1984; Pommerehne, Schneider, & Zweifel, 1982; Tversky & Fox, 1995;
Tversky & Wakker, 1995; Weber, 1994; Wu & Gonzalez, 1996, 1999) has been put
forward. Some of these studies in urban planning and transportation tried to estimate
non-linear decision weights to capture the relation between given probabilities and corre-
sponding subjective ones and consequently compared different model specification. For
example, Avineri and Prashkar (2004), examining route choice behaviour, asked respon-
dents to choose between two alternative routes, whose travel times were extracted from
assumed probability distributions. They concluded that expected utility theory is violated
in the route choice problem under uncertainty because of the evidence they found on
underweighting of extreme high probabilities and inflation of small probabilities. Simi-
larly, de Palma and Picard (2005), estimating a risk aversion coefficient using different
choice models under uncertainty, asked respondents to choose between two route alterna-
tives, one deterministic and the other with the same probability (50%) of having higher
and respectively lower travel times than the deterministic travel time. In another study,
Michea and Polak (2006) investigated train travellers’ decision-making within different
behavioural frameworks using SP data. Respondents were asked to choose between two
train services with different travel time variability. They concluded that cumulative pro-
spect theory outperformed the expected utility model in representing their data.

Polak, Hess, and Liu (2008), trying to integrate expected utility theory and random
utility theory by exploring alternative specifications of attitudes towards risk (unambigu-
ous uncertainty), administered a stated choice experiment in which respondents were pre-
sented with eight choice scenarios that systematically varied uncertainty in their arrival
time at the destination due to variability in travel time. The distribution of possible
travel times, leading to a distribution of possible arrival times, was represented in terms
of equally probable arrival times. Schwanen and Ettema (2009), exploring alternative
models of decision-making under uncertainty in the context of collecting children,
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presented respondents the probability that they can pick up their children at the time they
should be collected or some minutes later. They used prospect theory and estimated the
relevant parameters for their model. Noland and Small (1995) propose a generalized
model accounting for travel time uncertainty and probability of scheduling delay
(earlier/ later) into the utility function. They formulated the optimum departure time as
a function of travel time and scheduling delay considering recurrent congestion and
non-recurrent variability in travel time. Their proposed framework could be viewed as
a general solution to similar problems that have been discussed by other authors earlier
(Black & Towriss, 1989; Jackson & Jucker, 1981; Senna, 1994). Bates, Polak, Jones, and
Cook (2001) argued that in order to consider the Noland-Small model as an acceptable
model it is unnecessary to investigate users’ response to uncertainty per se, instead their
scheduling preference can be estimated from which it is possible to infer their response
to an arbitrary uncertain travel time prospect. It is however only possible if we know
the relationship between the subjective perception of services and objective measures.
As clearly stated by Tversky and Fox (1995), this decision weight should not be interpreted
as belief.

In the second stream of research, respondents are supposed to learn about uncertain
variables by repeatedly making choices (Chen & Mahmassani, 2004; Schneider de Car-
valho, Rasouli, & Timmermans, 2016). In these cases, an a-priori distribution is
assumed and respondents are informed about the distribution correctly or incorrectly.
Respondents are then supposed to correct/build their subjective probability distribution
after repetitive choices. Common practice is to use the Bayesian updating method to con-
struct the learned distribution.

The first stream strictly speaking has been concerned about decision-making under
unambiguous uncertainty and not about decision-making under ambiguous uncertainty.
The second stream gets closer to the concept of ambiguous uncertainty but still since
primary information about the average and variance of the attribute(s) of interest is pro-
vided to the decision maker (either correct or incorrect) and the respondents start to learn/
correct this initial information, it cannot be fully viewed as the decision-making under
ambiguous uncertainty.

Thus, in all existing examples in transportation/urban planning, researchers provide the
probability of each state of the world (non-deterministic variables). Respondents may,
however, not relate to the manipulated probabilities at all. They are also not requested
to express subjective probabilities. In itself, this is not necessarily problematic, considering
the aim of these and similar studies. These studies all aim at testing key postulates of
decision-making theories and comparing the performance of different choice models
for the uncertain choice situation. If respondents understand the task and successfully
internalize the explicated probabilities of occurrence, their response patterns suffice to esti-
mate the models of interest and test assumptions about behavioural choice mechanisms
under uncertain conditions. The estimation results of these experiments allow inducing
the mechanisms respondents applied; the results may reject or support particular theories
of decision-making under uncertainty. The point is that none of these studies elicited the
perceived uncertainty of an event from the respondents. Consequently, although many
publications in urban planning and transportation research have positioned their study
as decision-making under uncertainty, the probability distributions have been well com-
municated with the respondents. Thus, respondents have explicitly been told the
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(objective) probability of various states of the World. For instance, the odds of expecting
various travel time while travelling a corridor, or the probability of arriving at a destination
few minutes earlier or later than planned/ desired arrival time.

More importantly, this approach has evident limitations once the aim of the study
shifts from testing behavioural postulates to successful modelling of decision-making
under uncertainty. If the argument is accepted that individuals act and make choices
based on their beliefs and mental representations of reality, a necessarily integral
element of any model of decision-making under uncertainty is measuring and modelling
individuals’ subjective probabilities (beliefs) of the possible states of the worlds which
eventually determine the probability of outcomes of their choice made in the real
world. It is on the basis of these personal subjective probabilities that individuals
apply a particular choice mechanism to cope with the uncertainty. We are not aware
of any systematic approach in urban and transportation planning research to elicit sub-
jective probability distributions and use the elicited subjective probability as part of a
decision choice mechanism

To further position the present study and articulate its contribution, ignoring the differ-
ence between unambiguous and ambiguous uncertainty for now, it is important to realize
that the number of studies about decision-making under uncertainty in transportation and
urban planning is quite limited compared to many other domains. The relatively limited
interest in models of decision-making under uncertainty is at variance with the relevance
of the topic for both daily activity-travel choices and long-term life trajectory decisions
that affect spatial choice processes. Travel times are inherently uncertain. Individuals
can never be perfectly sure how long it takes to find a vacant parking lot in crowded
parts of the city. People have to consider uncertain events when scheduling appointments.
As for long-term lifecycle decisions such as buying a car or a new house, future prices and
interest rates are uncertain and therefore may affect purchase decisions of cars, houses and
other luxury goods. These are just a few examples illustrating how uncertainty is an
inherent property of many of the short-term and long-term spatial decisions people
make on a (non) daily basis that are relevant to judge the feasibility and impact of
urban and transportation planning interventions.

Ignoring uncertainty in modelling decision-making processes may be justifiable for
long-term strategic planning in the sense that the uncertainty in the decision-making
process may be small relative to model uncertainty and scenario uncertainty. However,
the ever-increasing importance of urban and transportation management schemes and
the coming of smart cities necessitate theories and models of decision-making under
uncertainty given the prevalence of uncertainty on decision outcomes and therefore
urban dynamics (Rasouli & Timmermans, 2012). Moreover, as argued, when studying
decision-making under uncertainty researchers have typically formulated the topic as a
problem of decision-making under known or unambiguous uncertainty. Using a variety
of different formats to express probabilities, they have provided respondents with the
probability that a particular attribute level or event would happen. All studies commonly
assumed the possible outcomes of people’s choices and their probabilities are inherently
known or provided by the researchers in the design of the choice experiment, while in
case of decision-making under unambiguous uncertainty the possible outcomes and
their probabilities are not known. Rather they have to build subjective beliefs about the
probability of possible outcomes of future events. We are not aware of any attempts in
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the urban planning and transportation literature to measure individuals’ subjective beliefs
about the outcomes of future events.

The aim of the present study, therefore, is to develop and test a measurement and mod-
elling approach for decision-making under unambiguous uncertainty as defined above.
The development of a model of decision-making under uncertainty requires, in addition
to a model of decision-making, a model that predicts how individuals arrive at subjective
beliefs about future events. These beliefs involve an estimate of the most likely outcome
and the distribution of subjective probabilities of other outcomes. The standard deviation
of these subjective probabilities provides information about the degree of uncertainty in
subjective beliefs, while the skewness indicates the asymmetry of the beliefs relative to
its expected value. To that end, the current study does not only enrich the very limited
knowledge on how individuals process historical information to arrive at the subjective
probability of future events, but also explores the effect of the order of information pre-
sented to the respondents on their beliefs.

In this remainder of this paper, we will suggest a way to measure and analyse such sub-
jective estimates of future events. The approach will be tested and illustrated using housing
choice as an example. To that end, we first propose and explain a method for the measure-
ment of subjective beliefs. Next, we discuss the data collection process and the socio-
demographic characteristics of the sample. We then continue with the formulation of
models that predict the subjective probability distribution of individuals and discuss the
estimation results of the models. The analyses will focus on the various moments of the
subjective probability distribution. Finally, we complete the paper by summarizing the
main results, discussing how the suggested approach can be embedded in spatial choice
forecasting models and reflecting on limitations and possible future work.

2. Measuring subjective beliefs

After initial scepticism, stated preference and choice experiments have become a widely
accepted approach to measure individual preferences and choice behaviour in urban
and transportation research. In fact, it is one of the few approaches to (better) understand
decision behaviour if the phenomenon of study lacks historical data, the distribution of
data points is not balanced and observations of real-world decision outcomes are
difficult to interpret in terms of manifested preferences. Stated choice experiments system-
atically vary attribute profiles defining choice alternatives and the composition of choice
sets to allow researchers to simultaneously test assumptions regarding the integration
rule (utility, regret function, etc.), and assumptions about the decision rule. After identify-
ing the attributes of interest and their levels, an experiment is constructed that allows esti-
mating the model of interest and satisfies some additional criteria related to reliability (e.g.
attribute level balance) and/or prediction error (e.g. D-optimality). Respondents are then
invited to choose from each choice set the alternative they like best. These choice data
allow estimating the choice model of interest, provided the experimental design has the
right properties. As discussed, in case of uncertainty, researchers have used different
formats to define the possible states of the world for the concerned attributes.

This study suggests a stated choice approach of decision-making under uncertainty. It
differs from the classic stated choice modelling approaches in two respects. First, the
design of the choice experiment needs to be augmented by an approach to measure the
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subjective probability that individuals attach to certain contextual events and/or attributes
and these measurements need to be integrated in the choice experiment. Second, a choice
model should be specified which allows estimating individual choice probabilities under
uncertainty. In the present paper, we address the first issue. In principle, any model of
choice under uncertainty can be applied to address the second issue, although their per-
formance likely differs.

Rather than introducing the suggested approach in a very formal way, our explanation
is based on a specific case. We use housing choice as an illustrative example. More specifi-
cally, the aim of the study is to understand respondents’ choice mechanisms in choosing
their future house as a function of housing attributes (type, size, price and age of the
house), housing location attributes (type of neighbourhood, time to get to work, distance
to public transport) and contextual conditions (mortgage rates, changes in dwelling value,
probability of losing job and reselling the house). In this study contextual variables such as
mortgage rates, changes in dwelling price, the probability of losing one’s job and the prob-
ability of being able to resell the house which relates to the future have been considered as
ambiguous while alternative specific attributes such as type, size and current price are
certain. It is important to note that this paper focuses on the modelling of the subjective
probability that respondents attach to ambiguous future context and not the choice
mechanism.

In classic stated choice or preference experiments (e.g. Earnhart, 2002; Louviere & Tim-
mermans, 1990; Marcucci, Stathopoulos, Rotaris, & Danielis, 2011; Molin, Oppewal, &
Timmermans, 1999; Wang & Li, 2004), researchers would either decide on a set of
levels for each condition, the range of which depicting the uncertainty in the condition,
or develop a more complex experimental design, in which the probability of a particular
condition state is systematically varied and presented to respondents. This design
approach means that respondents do not have to generate their personal beliefs about
the states of the context conditions and their distribution. Rather, the experimental task
triggers them to imagine and internalize the sketched probabilistic states of the context
conditions and after self-inspection and reflection make a choice among the profiled
choice alternatives, shown in each choice scenario.

A more realistic task, closer to real-life decision-making, would invite respondents to
first express their subjective beliefs about the states of the context conditions and then,
based on these subjective beliefs rather than hypothesized probabilities, process the
profiles of the alternatives to arrive at a choice. Thus, we argue that a more valid task invol-
ving uncertain conditions, would require respondents to indicate their subjective prob-
ability of a particular state of the world, defined in terms of possible levels of these
conditions.

In general, the concept of subjective probability concerns our beliefs about some future
event. Individuals base these beliefs on previous experiences and/or on a reasoned gener-
alization of information about the historical development of the observations. Based on
the same previous information, different people may produce different probabilities of
the possible states of the future event.

The central research question is how individuals’ process such information to arrive at
their subjective probability assessments. Do they simply average the available or provided
information? Do they extrapolate trends? In case of non-linear or non-monotonic trends,
do they weigh higher more recent information? The experiment was designed to provide
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an answer to these questions and develop the measurement procedure. To that end, we
created hypothetical historical data for mortgage rates and changes in dwelling price for
the years 1995, 2000, 2005, 2010 and 2015. We asked respondents what they think mort-
gage rate/changes in dwelling price will be in 2020, considering the given historical data.
To control the variation and trends in the data, four blocks of historical data with four
trends in mortgage values were created. All four trends incorporated in a specific historical
data block have the same average and variance. The data were, however, re-arranged
across time to create four different trends; i.e. monotonically increasing (pattern 1), mono-
tonically decreasing (pattern 2), increasing with a downward bifurcation during the last
period (pattern 3) and a decreasing trend with an increase in the last period (pattern 4).

Figures 1–4 illustrate the four trends in mortgage rates. The minimum and maximum
value for the mortgage rate was assumed to be 1 respectively 8% which has been commu-
nicated to the respondents from the beginning. Respondents were asked to give their best

Figure 1. Four trends for mortgage rate with average 3% and standard deviation 1.58.

Figure 2. Four trends for mortgage rate with average 4% and standard deviation 1.58.
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guess for the value of mortgage rate in 2020, given the hypothetical trend. Since four blocks
with four trends each lead to 16 combinations, the resulting task was deemed too demand-
ing. To avoid the burden of completing all 16 tasks, each respondent was randomly
assigned 2 out of the 4 blocks and requested to complete the 2 × 4 = 8 tasks.

It is worth mentioning that the best guess for mortgage rate could not be lower than 1%,
while they were free to express the maximum rate without any restriction. For this situ-
ation, the range that contains the best guess would be placed on the first level.

Next, in order to measure respondents’ subjective probability distributions, their best
guess was considered as the middle level of the distribution and personalized upper and
lower levels were constructed to elicit their beliefs. More specifically, one and two percen-
tage points lower than their best guess and one and two percentage points higher than
their best guess were treated as attribute levels. For instance, if their best guess was 5%,
the customized five levels are 3%, 4%, 5% (the best guess), 6% and 7%. Next, respondents

Figure 3. Four trends for mortgage rate with average 5% and standard deviation 1.58.

Figure 4. Four trends for mortgage rate with average 6% and standard deviation 1.58.
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were asked to indicate how likely they felt the mortgage rate would be at these levels in
2020. They were guided to give the highest subjective probability to their best guess.
The sum of all probabilities across the five levels was checked to be equal to 100%. Respon-
dents were also allowed to give the same probabilities to all five levels, indicating a uniform
distribution. Thus, the dispersion of their responses reflects the subjective uncertainty they
attach to the evolution of future mortgage rates, a uniform distribution reflecting
maximum uncertainty and a minimum uncertainty reflected in a 100% probability for
the best guess.

3. Data collection and sample characteristics

The experiment was embedded in a larger survey, which also solicited personal infor-
mation. Before administering the experiment, several pilot tests among PhD students,
co-workers and randomly selected respondents were conducted. These tests were meant
to optimize the choice of wording and the explanation of the experiment. In addition,
these tests were conducted to better understand the difficulty of completing the task
and the time it takes for respondents to provide the answers. The pilots improved the
explanation and wording of the tasks, and after two rounds no more further changes
were made.

The data were collected using a Web-based survey instrument, developed in our group,
among 2002 respondents in March 2015. This instrument has the same functionality as
commercial software, but unlike the commercial software, has several options to admin-
ister stated choice experiments, such as randomization of choice sets and attributes, enfor-
cing block structures, using non-verbal representations, etc. Moreover, it avoids a
substantial amount of manual work and the corresponding risk of making mistakes
because it guarantees the consistency in the randomization of elements of the design
and the coding of the data matrix used for the analyses.

Respondents were randomly selected from a national panel, which is said to be repre-
sentative of the Dutch population (http://www.panelclix.co.uk/panel/representative.htm).
The use of the Web-based survey instrument is essential to administer the experiment. In
addition to the general reasons above, recall that attribute levels are pivoted, and that the
elicitation of the subjective probabilities distribution involves subjective best guesses as
starting points. Moreover, the provided probabilities were checked to sum to 100%.
Also, blocks were randomly assigned to respondents, while choice scenarios were random-
ized within blocks to avoid ordering effects. Such sophistication in design implementation
and data checking protocols requires an interactive survey instrument.

Since each individual is asked to complete eight tasks indicating their subjective forecast
of the mortgage rates in 2020, the total number of reported forecasts across all respondents
is 2002*8 = 16016. However, several respondents did not properly/completely answer all
choice tasks. In the end, 9991 useful observations for the best guess and 8379 correct
observations for the perceived uncertainty (standard deviation) related to the mortgage
rate were realized.

The data that has been used for the analysis relates to 50.3% males and 49.7% females.
Moreover, 8.70% has an income of less than 625 Euro per month, 10.8%, 22.8% and 29.3%
earn between 625–1250 Euro, 1250–1875 Euro and 1875–2500 Euro, respectively. Seven-
teen percent and 11.4% of the sample belongs to the top income levels, which cover 2500–
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3125 Euro and more than 3125 Euro per month. As for the age of the sample, 3.9% is
between 18 and 25 years old, 84.6% belongs to the 25–65 age category, 10.5% of the
sample is between 65 and 75 years of age, and 1% is older than 75.

3.1. Descriptive analyses of the trends

3.1.1. Anticipated averages
Before discussing model development and estimation, we first report some descriptors of
the collected data, summarized in Tables 1 and 2. Table 1 summarizes the answers for the
average perceived, anticipated mortgage rate in 2020 for each block and each pattern in the
block separately. Interestingly, although the average values of the historical mortgage rate
of all trends of each block are the same, the values under the column ‘Average best guess’
for the mortgage rate in 2020 clearly shows that the anticipated mortgage rate shows a
strong recency effect. For pattern 1, in which the mortgage rate is monotonically increas-
ing, in all cases, the anticipated mortgage rate in 2020 is higher than the last rate in 2015,
except for block m41 for which the last mortgage rate was already 8% and the average best
guess for the mortgage rate in 2020 is slightly lower (7.86%). It suggests that individuals try
to identify a trend in the data and judge it against their knowledge of possible develop-
ments that curb the identified trend.

An examination of pattern 2, however, where the trend is continuously decreasing,
shows that the only block for which the best guess value of the mortgage rate in 2020 is
lower than the one reported for 2015 is block 4. Note that in this bock the mortgage
rate value for 2015 is already relatively high. The average best guess for pattern 2 of the
first two blocks is close to the average of the historical data of pattern 2, while for block
3, the average anticipated mortgage rate is slightly higher than the value reported for
2015. For block 4, where the value of mortgage rate in 2015 is relatively high, the
average best guess for 2020 is slightly lower than the mortgage value in 2015. In other
words, while people assume the increasing trend of the mortgage rates will continue in
the future, they do not stipulate the decreasing trend will continue. Rather, they anticipate

Table 1. Average best guess and standard deviations for mortgage rates in 2020 by block and trend.

Block Trend 1995 2000 2005 2010 2015
Average
best guess

Standard
deviation
best guess

Average
perceived standard

deviation

Standard
deviation

perceived std

m1 m11 1% 2% 3% 4% 5% 5.57% 1.31 0.57 0.54
m12 5% 4% 3% 2% 1% 3.47% 1.03 1.23 0.64
m13 1% 2% 3% 5% 4% 3.87% 1.22 0.60 0.53
m14 5% 4% 3% 1% 2% 3.62% 1.08 0.64 0.56

m2 m21 2% 3% 4% 5% 6% 6.39% 1.54 0.57 0.52
m22 6% 5% 4% 3% 2% 3.58% 1.25 1.10 0.66
m23 2% 3% 4% 6% 5% 4.56% 1.19 0.59 0.51
m24 6% 5% 4% 2% 3% 4.30% 1.18 0.59 0.51

m3 m31 3% 4% 5% 6% 7% 7.07% 1.73 0.60 0.54
m32 7% 6% 5% 4% 3% 3.70% 1.18 0.85 0.48
m33 3% 4% 5% 7% 6% 5.24% 1.10 0.60 0.52
m34 7% 6% 5% 3% 4% 4.86% 1.04 0.62 0.52

m4 m41 4% 5% 6% 7% 8% 7.86% 1.94 0.60 0.53
m42 8% 7% 6% 5% 4% 3.87% 1.24 0.60 0.53
m43 4% 5% 6% 8% 7% 6.00% 1.25 0.61 0.53
m44 8% 7% 6% 4% 5% 5.63% 1.13 0.60 0.53
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that in the latter case the mortgage rate in 2020 is closer to the average of the historical
mortgage rates. This phenomenon can be attributed to an overall pessimistic point of
view of respondents. Pattern 3 displays the trend in which the first three mortgage
values are increasing and then the trend changes in direction between 2010 and 2015.
The results show that the average best guess in all four blocks is lower than the mortgage
value in 2015. It demonstrates that, on average, respondents assume that the last down-
ward trend will continue until 2020. This finding may point at a recency effect. This
finding is in line with Afik and Lahav (2015), who concluded that when the pattern is
not clear to traders, they tend to rely on recent information.

The same conclusion, although in reverse direction, can be made about pattern 4. This
pattern shows a downward slope for the first three intervals and has a bifurcation point in
2010 when the mortgage rate shifts from a decreasing to an increasing trend between 2010
and 2015. Again, the average best guesses in all blocks for this pattern are higher than the
mortgage value in 2015, implying that people anticipate the increasing trend of the last
interval to continue.

3.1.2. Uncertainty in beliefs
Since respondents were also asked to indicate the probability of each of the customized
intervals around their best guess, their perceived standard deviation was calculated and
is presented in the column ‘average perceived standard deviation’. The standard deviation
can be viewed as an indication of the uncertainty of the respondents’ responses about
future mortgage rates in 2020. Interestingly, an examination of these values reveals that
in all blocks the perceived standard deviation of pattern 1 is the lowest. Pattern 1 is the
pattern with monotonically increasing mortgage rates and generally, it received the
highest perceived average as shown in column 8 of the table. So it seems respondents
feel less uncertain about their best guess about the future mortgage rate when the historical
data show a consistent continuous upward trend. In this case, they assume the upward
trend will continue. The widest perceived spread in the distribution of future mortgage
rates occurs when the historical data display a monotonic decline (pattern 2). It may
imply that although general pessimistic behaviour motivates them not to expect the down-
ward trend continue but they are least certain because the historical data shows otherwise.

3.1.3. Asymmetric beliefs
In order to complete the analysis of mortgage rate perception along with the perceived
uncertainty around it, we decided to model the skewness of the perceived distribution
as well. Zero skewness was considered to be the base and two separate models were devel-
oped to capture the determinants of right as well as left skewness.

3.2. The models

In total, 5 models were estimated. The first 3 models account for modelling the future best
guess of the mortgage value, while the last two models concern predicting uncertainty
around this best guess. By having predicted all the above-mentioned aspects, the subjective
probability can be constructed (which is the ultimate goal of the current study). More
specifically, model 1 and model 2 serve as a descriptive/ partial predictive model for the
future mortgage rate. It is partially predictive because the type of trend is assumed to
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be known a prior. Model 3 predicts the future mortgage without including the pattern
type. For that reason, model 3 is closer to a pure predictive model. A summary of
model characteristics is shown in Table 2.

3.2.1. Anticipated mortgage rates
The development of an approach for modelling choice behaviour under ambiguous uncer-
tainty, as defined in this article, requires two additions to standard choice modelling. First,
an approach for measuring subjective beliefs needs to be developed. The previous section
outlined and illustrated a possible approach. Second, to generalize the results and ensure
the data are processed such that they can be used in subsequent choice modes, a model
needs to be formulated and estimated to predict respondents’ distributions of anticipated
future values of the uncertain attributes and/or context conditions. In this section, this
challenge is addressed.

Our special interest is to formulate a behavioural model that depicts the way in which
respondents process the relevant information that is provided to them to express their
beliefs of the evolution of uncertain events. Thus, in order to systematically analyse the
differences in uncertainty perception, and construct a model of the anticipated future
mortgage rate, we first formally test whether the trend in historical mortgage values
(type of pattern) influences the anticipated mortgage rate. To that end, a regression
model was estimated in which the dependent variable is the subjective estimate of the
mortgage rate in 2020 and the explanatory variables include the values of the hypothetical
mortgage rate from 1995 to 2015, a coding for the type of pattern and a set of socio-demo-
graphic variables including gender, age and income.

Let YT+1
ipk be the subjective estimate of the mortgage rate Y of individual i for the next

time period T + 1 (2020) given pattern p in choice situation k. If we assume that individ-
uals make such judgments based on their cognitive processing of previous trends, a poss-
ible model would be

YT+1
ipk = a+

∑T−1

n=0

b(1− b)nYT−n
pk + wpXP + Zig+ 1ipk (1)

In this model, a is the constant, which captures the average guess when no covariates
entering the model. b is the influence of historical data on the best guess for the future.
If b turns out to be between 0 and 1, it can be concluded that the effect of past events
decreases by increasing the time span between the data point and the future. XP is a
coded variable for the type of pattern and wp captures the influence of the pattern on

Table 2. Characteristics of the models.
Dependent variable Independent variables

Model 1 Future mortgage rate Time discounted effect Type of pattern Gender Age Income
Model 2 Future mortgage rate Time discounted effect*

type of pattern
Gender Age Income – –

Model 3 Future mortgage rate Time discounted effect Gender Age Income – –
Model 4 Uncertainty of future

mortgage rate
Perceived future
mortgage rate

Type of pattern Gender Age Income –

Model 5.1
and 5.2

Skewness Perceived future
mortgage rate

Perceived standard
deviation of future
mortgage

Gender Age Income –
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the anticipated future mortgage rate. Zi is a vector of socio-demographic variables for
individual i while g represents the influence of these socio-demographics on the antici-
pated future mortgage rate. Age, gender and income are social demographic and economic
variables considered in the analysis.

This model assumes that the parameter b is invariant across the different patterns. In
order to investigate whether the effect of historical information about mortgage rates on
individual’s prediction of future rates significantly differs between patterns, an alternative
model was also tested. In this model, separate coefficients (b) were estimated for the
influence of historical data in each pattern. In other words, the difference between
models 1 and 2 is that while in model 1 the effect of historical data and type of pattern
were entered the equation independently, in model 2, the historical data and patterns
interacted and the discounted effect was estimated for each pattern separately. Model 2
is presented in Equation (2).

YT+1
ipk = a+

∑T−1

n=0

bp(1− bp)
nYT−n

pk XP + Zig+ 1ipk (2)

Although both models 1 and 2 give insight in subjective future mortgage rates as a func-
tion of the evolution of the values, the models are best viewed as descriptive models in the
sense that the pattern is assumed known a-priori. In this study, the patterns were explicitly
constructed from controlled principles, but in reality, they will show more variation, are
less clear and are not controlled by the researchers. Consequently, if the purpose is to
use the model to predict subjective beliefs of future uncertain events for a longer period
of time, models 1 and 2 cannot be used for predicting the evolution of subjective probabil-
ities of uncertain events. To develop a predictive behavioural model with the possibility to
forecast people’s beliefs of future mortgage rates knowing the immediate previous time
span values of the rate, a third model is formulated. This model is the key model of
this paper.

Theoretically, we assume that for important long-term decisions, such as mortgage,
people collect information about past trends and based on the collected information
develop their subjective beliefs about the evolution of the concerned phenomenon. In
principle, this information may be in a different format, but we assume it is organized
in chronological format. Individuals then need to process the information and judge
how the chronologically ordered information will extend into the future and the uncer-
tainty involved. One extreme processing strategy is to base their beliefs on an extrapolation
of the trend reflected in the last two data points only. More generally, they may mentally
apply some weighting function to the data, with the other extreme being that all trends
suggested in subsequent data points are extrapolated and averaged with equal weights.
Because the model should ultimately be linked to demographic forecasts, we allow the
beliefs to co-vary with a set of socio-demographic characteristics.

YT+1
ik = a+

∑T
n=2

b(1− b)T−n(Yn
k + (T + 1− n)(Yn

k − Yn−1
k ))

( )

+ b(1− b)T−1Y1
k + Zig+ 1ik (3)

It is important to note that for extrapolation at least two data points are needed and
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therefore the summation in the second term has the lower band equal to 2. The third term
accounts for the first data point for which obviously no extrapolation term can be defined
and only enters the equation as a constant value with a time diminishing effect. To better
understand the logic and process, assume we would have 1%, 2%, 3%, 5% and 4% for the
mortgage rate in 1995–2015 and the purpose is to predict the mortgage rate in 2020. Data
points will be arranged as below:

1995 2000 2005 2010 2015
1 2+(4)*1 = 6 3+(3)*1 = 6 5+(2)*2 = 9 4+(1)*(−1) = 3

The mortgage rate is 1995 is 1% and it enters the equation as Y1
k , but because at least two

data points are needed, no future trend can be induced from this data point alone. The
values in the column for 2000 show that the mortgage rate is 2% in that year and four
time intervals remain until the target year (2020). We assume that an individual may
thus infer from the 1995 and 2000 data points an increasing trend of 1% leading to an
expected future value of 6% in 2020. Similarly, the data points for 2000 and 2005 reflect
an increasing trend of 1%, leading to an expected value of 6% again for 2020. The increase
suggested by the next set of consecutive data points is 2% and by the same token the
expected mortgage value in 2020 is now 9%. The last two data points suggest a decrease
of 1%, implying that an extrapolation of this trend would lead to a best guess of 3% for
2020. Two boundary conditions happen at β=1 when only the last data point matters
and β = 0 when all historical data weight the same. Because individuals may make sys-
tematic errors, constant a is added to the model. Finally, to allow for the effect of
socio-demographic variables, it is assumed that these variables may systematically increase
or decrease the best guesses.

The difference between the predictive model expressed in 3 and the descriptive models
represented by Equations (1) and (2) is that in the latter models, the knowledge about the
type of pattern is available and reflected in XP, while this is not the case in model 3.

3.2.2. Uncertainty in beliefs
A model of decision-making under uncertainty requires measurement of subjective prob-
ability distributions. The best guess and the suggested model to predict these guesses are
not enough to capture these probabilities, which represents the uncertainty in the beliefs.
In addition to the best guess, we need to measure and model the subjective probability dis-
tribution surrounding the best guess. The suggested measurement approach results in an
elicitation of subjective probabilities for different mortgage rates surrounding the best
guess. Their distribution captures the amount of uncertainty in these beliefs. The standard
deviation can be taken an indicator of this uncertainty. Thus, for the generalization, we
need to model the standard deviation of the elicited distribution of the best guesses.
Note that the respondents were not required to indicate directly the standard deviation
as it might have been difficult for them, instead the standard deviation has been calculated
based on their expressed opinion on how likely a certain value will be established interest
rate in the future.

The subjectively measured standard deviation of the beliefs is modeled as a function of
the best guess, type of pattern and selected socio-demographic variables. More specifically,

sipk = a+ bYik + wpXp + Zig+ ai + 1ipk (4)
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where sipk is the standard deviation for individual i, pattern p and choice situation k. Yik is
respondent’s i best guess for the mortgage rate in 2020 and Yik.XP is the interaction of
average best guess and type of pattern. This interaction was included in order to
capture any differences between the influence of the pattern on the perceived uncertainty
for various patterns. The remaining notation is the same as for the previous models.

The first attempt to estimate this model for the standard deviation led to a relatively low
R-squared of around 0.1. Table 1 gives a possible explanation. The last column of this table
demonstrates that the standard deviation of the perceived standard deviation is relatively
large (actually the values for the standard deviation are relatively close to the perceived
standard deviation). It means that the sample of respondents is quite heterogeneous in
their uncertainty about their best guesses. Therefore, we decided to adopt a random par-
ameters regression model to allow for heterogeneity in parameters. Consequently,

wip = �wp + h′n′i (5)

It implies that the parameter has the average value of �wp and an error terms n′iwhich is
assumed to be extracted from a standard normal distribution. Since each respondent
answers multiple situations, an extra error term capturing any consistencies across indi-
viduals (panel effect) was estimated reflected by ai.

ai � N(0, sai) (6)

It is assumed to follow a normal distribution with zero mean and standard deviation sai

3.2.3. Asymmetric beliefs
Finally, the skewness of the model needs to be generalized. To that end, two Tobit models
were estimated, one for the right and one for the left side of the subjective probability dis-
tribution. The reason for applying Tobit models is the fact that the sign for skewness is
positive. The estimated Tobit regression model can be expressed as:

sipk = a+ bYik + wpXp + hsik + lPYikXp + Zig+ ai + 1ipk (7)

where, sipk is the skewness calculated based on the responses of individual i, for pattern p
and situation k. sik is the standard deviation.

3.3. Estimation results

Table 3 documents the goodness of fit, F-test values and number of parameters for each
model. The R-squared of model 1 is 0.48, implying that almost half of the variance in
the data can be explained by the model. Models 2 and 3 have slightly lower R-squared
values. The values for the F-test demonstrate for all models that the null hypothesis
stating that the model with intercept only fits the data as good as our estimated model
is rejected.

Table 3. Performance indicators of the six models.
Model 1 Model 2 Model 3 Model 4 Model 5.1 Model 5.2

Adjusted Rho-squared 0.483 0.378 0.343 0.382* 0.742* 0.129*
F- test value 487.6 608.5 652.8 – – –
Number of parameters 12 11 9 17 15 15

*==> McFadden Rho-squared.

16 S. RASOULI ET AL.



3.3.1. Anticipated mortgage rates
The estimated coefficients for model 1 are tabulated in Table 4. β which is the influence of
historical information is equal to 0.15 and significant. The fact that the estimated value is
smaller than one proves that the influence of historical data points decreases with increas-
ing time difference between the point in time when the historical data is given and the
future point in time for which the respondents were asked to give their best estimate.
Thus, this result supports our assumption about the information processing that lead to
the formulated behavioural model. The influence of each historical data point has been
calculated based on the estimated β and the relevant year. Table 4 shows the results.

The value for the constant is 2.15. The effect of the type of trend is very intuitive.
Pattern 1, which is continuously increasing, is shown to have the largest positive effect
(1.57). Pattern 2, on the other hand, which has a monotonically decreasing pattern, has
the largest negative effect. It means that respondents who were shown to exhibit this
pattern tended to predict the future mortgage rate much lower than the average.

As for the influence of socio-demographic variables on the best guess for the mortgage
rate in 2020, gender is shown to have a significant effect with females having the tendency
to give a higher estimate. Age also has a significant albeit small positive effect on the best
guess implying that the older the people, the higher their prediction of the future mortgage
rate. However, the small value indicates that differences between people of different age are
small. For income, only two levels reveal a significant effect. In general, people with a
higher income tend to predict a lower future mortgage rate. The only exceptions are
the two groups on the two extreme sides of the spectrum (the lowest and the highest
income group).

Coefficients for model 2, in which separated weights were estimated for the historical
data for each pattern type, are depicted in Table 6. Some important observations can be
made. First, pattern 1 and pattern 2, which are either monotonically decreasing or increas-
ing, show the largest decay in the historical information effect. In other words, the differ-
ence between the influence of mortgage rate information in yr5 and yr1 is larger in
patterns 1 and 2 than in patterns 3 and 4. Second, as expected, all estimated corresponding
weights are the largest and positive in pattern 1, which means respondents tend to give a
higher expected mortgage rate for 2020 if they are shown historical information that

Table 4. Estimated coefficients model 1.
Variables Levels Coefficient Z-value Variables Levels Coefficient Z-value

Time discounted effect yr5 0.151*** 32.76 Gender Male −0.060*** −4.13
yr4 0.127 – Female 0.060 –
yr3 0.108 – Age – 0.006*** 6.45
yr2 0.092 – Income < 625 0.042 1.00
yr1 0.078 – 625–1250 0.099*** 2.72

Constant – 2.156*** 29.60 1250–2500 0.019 0.71
Type of patterns Pattern 1 1.567*** 62.82 2500–3125 −0.036 −1.45

Pattern 2 −1.143*** −45.84 3125–3750 −0.079** −2.55
Pattern 3 −0.215*** −8.82 >3750 −0.045 –
Pattern 4 −0.209 –

Notes: yr5 = mortgage value in 2015, yr4 = mortgage value in 2010, yr3 = mortgage value in 2005, yr2 = mortgage value in
2000, yr1 = mortgage value in 1995.

Pattern 1: monotonically increasing, Pattern 2: monotonically decreasing, Pattern 3: the first four data points increase and then
decrease and Pattern 4: the first four data points decreases and then increase.

***, **, * ==> Significant at 1%, 5%, and 10% level, respectively.
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follows pattern 1. On the other hand, pattern 2 has the largest negative estimated value,
which implies the largest negative influence of incrementally decreasing historical mort-
gage information on respondents’ prediction rate for 2020. Patterns 3 and 4 which both
have bifurcation points in the year 2010 have corresponding positive and negative
effects with values lower than patterns 1 and 2 respectively. However, as stated before,
the distinction between the effects of historical information is not as much compared to
patterns 1 and 2. In addition, the estimated weight for pattern 3 is very small, although
significant. It means that pattern 3 has a closer effect to the average on the perceived mort-
gage rate than all other patterns.

The effects of socio-demographic variables are very similar as in model 1. Males tend to
predict a lower mortgage rate than females do. Older respondents tend to anticipate sig-
nificantly higher future mortgage rates in 2020. The absolute value of the effect is small. As
for the income effect, increasing income is associated with lower anticipated mortgage
rates. The exceptions are the two income groups on the two extreme sides of the spectrum
(Table 5).

The estimation results of model 3 are listed in Table 6. The discounted time effect was
taken into account similarly as in the previous model by estimating the power value of the
estimated parameters (assuming the value of the parameter is less than one). The dis-
counted effect of time was estimated as 0.125. It is significant at the 1% probability
level indicating that the influence of historical data indeed decreases as time elapsed.
That is, in processing the information, the weight that respondents attached to the infor-
mation exponentially decrease with the longer ago a particular mortgage rate was
observed. This value is slightly lower than the corresponding one in the previous
model. The influence of socio-demographic variables is very similar to their estimated
effects in models 1 and 2.

Table 5. Estimated coefficients model 2 (Perceived average with interaction).
Variables Levels Coefficient Z-value Variables Levels Coefficient Z-value

Time discounted effect Pattern1, yr5 0.089*** 58.34 Constant – 4.54*** 82.26
Pattern1, yr4 0.081 – Gender Male −0.047*** −2.97
Pattern1, yr3 0.074 – Female 0.047 –
Pattern1, yr2 0.067 – Age – 0.008*** 7.33
Pattern1, yr1 0.061 – Income < 625 0.073 1.61
Pattern2, yr5 −0.071*** −72.74 625–1250 0.126*** 3.15
Pattern2, yr4 −0.076 – 1250–2500 0.004 0.15
Pattern2, yr3 −0.081 – 2500–3125 −0.062** −2.28
Pattern2, yr2 −0.087 – 3125–3750 −0.101*** −2.97
Pattern2, yr1 −0.093 – >3750 −0.04 –
Pattern3, yr5 0.0020** 2.21
Pattern3, yr4 0.00199 –
Pattern3, yr3 0.00199 –
Pattern3, yr2 0.00198 –
Pattern3, yr1 0.00198 –
Pattern4, yr5 −0.02 –
Pattern4, yr4 −0.02 –
Pattern4, yr3 −0.02 –
Pattern4, yr2 −0.021 –
Pattern4, yr1 −0.021 –

Notes: yr5 = mortgage value in 2015, yr4 = mortgage value in 2010, yr3 = mortgage value in 2005, yr2 = mortgage value in
2000, yr1 = mortgage value in 1995.

Pattern 1: monotonically increasing, Pattern 2: monotonically decreasing, Pattern 3: the first four data points increase and then
decrease and Pattern 4: the first four data points decreases and then increase.

***, **, * ==> Significance at 1%, 5%, and 10% level, respectively.
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3.3.2. Uncertainty in beliefs
The estimation results of the model that predicts the standard deviation of the elicited
beliefs are presented in Table 7. McFadden Rho-squared for model 4, which is a
random parameter model, is 0.382. The values in Table 7 show that in general the
larger the value of the anticipated mortgage rate for 2020, the lower the standard deviation
as reflected in the negative value of ‘Mea=−0.042’. Moreover, the influence of the type of
pattern shows that pattern 2, which is monotonically decreasing, poses the highest uncer-
tainty in the expected future mortgage rate. It may be interpreted as to indicate that pessi-
mistic behaviour makes respondents unwilling to imagine the decreasing trend will
continue. Therefore, although the historical trend suggests a continuous downward
trend, they are least sure about the future. These results are in line with the reported
descriptive analysis reported in Table 1.

As for the socio-demographic effects, males appear to be less certain about their best
guess than females, while in general, they have lower guesses for the mortgage rate in
2020. Older people tend to be more certain about their guess, which might be related to
their experience. The effect of income is quite mixed.

3.3.3. Asymmetric beliefs
To complete the analyses, the last aspect of the subjective probability distribution of antici-
pated future mortgage rates, i.e. the skewness, was further explored. It is worth reporting
that almost 50% of responses indicate a left skewness, while only 17% has a rightly skewed
distribution. It leaves 33% of responses with zero skewness. For that reason, the model

Table 6. Estimated coefficients model 3 (Anticipated average).
Variables Levels Coefficient Z-value Variables Levels Coefficient Z-value

Time discounted effect yr5 0.125*** 59.58 Age – 0.005*** 4.66
yr4 0.109 – Income < 625 0.032 0.67
yr3 0.095 – 625–1250 0.097** 2.34
yr2 0.083 – 1250–2500 0.014 0.44
yr1 0.073 – 2500–3125 −0.039 −1.41

Constant – 2.333*** 36.35 3125–3750 −0.075** −2.11
Gender Male −0.054*** −3.30 >3750 0.290 –

Female 0.054 –
***, **, * ==> Significant at 1%, 5%, and 10% level, respectively.

Table 7. Estimated coefficients model 4 (Perceived uncertainty/standard deviation).
Variables Levels Coefficient Z Variables Levels Coefficient Z

Non random parameters Means for random parameters
Constant – 1.214*** 75.53 Means Mea −0.042*** −17.53
Gender Male 0.017*** 4.71 Type of pattern Pat1 −0.25*** −2.80

Female −0.017 – Pat2 0.202*** 30.97
Age – −0.007*** −26.69 Pat3 −0.088*** −10.18
Income < 625 −0.053*** −5.20 Pat4 −0.089 –

625–1250 0.0094 0.99 Scale parameters for distribution of random parameters
1250–2500 0.019*** 2.84 Means Mea 0.087*** 117.76
2500–3125 0.017*** 2.69 Type of pattern Pat1 0.007 1.15
3125–3750 −0.002 −0.20 Pat2 0.153*** 30.64
>3750 0.009 – Pat3 0.002 0.22

Pat4 –
Std of Panel effect – 0.338*** 219.49

***, **, * ==> Significant at 1%, 5%, and 10% level, respectively.

INTERNATIONAL JOURNAL OF URBAN SCIENCES 19



performance of the left-skewed data is better than for the right-skewed data, as reflected in
Table 4. The values in Tables 8 and 9 suggest that in general, a larger perceived standard
deviation induces larger skewness. Moreover, if respondents anticipate a higher future
mortgage, they are less likely to be uncertain towards the lower values demonstrated by
the negative albeit small in magnitude coefficient of model 5.1 (−0.005). The effect of
gender shows than males have the tendency to demonstrate their uncertainty about
future mortgage rates towards lower values, reflected by the positive and significant sign
in model 5.1 (0.006). The effect of age appears significant, although small in magnitude,
with older people tending to be uncertain symmetrically towards lower and upper
values reflected by negative coefficients in model 5.1 and 5.2. The effect of income is
quite mixed. The panel effect is highly significant in both models.

4. Conclusions and discussion

Although the topic of decision-making under uncertainty shows emerging interest among
scholars in urban and transportation planning, a review of the literature indicates that in
all relevant studies, the probability of an uncertain event has been a-priori assumed. Tech-
nically, this means that the models are models of decision-making under unambiguous/
objective uncertainty. Moreover, in very few cases, weighted probability functions have
been estimated based on the choices respondents make, but due to estimation challenges,
even in the majority of the already very limited number of studies, the parameters of the
weighting functions have been simply copied from other studies pertaining to other choice
domains. The latter approach does not leave room for directly validating the estimated

Table 8. Estimated coefficients model 5.1 (Left skewness).
Variables Level Coefficient z-value Variables Level Coefficient z-value

Constant – 0.809*** 8.59 Gender Male 0.006*** 3.87
Type of patterns Pattern 1 −0.0028 −0.46 Female −0.006 –

Pattern 2 0.0319*** 6.44 Age – −0.0009*** −8.75
Pattern 3 −0.0193*** −3.17 Income < 625 −0.006* −1.66
Pattern 4 −0.0098 – 625–1250 −0.008* −1.75

Perceived Means – −0.005*** −4.42 1250–2500 −0.004 −1.50
Perceived Standard deviation – 0.557*** 103.14 2500–3125 0.021*** 8.08
Std of Panel effect – 0.435*** 272.79 3125–3750 −0.021*** −6.95
Random effect – 0.123 158.03 >3750 0.018 –
***, **, * ==> Significant at 1%, 5%, and 10% level, respectively.

Table 9. Estimated coefficients model 5.2 (Right skewness).
Variables Level Coefficient z-value Variables Level Coefficient z-value

Constant – −3.634*** −10.04 Gender Male 0.098 1.55
Type of patterns Pattern 1 0.125 0.71 Female 0.039 –

Pattern 2 −0.214 −1.42 Age – −0.016*** −3.54
Pattern 3 0.052 0.38 Income < 625 −0.039 −0.21
Pattern 4 0.037 – 625–1250 −0.416** −2.29

Perceived Means – 0.069 1.42 1250–2500 0.288** 2.52
Perceived Standard deviation – 6.627*** 33.03 2500–3125 0.081 0.8
Std of Panel effect – 1.016*** 23.80 3125–3750 0.263** 2.20
Random effect – 2.451*** 298.54 >3750 −0.177 –
***, **, * ==> Significant at 1%, 5%, and 10% level, respectively.
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subjective probability function. In turn, it assumes a certain choice mechanism for the
decision-making and mathematically estimates subjective probability accordingly.

If we reflect on actual decision-making, in most cases the probabilities or probability
distribution driving uncertainty is not known. Consequently, the models that have
appeared in the urban and transportation planning literature have only modest applica-
bility as they fail to model the subjective beliefs that people hold about the uncertainty.
This state of the art implies that urban planning and transportation research has not
yet developed an apparatus to measure and model subjective beliefs of uncertain events
that are needed to have comprehensive of decision-making under uncertainty. Prior
studies have attempted to test behavioural principles of decision-making under unambigu-
ous uncertainty. Although this is very valuable and has provided important insights into
the (lack of) empirical relevance of particular theories, it is not enough to build and apply
large-scale models of decision-making under uncertainty. This paper is an endeavour to
elicit and capture decision makers’ subjective probabilities about uncertain events.

To achieve that, an experiment about the evolution of mortgage rates was designed.
More specifically, four hypothetical trends (monotonically increasing/ decreasing,
increase/ decrease for the first three-time intervals and then decrease/ increase) were
assumed for the years 1995–2015 and presented to respondents. Confining the illustration
to mortgage rates, based on respondents’ best guess for the expected mortgage rate value in
2020, five different (non)linear regression/Tobit models were specified and estimated. The
models elicit/predict the best guess, the covariates of respondents’ best guesses, the extent
they are (un)certain about their best guess and whether they are pessimistic or optimistic.
The latter is related to the left or right skewness of their uncertain future mortgage predic-
tion. Thus, this paper outlines a systematic experimental approach to measure and esti-
mate respondents’ subjective probability estimates of future uncertain events.

Examining themodels’ outcomes sheds light on the information ordering effects on sub-
jective belief with special reference to mortgage rates. More specifically, results suggest that
in general monotonically increasing historical values lead people to extrapolate and there-
fore lead to the highest estimates of the futuremortgage rate while amonotonically decreas-
ing trend has the reverse effect. These findings are in line with handful other research in the
field of psychology and financial economics suggesting that people tend to assume stable
historical trends will continue in the future (Hogarth & Einhorn, 1992; Barberis et al.,
2015; Barberis, Greenwood, Jin, & Shleifer, 2018). In addition, a recency effect was observed
especially when a stable historical trend cannot be recognized. This observation adds to the
accumulated knowledge in other fields indicating that higher weights are attached to more
recent pieces of information.

As for the elicitation of subjective probability, the results suggest that if respondents
predict a relatively high future mortgage rate, it is more likely they are more certain
about their prediction. The skewness, regardless of its direction, increases with respon-
dents’ increasing uncertainty about their best guesses. Moreover, a remarkable distinction
was found for gender. Males tend to give a lower value for the future mortgage rate but
they are more uncertain about it. The comparison between females and males who are
uncertain about their predicted mortgage rate suggests that males’ uncertainty is more
likely biased towards lower values. Age also appears to have a significant albeit small
effect in magnitude. Older people tend to predict a higher future mortgage rate with
higher certainty than younger people. The effect of income is relatively mixed.
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The current study has some potential limitations which are worth mentioning and that
should be addressed in future work. First, the specification of the various models may be
further explored. We view the current model specifications as a benchmark. For example,
not all models have included unobserved heterogeneity. In part, this is due to our decision
to incrementally improve the models until an acceptable model performance was
achieved. In part, it is also related to the fact that we viewed some models as descriptive
models and others as behavioural models. Second, the current version assumes that the
processing principle is invariant across all socio-demographic variables. We assume that
the socio-demographic covariates generally shift the expectation, standard deviation
and asymmetry of the derived subjective probability distribution. In future work, the per-
formance of models in which we allow the processing parameter to depend on the covari-
ates plus unobserved heterogeneity can be examined.

Another potential limitation of the current method and modelling approach is that it
assumes chronologically organized information. While the existence of such information
seems plausible for mortgage rates, housing prices and other similar phenomena, it may be
less realistic to other events. Moreover, in our experiment, we visualized the trends, which
raises the methodological question about the effect of visual representation on the subjec-
tive probability distribution. Thus, future work should address these issues and extend the
approach to the construction of more comprehensive mental representations of different
sources of information and personal knowledge that are activated when making subjective
probability judgments.

Finally, results are of course limited to one data set. Replication studies are needed to
better assess the suggested approach. However, we argue that we have provided sufficient
evidence of the potential of the suggested measurement and modelling to further explore
and refine the approach.

The implications of this study for academic research is that it provides an approach for
advancing and applying models of decision-making under ambiguous uncertainty as
opposed to models of decision-making under ambiguous/ objective uncertainty.

Replacing the usually assumed probability distributions with the elicited subjective
beliefs creates the stage to apply context-dependent choice model under uncertainty
such as prospect theoretic models or regret minimizing models. In case of large-scale
applications that involve a synthetic population of decision agents, the socio-demographic
covariates can be used to match the synthetic population to the models generalizing the
subjective probability distributions. The approach allows researchers to more accurately
allocate heterogeneous subjective probability distributions of uncertain events to individ-
ual agents that differ in their socio-demographic profiles.
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