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Abstract
We quantify differences in attitudes to loss from individuals with different demo-
graphic, personal and socio-economic characteristics. Our data are based on 
responses from an online survey of a representative sample of over 4000 UK resi-
dents and allow us to produce the most comprehensive analysis of the heterogene-
ity of loss aversion measures to date. Using the canonical model proposed by Tver-
sky and Kahneman (1992), we show that responses for the population as a whole  
differ substantially from those typically provided by students (who form the basis  
of many existing studies of loss aversion). The average aversion to a loss of £500 
relative to a gain of the same amount is 2.41, but loss aversion correlates signifi-
cantly with characteristics such as gender, age, education, financial knowledge,  
social class, employment status, management responsibility, income, savings  
and home ownership. Other related factors include marital status, number of chil-
dren, ease of savings, rainy day fund, personality type, emotional state, newspa-
per and political party. However, once we condition on all the profiling character-
istics of the respondents, some factors, in particular gender, cease to be significant,  
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suggesting that gender differences in risk and loss attitudes might be due to other  
factors, such as income differences.

Keywords  Loss aversion · Gender effects · Expected utility · Risk attitudes · Survey 
data

JEL Classification  G40 · D40 · C83 · C90

1  Introduction

The simplest canonical models in economics assume that agents have identical prefer-
ences and that they maximise the expected value of a concave utility function. In this 
paper, we use survey data to contribute to the literature both on heterogeneous agents 
and on more sophisticated models of human behaviour. Our data are collected from 
a survey of 4016 respondents who form a representative sample of individuals in the 
United Kingdom and we are able to correlate loss aversion and risk attitude with a rich 
set of demographic and socio-economic variables, as well as self-reported character 
traits such as optimism and competitiveness. Using the standard parametric model of 
loss aversion first proposed by Kahneman and Tversky (1979), we show that responses 
are consistent with loss aversion, but that attitudes to risk in both the gain and loss 
domains are significantly correlated with reported characteristics of the respondents. 
We contrast our results with those of comparable studies which are frequently based on 
the analysis of university students and show that such students are unrepresentative of 
the population as a whole.

For at least fifty years, economists have been aware that the expected utility (EU) 
model might not fully capture consumer behaviour under risk (Allais 1953; Rabin and 
Thaler, 2001; Samuelson 1963) and this has led to a range of more general models 
being proposed. Simply put, the EU model assumes that the objective function depends 
on two components: first, the value (or utility, loosely defined) of a state depends upon 
the consumption or wealth in that state without regard to how it was reached; second, 
when considering more than one possible outcome, the different states of the world are 
weighted by the subjective probability of each state occurring. In the specific example 
of the EU model, the objective function is:

where u
(
ci

)
 is a standard increasing and concave utility function depending upon 

consumption (or wealth) in each state i and pi is the associated probability of that 
state occurring.

Kahneman and Tversky (1979) suggested changing both of these components so 
that the objective function becomes:

(1)
∑

i

piu
(
ci

)

(2)
∑

i

w
(
pi

)
v
(
xi
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replacing the standard utility function with a more general value function and 
weighting the outcomes not by the probabilities but by a function of the probabilities.

In this paper, we confine our analysis to the standard model proposed by Tversky 
and Kahneman (1992) and hence use a widely accepted framework to compare the 
loss and risk attitudes of different respondents. In particular, we use the CRRA (con-
stant relative risk aversion or iso-elastic) form of the value function which depends 
upon gains and losses, x , relative to the initial position:

where � measures “direct” loss aversion, defined as the ratio of the value of a loss of 
one unit of currency to the value of a gain of one unit of currency. The parameter � 
measures risk attitude in the domain of gains. There is risk aversion in the domain 
of gains if 𝛼 < 1 and this is higher for lower values of � ; there is risk seeking in the 
domain of gains if 𝛼 > 1 . The parameter � measures risk attitude in the domain of 
losses. There is risk seeking in the domain of losses if 𝛽 < 1 and this is higher if � is 
lower; there is risk aversion in the domain of losses if 𝛽 > 1 . There is risk neutrality 
in the relevant domain when these parameters take a value of unity.

In this paper, we estimate the value function, but we do not attempt to model the 
more sophisticated treatment of probabilities embodied in Eq. (2), i.e., to estimate 
the weighting function w

(
pi

)
 . There are two reasons for this.

First, existing studies show that the effect of the weighting function is most 
important when probabilities are close to either zero or unity. Abdellaoui et  al. 
(2008) find w(0.5) = 0.46 in the gain domain and w(0.5) = 0.45 in the loss domain, 
suggesting we can assume w

(
pi

)
= pi without a serious reduction in accuracy.  

Bleichrodt et al. (2001) suggest that using probabilities of one-third might reduce bias  
in parameter estimates, but we chose to use a probability of one half in our survey 
questions, because the 50:50 scenario is likely to involve the smallest cognitive load 
for the respondents.

Second, there are significant trade-offs that need to be made when calibrating a 
utility or value function using real-world data. Studies of behaviour in response to 
loss and risk are usually based on questionnaires of a relatively small number of 
homogeneous individuals who are typically students of the authors of those studies. 
For example, Harrison and Swarthout (2016, Table 2) list papers testing or estimat-
ing models of loss aversion and the last ten of these references analyse a total of 
twelve data sets, nine of which are based on students with a sample size ranging 
from 30 to 177 respondents. The three exceptions are Scholten and Read’s (2014) 
Yale University data set of 569 online respondents (many of whom may also have  
been students), Abdellaoui et  al.’s (2013) analysis of 65 couples and von  
Gaudecker et al.’s (2011) survey of a representative sample of 1422 individuals from the  
Netherlands. Our analysis is closest to that of von Gaudecker et al. (2011) who also 
choose to ignore the probability weighting issue. There is, however, an important 
difference in the value functions in the loss domain between their study and ours. In 

(3)v(x) =

⎧
⎪⎨⎪⎩

v+(x) = x𝛼 if x ≥ 0

−𝜆v−(x) = −𝜆(−x)𝛽 if x < 0
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the loss domain, we find that the value function is convex as a function of x , whereas 
von Gaudecker et al. (2011), using the utility function of Kreps and Porteus (1978), 
assume that disutility is concave.

The advantage of a data set involving students is that the respondents are usually 
willing (indeed required) to answer a sufficiently large number of questions—often 
about a hundred—to identify relatively complicated functional forms of both the 
value function and the weighting function; furthermore, the financial cost of recruit-
ing students is relatively low. The corresponding disadvantage is that the study only 
reveals information on student-aged individuals selected for university education 
and whose understanding of risk may be conditioned by what they have already been 
taught (since they are often Economics, Finance or MBA students). Since estimated 
utility and value functions might be used to analyse the savings behaviour of poorly-
educated individuals or the decumulation behaviour of pensioners, using estimates 
of risk or loss aversion from such studies may be inappropriate.

Our data set is for a representative sample of the UK adult population and con-
tains a large number of variables describing the economic, social, political and per-
sonal characteristics of the respondents. The trade-off from having access to such a 
rich data set is that we were unable to ask a large number of questions because the 
agency conducting the survey was concerned that if the experiment was too onerous 
it might put off respondents from completing it. The average time spent by respond-
ents on the questions we asked was 29 min, shorter than the time reported in many 
experimental studies, which is typically between 40 min and 1 h. We were able to 
ask sufficient questions to identify the value function but not the weighting function.

To give a flavour of the issues that we consider, we summarise some of our 
findings in Figs. 1 and 2. Figure 1 illustrates our estimate of the value function for 
our whole sample, ignoring the heterogeneity of respondents: this figure is based 
entirely on our estimates of � , � and � in Eq.  (3). These estimated values provide  
evidence for three stylised facts: first, the S-shaped value function posited by Kahneman  
and Tversky (1979) where the value function is concave in the gain domain and con-
vex in the loss domain (whereas with EU the value function would be concave in 
the loss domain); second, the older insight (which can be traced back to Samuel-
son 1963) that the disutility of losses is greater than the utility of gains, commonly 
known as “loss aversion”; and third, that the value function is less convex in the loss 
domain than it is concave in the gain domain, i.e., 𝛽 > 𝛼 , implying that the marginal 
disutility of losses exceeds the marginal utility of gains.

We show that these three qualitative findings hold not only for the whole sample 
but for any sub-sample of the data: for example, they hold for both men and women, 
at any age, for any level of income, for any level of education, although quantita-
tively the value functions vary considerably for each subgroup.

We now turn to the issue of quantifying loss aversion more precisely, since there 
is more than one possible definition.1 A popular measure of “relative loss aversion” 
proposed by Köbberling and Wakker (2005) is:

1  We discuss this in more detail in Online Appendix  4, following the approach of Abdellaoui et  al. 
(2007).
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Fig. 1   The estimated value function for the full sample of respondents

Fig. 2   Relative loss aversion with a gain or loss of 500, Λ(500), across gender and age. Note The figure 
shows the expected value of Λ(500) and the associated 90% confidence interval. The numbers in this fig-
ure come from Table A4 in Online Appendix 2. The graph would have a similar shape if we plotted Λ(x) 
for other values of x



32	 Journal of Risk and Uncertainty (2021) 63:27–57

1 3

which measures whether there is a “kink” in the value function at the origin. The 
hypothetical sums of money considered in our survey (with a minimum monetary 
value of 10 units of currency) are too large to allow us to analyse with any confi-
dence what is happening for very small values of x close to zero and so it would be 
inappropriate for us to use this definition. For larger values of x , possibly the most 
helpful definition is that of Zank (2010), who notes that the weighting function in 
the loss domain w−(p) may differ from the weighting function in the gain domain 
w+(p), suggesting the definition of loss aversion:

However, as we have already explained, the restrictions placed on our data col-
lection mean that we shall be unable to identify the weighting function(s) and so we 
use instead the more standard definition originating from Tversky and Kahneman 
(1992):

which depends not only on the size of direct loss aversion, � , but, in general, also on 
the sizes of � , � and x . Only in the cases of � = � or x = 1 will Λ(x) equal �.

Figure 2 shows our point estimates and 90% confidence intervals for Λ(500) , esti-
mated separately for our data broken down by gender and into six age groups. There 
is a strong U-shaped relationship between loss aversion and age; there is also evi-
dence that women have slightly higher (unconditional) loss aversion than men at 
most ages. It is notable that loss aversion is highest among individuals in the age 
range 18–24, precisely the age group most likely to be analysed by studies based on 
university students.

While the associations are very strong, we do not claim that they imply a causal 
relationship since we have not controlled for other factors. To address the associa-
tion of loss aversion with reported characteristics, we now turn to a detailed descrip-
tion of our study. In Sect. 2, we describe the survey design, elicitation method and 
sample of respondents. Our results are described in Sect. 3 and Sect. 4 concludes. 
We also have five online appendices.

2 � Survey design

2.1 � Survey participants

Our experimental data are taken from a survey conducted online by market research 
agency YouGov from 9 to 17th January 2017. There were 4018 respondents, of 

(4)
v
�

↑
(0)

v
�

↓
(0)

= −�
limx↗0v−�(x)

limx↘0v+�(x)

(5)−�
w−(p)v−(x)

w+(p)v+(x)

(6)Λ(x) = −�
v−(x)

v+(x)
= −�

(−x)�

x�
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whom 4016 successfully completed the questions: the respondents were UK resi-
dents over the age of 18. Individuals provided information on 25 variables which 
we shall discuss in detail later.2 We compare the characteristics of our sample to 
the population as a whole for some significant demographic and economic vari-
ables in Table  1. Relative to the national population, the sample is marginally (i) 
underweight young individuals (aged 18–34) and overweight middle-aged individu-
als (aged 45–64), (ii) underweight those on incomes below £30,000 and overweight 
those on incomes above £30,000, (iii) overweight social class A and underweight in  
social classes C2 and D, and (iv) underweight renters and overweight owner-occupiers  
(obviously these four factors may be related). Surveys of the national population 
covering income and savings also have a lower percentage of “no answer” than our 
survey. With these caveats, the sample was considered by YouGov to be broadly 
representative of the UK population and certainly more so than studies based on 
students: we discuss the issue of student responses in Sect. 3.2.

2.2 � Estimation method

Our chosen method to elicit preferences was driven partly by the fact that respond-
ents were being asked many other questions. To collect our data, we used the meth-
odology advocated by Abdellaoui et al. (2008) which is based on the elicitation of 
the certainty equivalent of a number of different risky prospects. This method is also 
used by Abdellaoui et al. (2016), although that paper has a non-parametric model of 
preferences. Respondents are asked to choose between one risky and one certain out-
come (a “choice task”) rather than asking them to match the risky prospect with their 
own suggested certain outcome (a “match task”)—as suggested by Frederick et al. 
(2002).3 In common with many studies, the gains and losses are hypothetical rather 
than actual: there are ethical problems in imposing actual losses on respondents apart 
from the financial problems involved when sums of money are significant.4

A potential alternative method based on a choice task would be some variant of 
the “multiple price list” method used by von Gaudecker et al. (2011) and described 
in detail by Andersen et al. (2006). Unfortunately, there is no clear reason to pre-
fer one method over the other and we chose our method because of its convenience 
where time is limited and there is a corresponding need to minimise the cognitive 
burden on respondents.

2  These are gender, age, marital status, number of children, health status, two personality types, emo-
tional state at the time of completing the survey, education, financial knowledge, social class, employ-
ment status, management responsibility, employment sector, job security, income, home ownership, 
savings, ease of short-term saving, rainy day fund, region, newspaper, political party, religion, and religi-
osity.
3  Respondents can find match tasks confusing and give implausible answers (Bostic et al. 1990). In an 
earlier study, we used a match task approach, but the results contained too many inconsistent answers to 
be plausible and the study was abandoned.
4  Most previous studies have shown that the results are similar whether hypothetical or real rewards 
(e.g., Beattie and Loomes  1997; Camerer and Hogarth  1999) and losses (e.g., Etchart-Vincent and 
L’Haridon 2011) are used. However, Holt and Laury (2002) found that the use of real incentives 
increased risk aversion.



34	 Journal of Risk and Uncertainty (2021) 63:27–57

1 3

Ta
bl

e 
1  

S
ur

ve
y 

sa
m

pl
e 

br
ok

en
 d

ow
n 

by
 k

ey
 p

ro
fil

in
g 

ch
ar

ac
te

ris
tic

s

So
ur

ce
s f

or
 U

K
 p

op
ul

at
io

n:
 O

N
S 

Po
pu

la
tio

n 
Es

tim
at

es
, N

O
M

IS
 L

ab
ou

r F
or

ce
 S

ur
ve

y,
 st

at
ist

a.
co

m
. I

nc
om

e 
is

 g
ro

ss
 p

er
so

na
l i

nc
om

e.
 F

or
 th

e 
fu

ll 
de

fin
iti

on
 o

f s
oc

ia
l c

la
ss

, 
se

e 
O

nl
in

e 
A

pp
en

di
x 

5

C
ha

ra
ct

er
ist

ic
/c

at
eg

or
y

Fu
ll 

sa
m

pl
e

U
K

 p
op

ul
at

io
n

C
ha

ra
ct

er
ist

ic
/c

at
eg

or
y

Fu
ll 

sa
m

pl
e

U
K

 p
op

ul
at

io
n

G
en

de
r

Em
pl

oy
m

en
t s

ta
tu

s
 M

al
e

45
.2

%
49

%
 F

ul
l-t

im
e

40
.9

%
43

%
 F

em
al

e
54

.8
%

51
%

 P
ar

t-t
im

e
15

.2
%

15
%

A
ge

 S
tu

de
nt

4.
6%

7%
 1

8–
24

8.
7%

15
%

 R
et

ire
d

28
.8

%
21

%
 2

5–
34

10
.9

%
17

%
 N

ot
 w

or
ki

ng
8.

1%
15

%
 3

5–
44

15
.7

%
16

%
 N

o 
an

sw
er

2.
4%

 4
5–

54
20

.8
%

17
%

In
co

m
e

 5
5–

64
23

.4
%

13
%

 B
el

ow
 £

15
,0

00
26

.3
%

32
%

 6
5 

&
 o

ve
r

20
.5

%
22

%
 £

15
,0

00
–£

29
,9

99
26

.3
%

30
%

M
ar

ita
l s

ta
tu

s
 £

30
,0

00
–£

49
,9

99
14

.1
%

12
%

 M
ar

rie
d/

liv
in

g 
w

ith
 p

ar
tn

er
63

.3
%

63
%

 £
50

,0
00

 &
 a

bo
ve

5.
2%

5%
 S

in
gl

e
25

.0
%

25
%

 N
o 

an
sw

er
28

.1
%

22
%

 W
id

ow
ed

/s
ep

ar
at

ed
/d

iv
or

ce
d

11
.7

%
12

%
Sa

vi
ng

s
So

ci
al

 c
la

ss
 B

el
ow

 £
10

00
23

.4
%

31
%

 A
—

H
ig

he
r m

an
ag

er
ia

l, 
ad

m
in

, p
ro

fe
ss

io
na

l
16

.1
%

4%
 £

10
00

–£
99

99
20

.3
%

23
%

 B
—

In
te

rm
ed

ia
te

 m
an

ag
er

ia
l, 

ad
m

in
, p

ro
fe

ss
io

na
l

21
.6

%
23

%
 £

10
,0

00
–£

49
,9

99
17

.2
%

18
%

 C
1—

Ju
ni

or
 m

an
ag

er
ia

l, 
ad

m
in

, p
ro

fe
ss

io
na

l
26

.2
%

28
%

 £
50

,0
00

 a
nd

 a
bo

ve
14

.8
%

13
%

 C
2—

Sk
ill

ed
 m

an
ua

l w
or

ke
rs

14
.5

%
20

%
 N

o 
an

sw
er

24
.3

%
16

%
 D

—
Se

m
i-s

ki
lle

d 
an

d 
un

sk
ill

ed
 m

an
ua

l w
or

ke
rs

8.
6%

15
%

H
om

e 
ow

ne
rs

hi
p

 E
—

Pe
ns

io
ne

rs
, l

ow
-g

ra
de

 w
or

ke
rs

, u
ne

m
pl

oy
ed

9.
7%

10
%

 O
w

n 
ou

tri
gh

t
40

.9
%

65
%

 N
o 

an
sw

er
3.

2%
 M

or
tg

ag
e

35
.0

%
 R

en
t

24
.1

%
35

%
 N

o 
an

sw
er

/d
on

’t 
kn

ow
–

–



35

1 3

Journal of Risk and Uncertainty (2021) 63:27–57	

Throughout the paper, we confine ourselves to the iso-elastic functional form of 
Eq. (3), which requires estimation of the three parameters � , � and � . The estimation 
is performed in three stages:

•	 First, to estimate � , respondents are asked to choose prospects in the gain domain 
only, comparing a certain outcome with a prospect containing only gains

•	 Second, to estimate � , respondents are asked to choose prospects in the loss 
domain only, comparing a certain outcome with a prospect containing only 
losses

•	 Third, respondents are asked to choose prospects with both gains and losses and 
the results are used to estimate � conditional on the estimates of � and � from the 
first two stages.

A total of nine prospects (three for gains only, three for losses only and three 
involving both gains and losses) were presented to each individual: these are 
described in Table 2. A detailed description of our method for eliciting preferences 
can be found in Abdellaoui et al. (2008, p. 263).

For each prospect, the certainty equivalent was obtained by a series of six steps 
using an iterative bisection method requiring the participant to choose either the 
risky prospect or a certain prospect offering a fixed amount. Initially, the fixed 
amount was set equal to the expected value of the risky prospect. In each succeed-
ing iteration, the certain prospect was reduced (increased) by 50% of the difference 

Table 2   The prospects presented to each individual

Risky prospect Certain prospect

Gains only
 Prospect 1 50% chance of a gain of £0 and 50% chance of a gain 

of £10
Certainty equivalent, G1

 Prospect 2 50% chance of a gain of £0 and 50% chance of a gain 
of £100

Certainty equivalent, G2

 Prospect 3 50% chance of a gain of £0 and 50% chance of a gain 
of £1000

Certainty equivalent, G3

Losses only
 Prospect 4 50% chance of a loss of £0 and 50% chance of a loss 

of £10
Certainty equivalent, L4

 Prospect 5 50% chance of a loss of £0 and 50% chance of a loss 
of £100

Certainty equivalent, L5

 Prospect 6 50% chance of a loss of £0 and 50% chance of a loss 
of £1000

Certainty equivalent, L6

Mixed gains and losses
 Prospect 7 50% chance of a gain of G1 and 50% chance of a loss 

of M7

Certainty equivalent, £0

 Prospect 8 50% chance of a gain of G2 and 50% chance of a loss 
of M8

Certainty equivalent, £0

 Prospect 9 50% chance of a gain of G3 and 50% chance of a loss 
of M9

Certainty equivalent, £0
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between the values of the risky and certain prospects if the respondent’s previous 
choice had been to accept (reject) the certain prospect; the respondent was then 
asked to choose again. After six iterations, the result of this process is an interval 
in which the certainty equivalent (or indifference value) should lie and we took the 
midpoint of this interval as the estimator of the indifference value.

The final three prospects involved both gains and losses and depended on the 
certainty equivalents elicited from Prospects 1, 2 and 3. Thus, in Prospect 7, par-
ticipants were initially asked to choose between a riskless amount of £0 and a risky 
prospect offering a 50% chance of a gain of G1 (i.e., the certainty equivalent elicited 
from Prospect 1) and 50% chance of a loss of the same amount. Then, depending 
on the choice made, the loss amount in the next iteration was either increased or 
decreased (using the same bisection method employed in Prospects 1–6). As before, 
this was repeated for six iterations to elicit the amount M7 such that the individual 
is indifferent between a riskless amount of £0 and a risky prospect offering a 50% 
chance of a gain of G1 and a 50% chance of a loss of M7 . This process was then 
repeated for Prospect 8 (using G2 and eliciting a corresponding loss amount M8 ) 
and Prospect 9 (using G3 and eliciting a corresponding loss amount M9 ); see third 
column of Table 2.

The fact that we asked the questions in the order shown in Table 2 means that 
there is potentially an anchoring effect. An alternative approach would have been 
to ask the first six questions in a random order, but Abdellaoui et al. (2008, p. 253) 
report that their subjects (47 graduate students) were less confused if they answered 
all the gains questions first, followed by all the loss questions, ending with the mixed 
questions and we decided that it was safest to use the order shown.

If there were no experimental or sampling error, then the certainty equivalents 
G1 , G2 and G3 would be related to the prospects in the gain domain as follows:

To estimate the parameter � from our noisy data, we start by defining 
g�

1
≡ G�

1
∕10

� , g�
2
≡ G�

2
∕100

� etc., suggesting the following econometric model:

where the error �i is due to experimental and sampling error. This can then be used 
to estimate the parameter � by non-linear least squares (NLS). At this point, we 
deviate from Abdellaoui et al. (2008) in one important respect. Having asked each 
individual only nine questions, we do not attempt to estimate parameters for each 
individual respondent. In Online Appendix A1.2, we show that the NLS parameter 
estimates tend to be biased upwards in very small samples and, to avoid this bias, we 
estimate the value of � for groups of respondents and not for individuals separately. 
The estimation of � using prospects 4, 5 and 6 follows an analogous procedure.

The last step in the process is the estimation of the direct loss aversion param-
eter, � , which is conditional on the estimates for � and � . We note that there are two 

(7)

v
(
G1

)
= 0.5 × v(10) + 0.5 × v(0) ⇒ G�

1
= 0.5 × 10�

v
(
G2

)
= 0.5 × v(100) + 0.5 × v(0) ⇒ G�

2
= 0.5 × 100�

v
(
G3

)
= 0.5 × v(1000) + 0.5 × v(0) ⇒ G�

3
= 0.5 × 1000�

(8)gi = 0.5
1∕� + �i
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issues with the estimates of � . The first is econometric: because � is estimated in 
a two-stage procedure, where both stages are non-linear, we are much less certain 
about the small-sample properties of the estimates (we calculate the standard errors 
by bootstrapping). The second is conceptual: the absolute value of � depends upon 
the units of measurement (it is homogeneous of degree � − � in the magnitude of 
gains and losses). This makes comparison of � parameters across different studies 
problematic: direct comparison is meaningful only when (i) the experiments in the 
various studies involve very similar magnitudes of gains and losses, or (ii) the stud-
ies involve similar values of � and �.

We will work with the measure of relative loss aversion defined in Eq. (6). When 
� ≠ � an individual can be loss averse for some values of x and loss seeking for other 
values. In our estimation analysis below, in all cases but one,5 we find that 𝛽 > 𝛼 and 
� ≈ 1 : this means that individuals are loss averse (i.e., Λ(x) > 1 ) if x > 1 and loss 
seeking (i.e., Λ(x) < 1 ) if x < 1 . Since our unit of measurement is the pound sterling, 
it seems reasonable to confine ourselves to values of x > 1 . However, because the 
function Λ(x) is homogenous of order � − � , the magnitude of loss aversion also 
depends upon the size of x . We report below in Table 3 our estimate of Λ(500) with 
the associated 90% confidence interval estimated by boot-strapping.67 By itself, the 
fact that � ≈ 1 does not imply an absence of loss aversion: whether individuals are 
loss averse depends, as Eq. (6) shows, on the values of x, � and � , as well as �.

3 � Survey analysis

3.1 � Bivariate analysis

We analyse the full set of 4016 survey responses. Among these are some respond-
ents who give answers which appear inconsistent, for example G2 < G1 . Respond-
ents with at least one such inconsistency comprise 16% of our data set, raising the 
question of what to do with these individuals. One possibility is to accept that they 
are hopelessly confused and hence should be omitted from the analysis. On the 
other hand, they may merely have made one mistake in a particular direction (in 
the previous example, choosing a value of G2 which is too small) and there may 
be other individuals who made a mistake in the other direction (i.e., G2 too large, 
but still with G2 > G1 ): omitting the first group could lead to biased estimates. As 
a robustness test, we consider in Online Appendix 3 a reduced sample which sat-
isfy G1 < G2 < G3 and L4 < L5 < L6 and it turns out that the question is moot, since 
the differences in the parameter estimates are small (typically about 0.02 for � and 
−0.05 for � ), indicating that the reduced sample is very marginally both less risk 

5  The single counter-example is for the sub-sample of respondents who report their annual income to be 
above £50,000 per year, where � = 0.7901 and � = 0.7896, i.e., the parameter estimates are effectively 
equal.
6  Note that E[x] = 500 in Prospects 3 and 6 in Table 2.
7  Table A4 in Online Appendix 2 additionally reports estimates of Λ(5) and Λ(50).
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averse in the gain domain and more risk seeking in the loss domain than the full 
sample).

The first part of our analysis reports estimates of the values of � , � and � both for 
the full sample and for sub-samples of the full sample based on the survey respond-
ents’ 25 profiling characteristics.8 It is important to note that none of the results 
in this section necessarily indicate a causal relationship: they are bivariate com-
parisons between � , � and � and a particular profiling characteristic. The measured 
effect could be influenced by omitted variable bias (failing to control for confound-
ing effects, whereby the values of a risk or loss aversion parameter and a particular 
profiling characteristic are jointly determined by a third unidentified factor) or by 
reverse causation (some of the variables such as savings may be determined by � , � 
and �).

For the whole sample, we have the following estimates:

α
(std. err.)

β
(std. err.)

λ
(std. err.)

Λ(5)
(90% c.i.)

Λ(50)
(90% c.i.)

Λ(500)
(90% c.i.)

0.685
(0.005)

0.833
(0.008)

0.956
(0.011)

1.21
(1.16, 1.27)

1.71
(1.57, 1.85)

2.41
(2.13, 2.70)

Our point estimate across the whole sample for � is 0.685 and for � it is 
0.833: combined with an estimate of � of 0.956, these are the estimates used to 
plot Fig. 1 above. The � and � estimates are much lower than those reported by 
Abdellaoui et al. (2008) who get median individual estimates of 0.86 and 1.06, 
which are respectively 26% and 27% higher than our estimates. As previously 
mentioned, this may be due to a small-sample upward bias from estimating the 
parameters at the individual level when there are only a relatively small num-
ber of questions per individual. Also as previously discussed, the estimates of �  
are homogeneous of degree � − � and cannot be easily compared. For this rea-
son, we do not view the difference between our estimated � value close to unity 
with the median value of 2.61 reported by Abdellaoui et al. (2008) as informa-
tive. A striking feature is that 𝛽 > 𝛼 , meaning that the marginal disutility of a 
loss exceeds the marginal utility of a gain—and this applies not only for the 
whole sample but for each of the 25 characteristics as Table 3 shows. Further, 
despite the finding that � ≈ 1 (which again holds across most characteristics), 
the fact that 𝛽 > 𝛼 implies individuals are loss averse (i.e., Λ(x) > 1 ) when x is 
larger than unity, effectively for all non-trivial values. For the sample as a whole, 
Λ(500) = 2.41 , which means that the loss of £500 causes 2.41 times more unhap-
piness than a gain of £500 would cause happiness. Λ(x) is always greater than  
unity and increases with x.

8  Note that nearly all of our potential correlates for � , � and � are categorical variables, either because 
they are truly categorical (e.g., gender) or because of the way that the data were collected (e.g., the 
question about income asked for income in bands). In some cases, we have grouped categories together 
because the more precise categories have a relatively small number of observations.
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The table containing the full set of results across all 25 profiling characteristics 
is very long and is presented in Table A4 in Online Appendix 2. Table 3 presents a 
summary of the results.

We start with the issue of gender, where there is a large literature suggesting that 
women are more risk averse than men (e.g., Bajtelsmit and Bernasek 1996; Barber 
and Odean 2001; Borghans et al. 2009; Croson and Gneezy, 2009; Dohmen et al. 
2011; Finucane et al. 2000; Jianakoplos and Bernasek 1998; Powell and Ansic 1997; 
Schubert et al. 1999; Sarin and Wieland 2012; Scottish Friendly 2018; L’Haridon 
and Vieider, 2019). We observe that the male � is above average, while the female � 
is below average (with both below unity), and * indicates that the difference between 
men and women is statistically significant at the 5% level. This shows that women 
are more risk averse in the domain of gains than men. By contrast, the male and 
female � parameters are not significantly different, suggesting that men and women 
are equally risk seeking in the domain of losses. However, the statistically signifi-
cant difference in � translates into a statistically significant difference in Λ(500) . The 
90% confidence interval is shown to the right of the point estimate.

The second demographic variable in our data set is age. Most early studies show 
that risk aversion follows a U-shaped pattern with age (e.g., Bakshi and Chen 1994; 
Pålsson 1996; Riley and Chow 1992). More recent studies show more mixed results: 
some show older people can be more risk averse than younger adults (e.g., Albert 
and Duffy 2012; Bonsang and Dohmen 2015), others show that older people can be 
more risk seeking than younger adults (e.g., Kellen et al. 2017), while others show 
no clear-cut results (e.g., Mata et al. 2011).

Table 3 shows the parameter estimates for six age groups. The � estimates have a broad 
hump-shaped pattern, with a peak (implying risk aversion in the domain of gains is low-
est) in early middle age (35–44). In higher age ranges, it declines uniformly. It is lower in 
lower age ranges, although 18–24 years olds are less risk averse than 25–34 years olds. 
These differences are statistically significant. The � estimates exhibit a U-shaped pattern, 
with the lowest value (indicating that risk seeking in the domain of losses is greatest) in 
the 35–44 age range. The value is highest, indicating the lowest willingness to take risks 
in the loss domain, in the 18–24 years age range. Again, these differences are statisti-
cally significant. The estimated loss aversion parameter, � , also has a U-shaped pattern,  
reaching a minimum in later middle age (45–54) and it is highest with 18–24 years olds. 
So our survey respondents appear to be both less risk averse and less loss averse, as well 
as more risk seeking if facing losses, in middle age than at earlier or later ages. This is 
consistent with the early studies. As a further check on this, we break down our estimates 
by both age and gender and this confirms that the U-shaped pattern is found for both 
men and women: these estimates were used to plot Fig. 2 (detailed results are reported in 
Online Appendix 2).

The degree of risk aversion can also be influenced by marital status. Hallahan 
et al. (2003) argue that married couples have greater capacity to absorb undesirable 
outcomes than singles. Grable and Lytton (1998), Jianakoplos and Bernasek (1998, 
2006), Sung and Hanna (1996), and Yao and Hanna (2005) provide evidence that 
single women are more risk averse than single men or married couples. However, 
when married couples are analysed separately, single women are more risk averse 
than married men, but less risk averse than married women. Some studies find that 
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single people actually take more risks (e.g., Cohn et al. 1975; Dohmen et al. 2011; 
Roussanov and Savor 2014). Our data set indicates that widowed, divorced and sep-
arated people are the most risk averse in the gain domain, while single people are 
the least, with partnered people lying between; the differences are statistically signif-
icant. Since the existing literature has not previously examined widowed, divorced 
and separated people, this would appear to be a new finding. We offer the following 
possible explanations: they could have (i) experienced a sharp and sudden fall in 
income, (ii) to provide for dependants (both younger and older) and (iii) become 
more cautious as a result of their negative experience. On the other hand, their risk 
seeking behaviour in the loss domain is greater than the other two groups (although 
the difference is not significant), and they appear to be less loss averse.

Having children tends to be associated with higher risk aversion according to 
Chaulk et al. (2003), Hallahan et al. (2004) and Gilliam et al. (2010). However, our 
study shows people without children are more risk averse in the gain domain, less 
risk taking in the loss domain, and more loss averse overall than people with chil-
dren. On the face of it, this result might seem surprising. One might have thought 
that having children would make people more loss averse. But the causality could be 
the other way around: people who are both risk and loss averse might decide not to 
have children.

We briefly summarise the remaining findings in Table 3. To judge whether there 
is a relationship between a particular variable and the parameter estimates, we con-
centrate on the equality tests rather than looking at the significance of individual 
parameter estimates.

There are several variables which appear to have no systematic correlation with 
the preference parameters. These are health status, job security, home ownership, 
how easy respondents find it to save short term, or the region of the UK where the 
respondent lives.

Turning to variables which do have a systematic correlation, we begin with per-
sonality type. When comparing personality type 1 (competitive v laid-back respond-
ents), there are very large differences in loss aversion, despite the parameter esti-
mates for � being almost the same: competitive people are less loss averse than 
laid-back respondents. When comparing personality type 2 (optimists v pessimists), 
both � and � appear similar (and the difference is statistically insignificant), but 
again loss aversion is very different: optimists are less loss averse than pessimists. 
In both of these cases, the parameter which drives the difference in loss aversion is 
� rather than the curvature parameters: this is despite the fact that � is the parameter 
which appears to vary less across sub-groups based on other variables. A conse-
quence of this would appear to be that personality type may influence loss aversion 
via a different route than the socio-economic variables, considered below. Although 
there are also statistically significant differences in the estimates of � , a similar point 
could be made about the self-reported emotional state.

The parameters � , � and � are very different across different educational attain-
ment groups, but the effects partly cancel out and so the differences in relative loss 
aversion are much smaller and statistically insignificant. The parameters � and � 
vary with self-reported financial understanding and the differences are statistically 
significant, but again the differences in relative loss aversion are smaller and only 
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respondents with low self-reported financial understanding have a significantly 
higher measure.

There is a strong relationship between preferences and socio-economic variables:  
social class, employment status, management responsibility, employment sector, income, 
political party and newspaper. These variables may well be correlated with each other. 
Many other studies have examined the effect of similar variables (e.g., Grable 2000; Hartog  
et al. 2002; Campbell 2006; Guiso and Paiella 2008; Paravisini et al. 2017). The evi-
dence seems fairly clear that full-time workers, people with management responsibility, 
private sector workers, people with higher incomes, reading more right-wing broadsheet 
newspapers and possibly more conservative politically tend to be less risk averse and less 
loss averse than other groups. Take income for example. Table 3 shows that relative loss 
aversion declines as income increases and the point estimate at 0.92 for Λ(500) is actu-
ally below unity for incomes above £50,000, implying that the disutility of a loss of £500 
is less than the utility of a gain of £500 (although the 90% confidence interval suggests 
that the estimate is not significantly different from unity).

The issue of direction of causation is most clearly highlighted in self-reported sav-
ings. Total reported savings (excluding pension assets) demonstrate little relationship 
to the preference parameters, but this may be because total savings is highly corre-
lated with other factors, such as age and income. There is, however, a strong posi-
tive correlation between higher loss aversion and having a rainy-day fund, suggesting 
that loss aversion might be a significant determinant of precautionary saving. There 
is a negative correlation between loss aversion and financial understanding, which is 
unsurprising since other studies have shown the importance of financial literacy (e.g., 
Bluethgen et al. 2008; Behrman et al. 2012; Lusardi and Mitchell 2014).

Our final profiling characteristics are religion and religiosity: for both these ques-
tions there are relatively few responses. Results for these variables are not driven 
by non-Christian religions, since the total number of Jews, Moslems, Hindus and 
Sikhs is only 3% of the sample. Non-religious people and Roman Catholics have 
higher values of � (indicating lower risk aversion in the gain domain) than all other 
religious affiliations and respondents who report themselves to be religious are sig-
nificantly more risk averse than those who report themselves as being non-religious. 
However, there are no significant differences in the loss domain.

3.2 � Analysing graduate students

So far our results are not directly comparable with existing studies, such as Tversky  
and Kahneman (1992) or Abdellaoui et  al. (2008). In order to make a direct  
comparison, we would need to analyse graduate students. To do this, we examine 
respondents in full-time education aged 21–23 of whom there are 71 graduates in 
our sample. This compares with 25 in the Tversky and Kahneman (1992) study and 
47 in the Abdellaoui et al. (2008) study.

Both of these studies estimate parameters separately for each individual respond-
ent and then report the median of the individual estimates. Table 4 presents these 
median estimates alongside our estimates for the pooled sub-sample of our respond-
ents who are graduate students. The table shows the results for a homogeneous 
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group of respondents across three studies, although there is no particular reason to 
expect that groups of students in different countries and at different times should 
have identical LA parameters.

We make the following observations. Our � estimate is significantly below that 
of Tversky and Kahneman (1992)—indicating greater risk aversion in the gain 
domain—but our � estimate is not significantly different. Tversky and Kahneman 
also find that � = � which means that their estimated � = 2.25 is independent of the 
gain or loss amount, x . However, this does not hold when � ≠ � which is likely to be 
the general case. The Abdellaoui et al. (2008) estimates of � and � are, respectively, 
22% and 15% higher than for our students and this, together with their finding that � 
is significantly greater than unity, could reflect the small-sample bias in the estima-
tor they used (see Online Appendix A1.2).

Since Abdellaoui et  al. (2008, pp. 253–254) use a normalisation constant of 
€1000, we report Λ(1000) for the three studies (ignoring the small differences 
arising from the use of different currencies). The relative loss aversion coefficient 
for our group of students (7.08) is much higher than for the other groups, largely 
because our students have such a low � estimate. Nevertheless, the difference � − � 
at around 0.2 is similar for our study and the Abdellaoui et al. (2008) study, indicat-
ing that the elasticity of relative loss aversion with respect to the magnitude of gains 
and losses will be similar. Overall, it seems fair to conclude that the three groups of 
students have different risk and loss attitudes.

Table 4 also highlights a major contribution of our study: looking at the behav-
iour of students may be highly misleading when it comes to determining risk and 
loss aversion for the population as a whole. Our students are very different from the 

Table 4   Estimated loss aversion parameters for graduate students in three studies

The table presents results for the graduate students in our study together with those from two other stud-
ies. N = number of respondents, � = degree of risk aversion in the domain of gains, � = degree of risk 
aversion in the domain of losses, � = direct loss aversion (i.e., when the loss x = −1 ), and Λ(1000) is 
relative loss aversion comparing the disutility of a loss of 1000 with the utility of a gain of 1000 (see 
Eq. (6)).
a Standard errors
b 90% confidence interval
c Median of estimates of individuals’ parameters: all estimates from Abdellaoui et  al. (2008) are from 
Table 6
d This is significantly different from unity
e Inter-quartile range of estimates of individuals’ parameters. To enable comparison with the other 
respondents in our study, we report the following for our 71 graduate students: Λ(5) = 1.81 (1.31, 2.39) 
Λ(50) = 3.05 (1.70, 4.84) and Λ(500) = 5.24 (2.20, 9.77)

N α β λ Λ(1000)

This study 71 0.703
(0.034)a

0.924
(0.050)a

1.256
(0.119)a

7.08
(2.86, 14.97)b

Tversky and Kahneman 
(1992, p. 311)

25 0.88 0.88 2.25 2.25

Abdellaoui et al. (2008) 47 0.86c

(0.66, 1.08)e
1.06c,d

(0.92,1.49)e
– 2.61

(1.51, 5.51)e
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wider population in surprising ways. Comparing the first rows of Tables 3 and 4, we 
can see that our graduate students are less risk averse in the gain domain, less risk 
seeking in the loss domain, but also much more loss averse overall: Λ(500) = 5.24 
compared with 2.41 for the overall sample. Our 71 graduate students also differ from 
the 113 other students in the sample: the former are more risk averse in the gain 
domain, more risk seeking in the loss domain, but overall more loss averse. This 
shows the importance of a study that considers all members of society.

3.3 � Multivariate analysis

In Sect. 3.1, we presented correlations between the LA parameters and various pro-
filing characteristics. In this section, we report multivariate correlations.

Table 5 reports NLS estimates of two separate multivariate regressions for � and 
� which includes the profiling characteristics as explanatory variables. The estimates 
can be interpreted as partial correlations between the dependent variable and a potential 
explanatory variable, conditional on holding all the other potential explanatory vari-
ables fixed. Apart from the constant term, what is reported are estimated deviations 
from a reference individual who is a member of the first group in the list of each profil-
ing characteristic (see Table 3 or the footnote to Table 5). Alongside the parameter esti-
mates, we present the result of hypotheses tests for there being no correlation, i.e., the 
parameters on the deviations for a given characteristic equalling zero: these tests cor-
respond to the equality tests of the parameters in Table 3. In this section, we concentrate 
on the differences between the simple correlations and the multivariate correlations.

For example, holding other characteristics constant the difference in � between 
men and women is reported in the second row as −0.005 and this is statistically insig-
nificant (so there is no * in the adjacent column). We can compare this to the uncondi-
tional estimates in Table 3, where the difference in α between men and women is 0.673 
– 0.700 = −0.027, statistically significant at the 5% level (hence the * in Table 3). In fact, 
the p-value for the equality test rises from 0.013 to 0.642. This is consistent with the argu-
ment in Filippin and Crosetto (2016) and Nelson (2017) that different responses from 
men and women are due to confounding factors rather than inherent gender differences.

The statistically significant effects of marital status, employment status and 
religion/religiosity in Table 3 cease to be statistically significant when we control 
for other variables. The relationship between risk aversion in the gain domain and 
financial knowledge ceases to be statistically significant, but it remains so in the loss 
domain. Conversely, while the unconditional effect of savings on risk aversion in the 
gain domain was only marginally significant (p = 0.098), in the conditional specifi-
cation it is statistically significant (p = 0.026).9

However, the most striking result is that statistically significant relationships 
between many profiling characteristics and preferences are the same in both the 
univariate and multivariate analysis: number of children, personality type 1 (com-
petitive v laid back), social class (although this is marginally significant in the mul-
tivariate analysis), income, existence of a rainy-day fund, newspaper readership and 
political party remain statistically significant.

9  Precise information on all of the p-values is reported in Online Appendix Table A6.
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Table 5   Multivariate regressions of � and � on the profiling characteristics (full sample)

Characteristic/category Category dummy � �

Constant 0.713 0.820
Gender Female −0.005 0.009
Age 25–34 − 0.042 ** − 0.054 +

35–44 − 0.020 − 0.104
45–54 − 0.054 − 0.091
55–64 − 0.083 − 0.080
65 & over − 0.074 − 0.084

Marital status Single 0.024 − 0.029
Widowed, separated or divorced − 0.001 − 0.018

No of children One or more children 0.033 * − 0.035 +
No answer re children 0.023 − 0.073

Health status Average 0.009 − 0.031
Worse than average 0.024 − 0.025

Personality 1 Type B (laid back) − 0.048 *** 0.011
Personality 2 Pessimist − 0.011 0.026
Emotional state during test Neutral 0.001 ** 0.035

Relaxed 0.040 0.015
Not sure 0.034 − 0.076

Completed education 17–19 − 0.020 + 0.015 +
20 & over 0.016 0.050
Other/NA − 0.022 0.058

Social class B − 0.023 + 0.069 +
C1 0.012 0.045
C2 − 0.009 0.047
D − 0.027 0.042
E − 0.044 0.078
Not available − 0.006 0.041

Employment type Part-time* − 0.018 − 0.040 +
Management responsibility Senior manager 0.019 − 0.023 **

Middle manager 0.024 − 0.074
Junior manager − 0.007 0.043
None 0.001 0.020
Other/NA 0.010 − 0.004

Employment sector Private sector 0.020 − 0.008
Public corporation 0.013 0.022
Public sector − 0.014 0.047
Charity sector − 0.012 0.061
Other/NA 0.011 0.004

Job security Insecure 0.001 − 0.031
No answer − 0.053 − 0.013
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Table 5   (continued)

Characteristic/category Category dummy � �

Personal gross income £15,000-£29,999 0.003 * − 0.023

£30,000-£49,999 0.047 − 0.026

£50,000 or more 0.075 − 0.044

No answer 0.015 − 0.016
Home ownership Mortgage − 0.004 − 0.039 +

Rent 0.005 − 0.072
No answer/don’t know 0.029 − 0.044

Savings £1000–£9999 0.024 * 0.003
£10,000–£49,999 − 0.001 − 0.006
£50,000 and above 0.052 0.005
No answer − 0.005 0.013

Ease of saving Not easy 0.007 0.028
Rainy day fund No 0.032 * − 0.039 +
Financial knowledge Medium 0.015 − 0.029 *

High 0.046 0.041
Region North West − 0.013 0.013

Yorkshire and the Humber − 0.006 0.005
East Midlands − 0.004 0.056
West Midlands 0.033 0.054
East of England − 0.011 0.048
London 0.011 0.015
South East − 0.014 0.030
South West 0.002 0.053
Wales − 0.015 − 0.044
Scotland 0.009 − 0.005
Northern Ireland − 0.008 0.011

Newspaper Sun/Star − 0.017 ** 0.022
Mirror/Record 0.026 0.028
Guardian/Independent − 0.041 0.073
FT/Times/Telegraph 0.049 0.017
Other paper 0.003 0.043
No Paper − 0.017 0.055

Political party Labour − 0.017 + − 0.008
Liberal Democrat − 0.054 0.039
SNP or Plaid Cymru 0.039 − 0.022
Other party − 0.030 0.001
No party − 0.013 − 0.040
Don’t know/NA − 0.018 0.009
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Finally in this section, we draw comparison with two other studies that conducted 
a multivariate analysis. The first is Dohmen et al. (2011, Table A1) which finds that 
women self-report that they are less likely to take financial risks, after conditioning 
on other variables.

The second is von Gaudecker et  al. (2011) which is the only other study of 
which we are aware that surveys from a national population. Their sample size, 
at 1422 individuals, is smaller than ours and they assess far fewer characteristics: 
only gender, age, education, income, wealth, and whether the respondent has finan-
cial knowledge or is the household’s financial administrator. While their baseline 
estimates of the risk and loss aversion parameters ( � = 0.0316 and �= 2.960) are 
not directly comparable with ours, their findings in terms of characteristics can be 
compared: women are more risk and loss averse than men (even after condition-
ing on other characteristics such as income), risk aversion increases and loss aver-
sion falls with age, risk aversion decreases and loss aversion increases with edu-
cation, risk aversion increases and loss aversion falls with income, risk and loss 
aversion both fall with wealth, and risk and loss aversion are lower for those with 
financial knowledge or who are the household’s financial administrator. These are 
mostly similar to our findings, although there are some differences. For example, 
we find: a U-shaped relationship between loss aversion and age, that risk aversion 
decreases with income, and a hump-shaped relationship between loss aversion and 
total savings.

Table 5   (continued)

Characteristic/category Category dummy � �

Religion Ch of England − 0.010 0.010

Roman Catholic 0.002 0.027

Protestant − 0.042 0.035

Other − 0.037 0.022

NA 0.009 − 0.001
Religiosity Not religious 0.033 0.040

Don’t know/NA − 0.010 0.047

The table presents the results of two separate regressions for � (the degree of risk aversion in the domain 
of gains) and � (the degree of risk aversion in the domain of losses) on category dummies for each char-
acteristic that differentiate respondents from a reference individual. The constant term shows the esti-
mated � and � for the reference individual and the other coefficients show positive or negative deviations 
from this. For each category we test for equality across categories, which in this specification is the null 
hypothesis that all of the deviations are zero: the test p-value is summarised by *** < 0.001, ** < 0.01, 
* < 0.05, + < 0.1. The reference individual is male, aged 18–24, married/living with partner, no children, 
better than average health, Type A (competitive) personality, optimist, tense at the time of the survey, 
terminal education age of 16 & under, low financial knowledge, social class A, full-time employment, 
management responsibility of an owner, self-employed, secure job security, income below £15,000, owns 
home outright, savings below £1000, finds short-term savings easy, has a rainy day fund, Express/Mail 
reader, Conservative voter, no religion, but religious. Only one employment-status categorical variable is 
included since the other possibilities (student, retired) are collinear with other categorical variables
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4 � Conclusions

We have estimated a simple parametric version of the Tversky and Kahneman  
(1992) value function for a representative sample of around four thousand 
respondents from the UK. The estimated value function is S-shaped, exhibiting 
both direct loss aversion (measured by Λ(x) > 1 ), risk aversion in the domain of 
gains (measured by 𝛼 < 1 ), risk seeking behaviour in the domain of losses (meas-
ured by 𝛽 < 1 ), and with the marginal disutility of losses exceeding the marginal 
utility of gains ( 𝛽 > 𝛼 ). In other words, the curvature of the value function is 
greater in the loss domain than in the gain domain—see Fig. 1.

These findings are consistent with most previous studies, but while these other 
studies are mainly of students, ours is one of the few studies to sample from a 
national population. We also have much more detailed information about the 
respondents to our survey than all previous studies. We had information on 25 
profiling characteristics for each respondent which enabled us to conduct both 
bivariate and multivariate analyses to assess if there is a statistically significant 
relationship (both unconditionally and conditionally) between the estimated 
parameters of the respondents’ value function and their profiling characteristics. 
When conditioning on all the characteristics, we find that some characteristics 
are correlated with loss and risk attitudes in the gain domain only (personal-
ity type 1 (competitive v laid back), emotional state, income, savings, rainy day 
fund, newspaper and political party), some are correlated in the loss domain only 
(financial knowledge, employment status, management responsibility, and home 
ownership), while some are correlated in both domains (age, number of children, 
education, and social class).

We also document that some characteristics that were found to be unconditionally 
significant in the bivariate analysis were not significant when conditioned on other 
characteristics. One example is marital status. We find that widowed, divorced and 
separated people are more risk averse than partnered people who are, in turn, more 
risk averse than single people. But these differences disappear when we condition. 
Another example is gender. Our study shows that women are slightly more loss and 
risk averse than men, but this is no longer the case when we condition, suggesting 
that gender differences can possibly be explained by other factors, such as income 
differences. This result is different from the most similar study to ours, namely von 
Gaudecker et al. (2011)’s survey of over a thousand Dutch respondents, which finds 
gender differences in loss and risk attitudes remain, even after conditioning.

Because many existing studies are based on the responses of students, it is 
interesting to compare our results for the whole sample with a sub-sample of the 
respondents in our sample who are students. We estimate relative loss aversion 
for these students to be 5.24 for a loss of £500 compared with a gain of the same 
amount. This is more than twice the size of that for the whole sample which is 
2.41. This follows because although the value functions for the two groups have 
similar concavities in the gain domain, the students’ value function is much less 
convex in the loss domain. This clearly emphasises the problem in generalising 
from studies of students to the population as a whole.
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The existing literature has emphasised the relationship between risk and loss atti-
tudes and factors such as gender, age, education, income, and savings. Our study of 
a representative sample of the UK population finds that some of these factors (age, 
education, income, and savings) are also important, but others, in particular gender 
differences, are not significant, once we have controlled for the other factors. We 
have also found some other characteristics not previously studied in the literature 
that influence risk attitudes, in particular, personality type, social class, management 
responsibility, rainy day fund, newspaper, and political party. By including questions 
on these factors in a client fact find, financial advisers might be able to get a better 
fix on the true loss and risk attitudes of their clients. In particular, they can be used 
to confirm the findings from a more direct elicitation of such attitudes.
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