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INTRODUCTION

The determinants of the risk propensity/aversion
of economic agents have long drawn the interest of
scholars, at least since the studies of Cohn et al. (1975)
as well as Friend and Bleme (1975), because of the cru-
cial implications for economic theory and policy mak-
ing, the functioning of financial markets, portfolio
choices and demand for insurance.

We consider models for self-reported risk propen-
sity, where survey respondents are asked to classify
themselves into ordered categories of risk attitude.
Whether survey questions are an appropriate source to
derive measures of individual risk aversion is a contro-
versial issue. Nevertheless, many researchers have
used self-assessed risk propensity (e. g. Courbage et al.,
2018; Fisher & Yao, 2017; Yao et al., 2011). Although
lack of incentive compatibility, inattention or strategic
motives may in principle induce respondents not to
reveal their true preferences, the behavioral validity of
survey responses has been shown by Dohmen et al.
(2011).

Self-reported risk attitude is typically collected as
an ordinal response. Unlike previous studies (e.g. Cour-
bage et al., 2018) that collapse categories to apply bi-
nary logistic regression, we propose modeling self-
reported risk attitude through a cumulative model
(McCullagh, 1980) which takes into account the ordinal
nature of the response and is more parsimonious than
alternative models used in this context such as the con-
tinuation-ratio (e.g. Fisher & Yao, 2017; Yao et al,
2011).

Ordered response models are usually fitted
through Maximum Likelihood Estimators (MLE). How-
ever anomalous data, produced by extreme design
points and/or incoherent responses can negatively
affect the reliability of likelihood-based estimation and
testing. To cope with the occurrence of anomalous da-
ta, M estimators are proposed. These estimators have
a bounded influence function and therefore yield
sound inferential results in case of outliers.

The model is applied to the risk attitude of Italian
Households recorded by the Bank of Italy Survey of
Household Income and Wealth (SHIW). In accordance
with the literature, we focus on the hypothesis that risk
propensity depends on education and financial literacy,
along with a number of other controls. Actually, while
many personal (De Paola, 2012; Fisher & Yao, 2017),
social (Doepke & Zilibotti, 2005) and economic (Guiso
& Paiella, 2008) factors, such as age, gender, religion,
income, wealth, health, parents’ attitude, have been
considered among the determinants of risk tolerance,
more recently researchers have been especially con-
cerned with the role of education and financial literacy.
Although most contributions seem to be inclined to
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state a positive relationship between risk propensity
and education (or financial literacy), the issue remains
basically unsettled (Outreville, 2015).

The earliest studies by Hersch (1996) as well as
Jianakoplos and Bernasek (1998) document a negative
relationship between risk propensity and education. In
the same vein, considering that more educated people
usually have a higher demand for insurance, Browne et
al. (2000), Hwang and Gao (2003) as well as Jung (2015)
reach a similar conclusion. Conversely, Bellante and
Green (2004), analyzing the behavior of a large sample
of individuals in the USA, compare college and high
school graduates with people without a diploma, to
show that more educated individuals have greater fi-
nancial risk propensity. Similar results are found by
Chong and Martinez (2019) for Peru et al. (2007) for
Denmark, Kapteyn and Teppa (2011) in a sample of
Dutch households, and Lin (2009) for Taiwan. Other
authors highlight that the relationship might be nonlin-
ear (Barsky et al., 1997) or simply not statistically sig-
nificant (Halek & Eisenhauer, 2001).

A specific branch of the literature focuses on the
impact of financial literacy on risk aversion, recognizing
a specific role for financial literacy which “requires ad-
ditional investment not currently part of a general edu-
cation” (Lusardi & Mitchell, 2023, p. 142). Bayer et al.
(2009) show that better-informed people become more
risk averse and save a larger share of income. Similarly,
van Rooij et al. (2011a), working on a survey of Dutch
households, find that those with better financial
knowledge are more likely to plan for retirement. More
recently, Sutter et al. (2020) maintain that financial
literacy makes subjects more risk averse. On the other
hand, most of the literature reaches opposite conclu-
sions. Van Rooij et al. (2011b) observe that higher fi-
nancial literacy leads to higher propensity to risk and
investments in stock. A positive association between
financial literacy and risk tolerance is also detected by
Bannier and Neubert (2016); Bayar et al. (2020) and Li
et al. (2020). Dimmock et al. (2016) confirm this result
but also find a negative association between risk toler-
ance and high-school education. According to Stoian et
al. (2021), risk propensity increases with financial litera-
cy if the former is measured with an experimental
method but not through self-assessment. Finally, Her-
mansson and Johnson (2021) interestingly argue that
more than financial literacy, what really matters in
shaping risk tolerance is financial interest (i.e. the in-
trinsic motivation and attention of an agent toward
financial information), which would drive both literacy
and attitude toward risk.

Having in mind this background, this paper studies

the relationship between risk propensity, education
and financial literacy. Robust M estimation allows us to
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properly assess the relevance of the covariates. The
results confirm the importance of the key explanatory
variables: overall education and financial competence.
Since they are both included in our model, the different
roles of each of them can be singled out. In particular,
while education turns out to be a factor contributing to
raising risk tolerance, financial literacy tends to reduce
risk propensity. Finally, M estimators recognize rele-
vance to the income — financial literacy interaction
terms, which reinforce the role of the latter variable for
more affluent households.

The remainder of the paper is organized as follows.
The second section illustrates the dataset, providing
details on the construction of the key variables of risk
attitude, education, and financial literacy. The third and
fourth sections respectively deal with the statistical
models and introduce robust estimation methods. The
empirical results are in the fifth section, while final re-
marks end the paper. The Appendix collects some tech-
nical details.

DATA AND VARIABLES

Our investigation hinges on a rich dataset provided
by the 2020 issue of the Bank of Italy Survey of House-
hold Income and Wealth (SHIW) (The SHIW survey has
gathered data on the income and savings of Italian
households since the 1960’s, growing in scope over
time, and now including several aspects of households’
economic and financial behavior. The sample comprises
about 7,000 households over about 300 Italian munici-
palities. The results are regularly published at the web-

site https://www.bancaditalia.it/pubblicazioni/indagini-

famiglie/index.html, gathering data on Italian house-

holds. Self-reported risk propensity is retrieved through

the question: ‘In managing your financial investments,

would you say to have a preference for investments

that offer (...)" with answers:

1) low return with no risk of losing invested capital;

2) fair return with good degree of protection for invest-
ed capital;

3) high return with fair degree of protection for the in-
vested capital;

4) very high return with high risk of losing invested cap-
ital.

The answers 1 (no risk), 2 (moderate risk), 3 (high
risk), and 4 (very high risk) correspond to the categories
of the response variable Y. The unconditional distribu-
tion of risk attitude of our sample of 6239 households,
depicted in Figure 1, shows that a high share of individ-
uals is risk averse, while fewer and fewer individuals
display higher risk propensity.

Regarding the explanatory variables, the overall
educational level is measured by the two binary varia-
bles Secondary and Tertiary, taking value 1 when the
respondent has a secondary school degree or a univer-
sity (or higher) degree, respectively, and 0 otherwise
(the baseline category being educational levels lower
than the secondary school). Unlike most of the litera-
ture, we proxy overall education with both high-school
and university degrees to get a finer assessment of the
role of education.

Figure 1: Distribution of risk attitude
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Source: Author’s own work.

Financial literacy is assessed by resorting to the
replies to two questions evaluating the basic
knowledge of nominal and real interest rates. In partic-
ular, the binary variable Literacy; takes value 1 if the
interviewed correctly answers to the question:
‘Suppose you have 100 euros in a savings account and
the interest rate is 2% per year. After 5 years, how
much do you think you would have in the account if
you left the money to grow?’ (The answers are: (a)

‘More than 110 euros’, (b) ‘Exactly 110 euros’, (c) ‘Less
than 110 euros’ and (d) ‘Don’t know’). Literacy, takes
value 1 if the respondent correctly answers to the
qguestion: ‘Imagine that the interest rate on your sav-
ings account is 1% per year and the inflation rate is 2%
per year. After one year, with the money in the ac-
count, would you be able to buy (...)". (The answers are:
(a) ‘More than today’, (b) ‘Exactly the same as today’,
(c) ‘Less than today’, (d) ‘Don’t know’). This way to

www.finquarterly.com
University of Information Technology and Management in Rzeszow I3

Financial Internet Quarterly 2024, vol. 20 / no. 2



Maria Iannario, Anna Clara Monti, Domenico Scalera
Modeling financial risk attitude: the role of education and financial literacy

measure financial competence is quite widespread in
the literature dealing with financial literacy and the
relationship with risk attitude (Lusardi & Mitchell, 2014;
van Rooij et al., 2011b).

Figure 2 highlights that the distribution of risk atti-
tude is likely to be affected by education. As the re-
spondents’ level of education rises, the share of those
stating to belong to the no-risk class of investors clearly
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decreases. Conversely, the relative size of other classes
increases. Figure 3 shows that financial literacy impacts
the distribution of risk attitude as well. A rise in finan-
cial competence leads to a substantial increase in the
share of those who choose risk class 2 (moderate risk),
and a reduction for risk class 3 (high risk), with extreme
classes 1 and 4 remaining substantially unchanged.

Figure 2: Distribution of risk attitude for education level
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Concerning controls, the variables Age, Wealth and
Income respectively denote age, family wealth and net
individual disposable income of the respondent. The
binary variable Hardship accounts for economic difficul-
ties stated by the answer to the question: ‘Is it difficult
for your family to make ends meet?’. Urban is a binary
variable taking unit value if the municipality where the
household is located has at least 20.000 inhabitants.
Finally, we introduce in the analysis the geographical
variable CentreSouth accounting for the location of the

Education
Source: Author’s own work.

household in one of the Central or Southern (rather
than Northern) regions of Italy (The variable Centre-
South takes unit value for the regions Tuscany, Marche,
Umbria, Latium, Abruzzo, Molise, Campania, Apulia,
Basilicata, Calabria, Sicily and Sardinia, and zero value
for Aosta Valley, Piedmont, Liguria, Lombardy, Trentino
Alto Adige, Veneto and Friuli Venetia Giulia). Figure
4 displays the scatterplot of Income and Wealth, show-
ing several outlying points.

Figure 3: Distribution of risk attitude for ﬁnancial literacy

Very high

Moderate

Risk attitude

No

Literacy,

Risk attitude

Very high

Literacy,

o .

No

Source: Author’s own work.
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Figure 4: Wealth (million Euros) versus Income (thousand Euros)
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THE STATISTICAL MODEL

The self-reported risk attitude Y is an ordinal varia-
ble with m = 4 categories. Its relationship with the co-
variates is described through a cumulative model
(McCullagh, 1980). Unlike most of the previous studies,
which apply binary response models based on a dichot-
omization of Y, we choose to adopt the cumulative
model to take into account the ordinal nature of the
response, and avoid the loss of information produced
by collapsing categories (Cohen, 1983).

The cumulative model assumes that the response
derives from the categorization of an underlying
(continuous) latent variable Y*, which in the current
context is the actual risk attitude. The j-th category of
Y is observed when Y* is in the interval (t;-1, T;) where

—0 =7, <7 <..<T, =+0
are the thresholds on the support of Y*. Hence, for the
i-th statistical unit, we have:
Y=jeor, <Y <r,j=1..m (1)
Let X; = (Xiy, ... Xip) be the corresponding vector of

covariates. The latent variable Y;* depends on X;
through the latent regression model:

Y, =X,b+e, i=1..,n (2)
Where B = (B4, ..., Bp)’ is the vector of regression coeffi-
cients and is the error term.

The latent model for risk attitude is

Y,” = B,Secondary; + B, Tertiary, + f3,Literacy,; +

B, Literacy,, + 5, Age, + SWealth, + 3, Income + 3)
BS;(Income™* Literacy, ), + S, (Income* Literacy,); +
B,CentreSouth, + £, Hardship, + g,Urban, + ¢,

From equations (1) and (2) the conditional cumula-
tive probability of the response is

P(Y, <j|X,) =G(z; - X, )
which yields
P(Y, = j|X,)=G(z; - X, /) =G(z, - X, 8), j=L...m (4)

A convenient choice for the distribution function of g; is
the logistic distribution

G(u) =exp(u) /[1+exp(u)]

which vyields the cumulative logit model. It allows an
easy assessment of the impact of covariates through

the logit
PCY, <j[X) |
g{wv—nx»}”’

A positive By implies that the odds in favor of higher
categories of risk attitude increase with the k-th covari-
ate.

ESTIMATION METHODS
Let
T= (7,0 Ty 4)"
be the vector of thresholds, with the parameter
0=(c",8) Q)

Where Q(B) being an open subset of R”™*. Consider
a random sample of independent couples (Y;, X;) fori =
1,...,n. The contribution of the i-th statistical unit to the
log-likelihood function is

(6:Y,, X,) = S IICY, = DInP(Y, = j[X,)

=1
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Where ll(w) is an indicator function, which takes value
1 if w holds and 0 otherwise and In(-) denotes the natu-
ral logarithm. It yields the log-likelihood function

D UG, X,)
The score function is
S, (0)= zn:S(@;Yi , X))
Where -
S(@:Y,, X;) =[S, (6Y,, X),... S, (B, X;),8, (6:Y;, X)), e

S, (6:Y;, X;)]"and S, (6:Y;, X;) = 06,(6:Y;, X;)/ 96,

forl=1,..m+p-1. Denote by
g(u) = exp(-u) /[L+exp(-u)]*
the logistic density function. We have the thresholds
S, 0)=Y"5 (6., X,)=
n 9z = X B)IN(Y, =s) - 1I(Y; =s+1)
L G(z.,, - XiB)-G(z, - X )

fors=1, .., m-1, and regression coefficients

S"’ﬂk @)= Zinzlsﬂk (@:Y;, X;) =
SN = ey (0)X,

fork =1, .., p, where e; = (8) in (9) are the generalized

residuals
_ g(Tj_Xiﬂ)_g(Tj—l_Xiﬂ)
&,(6)=- ,
G(Tj _Xiﬂ)_G(TH_Xiﬂ)
i=1..,n j=1..,m

(see: Franses & Paap, 2004, and lannario & Monti,
20233, for their properties). The MLE is the solution
@=(",pB) of S, (0)=0

Our purpose is to implement an estimation method
yielding outlier stable estimators. In cumulative models
anomalous data may be produced by either outlying
covariates or anomalous responses, due to misclas-
sifcation or incoherent respondents' behavior. To limit
the impact of these data, robust estimators with
a bounded influence function (Hampel et al., 1986) are
needed. The influence function of MLEs is given by

IF(Y, X;8)=3(8)"S(8;Y, X), where 3(6)

is the Fisher information matrix. Hence the influence
function is bounded when all the elements of S(6; X, Y)
are bounded.

lannario, Monti, Piccolo and Ronchetti (2017) and
Scalera, lannario and Monti (2021) show that in the
cumulative logit model the score functions (5) of the
thresholds are bounded and the generalized residuals
vary within (-1,1). Unfortunately, expression (6) points
out that an unlimited X;, lannario et al., (2017) and Scal-
era et al. (2021) show that in the cumulative logit mod-
el the score functions (8) of the thresholds are bounded

(5)

(6)

Financial Internet Quarterly 2024, vol. 20 / no. 2

and the generalized residuals vary within (-1,1). Unfor-
tunately, expression (9) points out that an unlimited X
can make the score function of the regression coeffi-
cients unbounded. As a consequence, extreme design
points can jeopardize the reliability of likelihood-based
inference. This is a major concern in this context since
both Wealth and Income are unlimited covariates, and
indeed several extreme design points appear in Figure 4.

To achieve a bounded influence function estimation,
in the case of outlying covariates, a weighted likelihood
approach can be adopted (Croux et al., 2013; lannario
& Monti, 2023b). The individual contribution to the log-
likelihood function is replaced by a weighted version

0,007, %) = 1B:Y, X JW(X,)

where w(X;) is a function downweighting extreme X;'s.
Equivalently the score function may be replaced by
w(6:;Y;, X;)=S(6;Y,, X, )w(X;)

This yields an M estimator By, of 8 which is the implicit
solution of

Y w(Ou:Y, X,)=0 (8)

To assess how much X; is outlying, a Mahalanobis
distance can be used. It is given by

||xi||={(xi—E)Tix*(xi—ﬁx)f ©

Where Jx and 2y are robust estimators of the location
and the covariance matrix of the covariates. In case
the regressors are mixed, continuous (and potentially
unlimited) and binary, the Mahalanobis distance is com-
puted only on the continuous variables. Conditionally
on the covariates, these estimators are Fisher con-
sistent, i.e. under no contamination of the data we have

E{w(8;Y,X)|X =x}=0
The weights need to be a decreasing function of ||Xi||. To

this end, the Huber function (Hampel et al., 1986) can
be used, leading to

w(X;)=w* =min(Lc/|X])

When the tuning constant c increases, the M estimators
approach the MLEs, whereas when c decreases, extreme
design points are more severely downweighted. The
square of the Mahalanobis distance [|X;|* can be com-
pared with the percentiles of a xzp distribution, by con-
sidering as tuning constant

2
C=\Zpe

Where ¥, 5 is the &-th percentile of the x,” distribution.
These weights have the advantage that they are compu-
ted only once at the beginning of the esti mation pro-
cess and need not to be updated.

A more complex weight function takes into account
the association between the covariates and the respon-
se. The denominator of the generalized residual in (7)

P(Y = j‘xi), hence [e; ()
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is large when the response has a low probability under
the model, i.e. it is anomalous (Copas, 1988). Consider-
ing the product |e;(0)][IXi]| allows handling extreme
design points differently according to whether the as-
sociated response is coherent with the model or not. It
leads to the Huber weights (lannario et al., 2017).

Wiex =w (Yi ) Xie) = min(l!C/K(eij (0)1 xi))
where x (e, (), X)) = >, (Y, = j)]e; (®)] X
These weights penalize more heavily outlying X; whose

response is anomalous. The M estimator, obtained with
the weights w; ™ is solution By, of (8) with

w(8;Y,, X,)=S(8,Y,, X, W (Y,, X,8) — a(6)
where the term
a(0)=E[S(8.Y,, X, )W(Y, X;6) ]
is required to achieve Fisher consistency, i.e.
E[w(6;Y,X)]=0

For both M estimators, the influence functions is
IFy (¥, %;0) =M, (6)"w(8;y,x)
fory=1, .., mand x € R” where
M, (8)=-E {8y/(0;Y, X)/(%’}
Under general regularity conditions (Huber, 1981), the
M estimators are asymptotically normal, i.e.
n2 (0'\/' _0) - N(m—l)(p+1) (O'VM (9))
Where
Vy (0) =M, (6)"Q,(0)M,(6)

and

Q, ()= E[y (Y, X:6)p (Y, X;6)" |
Consequently, a test of hypothesis on a single parame-

ter, i.e. Ho: 6, = G,O, can be carried out through a t-type
statistic. We have

1
t. =n"2(@u.r—0°)/ (Vm)% — N(0,1)

Where VMRR is the r-th element of the diagonal of the
estimate Vy of V.

Table 1: Maximum likelihood estimates

Variables Coefficient Standard Error T-stat P-value
Intercept 1|2 (t1) -0.611 0.157 -3.884 0.000
Intercept 2|3 (t2) 1.091 0.158 6.912 0.000
Intercept 3|4 (t3) 3.732 0.182 20.452 0.000
Secondary 0.332 0.064 5.172 0.000
Tertiary 0.552 0.075 7.367 0.000
Literacy; -0.239 0.056 -4.299 0.000
Literacy, -0.296 0.056 -5.247 0.000
Age -0.014 0.002 -7.909 0.000
Wealth 0.008 0.002 3.557 0.000
Income 0.049 0.023 2.096 0.036
Income x Literacy; -0.023 0.021 -1.104 0.270
Income x Literacy, 0.005 0.023 0.222 0.824
Centre South 0.485 0.051 9.474 0.000
Hardship -0.551 0.058 -9.465 0.000
Urban 0.446 0.070 6.410 0.000

Source: Author’s own work.

EMPIRICAL RESULTS

The cumulative logit model with the latent regres-
sion (3) has been estimated by MLEs and by the
M estimators with weights Wix and Wiex. Since there
are three continuous covariates, the tuning constant of
the M estimator is

;532’0.7 =1.914

which produces a limited loss of efficiency in the case
of pure data (lannario et al., 2017; lannario & Monti,
2023b). The Minimum Covariance Determinant estima-
tors (Rousseeuw, 1984, 1985), which has a high break-
down point, have been applied for the estimators

where Py and Zy in the Mahalanobis distance (9). As the
ranges of Wealth and Income are extremely large,
these covariates have been rescaled to aid a better
convergence of the optimization algorithm. Let X be
the original value of the k-th covariate (Wealth or In-
come) corresponding to the i-th statistical unit. The
rescaled values are given by

X, = (Xi —median(X ) / mad (X))

Where median(ﬁ) and mad(s(vk) are the median and the
normalized median absolute deviation of X.. The ML
estimates are in Table 1, while the M estimates with
weights W and W;** are in Tables 2 and 3 respectively.
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Table 2: M estimates with weights w;*

Coefficient Standard Error P-value

Variables

Intercept 1|2 (t1) -0.571 0.168 -3.392 0.001
Intercept 2|3 (t2) 1.078 0.170 6.348 0.000
Intercept 3|4 (t3) 4.024 0.210 19.111 0.000
Secondary 0.261 0.068 3.841 0.000
Tertiary 0.378 0.083 4.530 0.000
Literacy; -0.279 0.058 -4.767 0.000
Literacy, -0.308 0.059 -5.221 0.000
Age -0.016 0.002 -8.021 0.000
Wealth 0.072 0.015 4.921 0.000
Income 0.255 0.051 4.975 0.000
Income x Literacy, -0.142 0.042 -3.346 0.001
Income x Literacy, -0.085 0.046 -1.855 0.064
Centre South 0.648 0.056 11.629 0.000
Hardship -0.437 0.062 -7.053 0.000
Urban 0.475 0.071 6.645 0.000
Source: Author’s own work.
Table 3: M estimates with weights w;*

Variables Coefficient Standard Error T-stat P-value
Intercept 1|2 (t1) -0.603 0.163 -3.703 0.000
Intercept 2|3 (t2) 1.094 0.165 6.642 0.000
Intercept 3|4 (t3) 3.979 0.201 19.792 0.000
Secondary 0.281 0.067 4.173 0.000
Tertiary 0.411 0.081 5.104 0.000
Literacy; -0.264 0.058 -4.532 0.000
Literacy, -0.307 0.059 -5.214 0.000
Age -0.015 0.002 -8.058 0.000
Wealth 0.068 0.010 6.896 0.000
Income 0.218 0.046 4.744 0.000
Income x Literacy; -0.109 0.037 -2.920 0.004
Income x Literacy, -0.078 0.038 -2.041 0.041
Centre South 0.599 0.054 11.137 0.000
Hardship -0.488 0.061 -7.381 0.000
Urban 0.439 0.069 6.332 0.000

Source: Author’s own work.

The main difference between ML and M estimates
is given by the significance of the coefficients related to
the interactions between financial literacy and income.
The ML estimates are not significant. This may be due
to the impact of the extreme design points which cause
an implosion of the slope estimator toward zero (Croux
et al., 2013). The M estimates instead highlight the rel-
evance of the interactions, pointing out that financial
knowledge mitigates the effect of an increase in in-
come.

Pison and Van Aelst (2004) and Croux et al. (2013)
suggest a procedure for detecting anomalous data that
are influential for the MLEs, based on the Mahalanobis
distance (9) and the empirical influence function. De-
tails on this procedure and its application in the current
context are given in the Appendix. This procedure al-
lows us to classify the data in four groups: regular ob-
servations, anomalous responses, good leverage points

characterized by an extreme design point with a re-
sponse consistent with the model, and bad leverage
points such that an extreme design point is associated
with an anomalous response. The left panel of Figure
5 shows how many observations are identified as be-
longing to the four groups and, for each case, reports
the average weight associated by M estimation with
weights w. Regular data have almost weight 1 on
average, and no penalization is generally inflicted. The
average weight of data whose response is identified
as anomalous is 'w = 0.971. Minimal down-weighting
is applied to these data since they have a limited influ-
ence when the logistic link is adopted. Also, extreme
design points associated with coherent responses are
only mildly down-weighted, as the average weight is

w = 0.951. M estimation applies a severe down-

weighting only to bad leverage points. These observa-
tions are very influential for the MLEs, but their influ-
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ence on M estimators is strongly mitigated as
w = 0.397. The boxplots of the weights for the four

Financial Internet Quarterly 2024, vol. 20 / no. 2

groups of data are displayed in the right panel of Figure 5.

Figure 5: Different kinds of observations and M weights w®™
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Source: Author’s own work.

The empirical model obtained by the M estimators
with weights W% is
logit =z +(()d§§)189condary +(()6%811)1Tert|ary—
0.264 Literacy, —0.307 Literacy, —0.015 Age +
(0.058) (0.059) (0.002)

0.068Wealth +0.218 Income —0.109 Income x (10)
(0.010) (0.046) (0.037)
Literacy, —(()0(3378§ Income x Literacy, +

0.599 CentreSouth —0.488 Hardship + 0.439Urban
(0.054) (0.061) (0.069)

All the explanatory variables considered in the
analysis significantly affect risk attitude. In particular,
the empirical model confirms the importance of educa-
tion as a factor determining a stronger risk propensity,
with a more intense impact of tertiary education. This
outcome is obtained when both education and financial
literacy are included among the covariates, but also if
education is considered alone (i.e. without financial
literacy).

The results also show that while overall education
is a factor contributing to raising risk tolerance, finan-
cial literacy tends to reduce risk propensity. In addition,
M estimators recognize statistical significance of the
coefficients related to the income — financial literacy
interaction terms. In this way, the moderating role of
financial literacy is acknowledged for more affluent
households, for whom the effect of financial compe-
tence on risk aversion is enhanced.

Concerning control variables, the coefficients show
signs consistent with the previous studies investigating
the impact on risk aversion of personal, social and con-
text factors. In particular, as previously highlighted by
many contributions (e. g. Bellante & Green, 2004; Yao
et al., 2011), risk propensity turns out to be negatively
related to age. Older people are more unwilling to take

risks for psychological reasons. Furthermore, age is
positively associated to perspectives of worse health
and lower future incomes, which in turn inhibit risk
propensity. Confirming a consolidated result of the
literature, wealth and income (Dohmen et al.,, 2011;
Guiso & Paiella, 2008; Hallahane al., 2004) on one side,
and economic uncertainty (Hochguertel, 2003) on the
other, are significantly related to risk propensity, re-
spectively with positive and negative signs. We also
find that urbanization is relevant to risk attitude, as
urbanized population tends to be less risk-averse,
a result similar to those documented by Outreville
(2015) as well as Shi and Yan (2018). Finally, an inter-
esting finding is that, despite the lower per capita in-
come and wealth, residents in the Centre and the
South show a higher propensity for risk. A lower aver-
age age and a higher share of self-employed workers
may help explain the observed lower risk aversion in
the Centre-South.

Figure 6 shows the estimated probability distribu-
tion of risk attitude, based on (10), when income and
wealth vary. Five profiles are considered by setting in-
come and wealth at their n-th percentile, where n =5,
25, 50, 75, 90. Their values are reported in Table 4. The
left panel considers the case of financial illiteracy
(Literacy, = Literacy, = 0) while in the right panel finan-
cial literacy is assumed (Literacy, = Literacy, = 1). The
individual is assumed to have a secondary school de-
gree, live in an urbanized area of Northern Italy, with
his/her family having no economic hardship. Age is set
at its median value (62 years).

In the case of financial illiteracy, comparatively
higher probabilities are assigned to the moderate - or
high-risk classes, and the moderate-risk or even high-
risk class becomes the modal one for high-income hou-
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seholds. More financial competence brings about
a more cautious attitude (the probability of respondents
being in no - or moderate- risk classes exceeds 0.85). In
addition, differences in the distribution of risk attitude
across income classes tend to vanish. The same pattern

Financial Internet Quarterly 2024, vol. 20 / no. 2

emerges when the distribution is studied for different
percentiles of age and educational levels, as well as
across Northern and Centre-Southern households, and
residents in urban and rural areas (Evidence not repor-
ted here is available upon request).

Table 4: Percentiles of Income and Wealth ithousands Eurosi

Income 10.2 21.9

37.2 61.8 173.5

Wealth 1.0 92.0

221.5 501.1 221.4

Source: Author’s own work.

Figure 6: Distribution of risk attitude at selected percentiles of Income and Wealth
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Source: Author’s own work.

FINAL REMARKS

To assess the role of education and financial litera-
cy on self-reported risk attitude, a cumulative logit
model is applied. Estimation is performed through
MLEs and M estimators with a bounded influence func-
tion. The latter effectively limits the impact of anoma-
lous data on the fitted model, leading to a proper as-
sessment of the effect of covariates.

The empirical model shows that overall education
contributes to raise risk tolerance, while financial litera-
cy tends to reduce risk propensity.

APPENDIX

This appendix illustrates the procedures leading to
the classification of the data displayed in Figure 5.

The information matrix is given by
swyzg[a[aaquaaY)QWxﬂ

where the conditional expectation of the product of
the score function given X = x is

E, [S(6.Y,X)S(0.Y, X)X =x]=
ZLS(B; ., Xx)S(8; i, )" P(Y = j|x)

In the observed information matrix the parameter 0 is
replaced by the robust estimator §M, which is unaffect-
ed by outliers. By following Croux et al. (2013), the dis-
tribution of covariates is estimated by the empirical
distribution based on the observations which are not
detected as outliers in the space of the continuous ex-
planatory variables, i.e. for which

”Xi” < Zﬁc,f =d

where p. is the number of continuous variables and T =
0.975. Hence the observed information matrix is com-
puted as follows

SO =3 XSO 1 X)S O X
Pau (Y = j|X)

where =
Pau (Y = j|X;)
is the estimated conditional probability obtained by
replacing 6 by By, in equation (4).
The empirical influence function for the MLE corre-
sponding to (Y;, X;) is
EIF(Y,, X,) = 3(0u) S (@m;Y,, X,)
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The overall influence measure of a single point (Y;, Xi)
on the regression coefficients is computed as the Eu-
clidean norm of the sub-vector of the influence func-
tion EIFB (y, x) related to B standardized by the number
of parameters (Pison & Van Aelst, 2004; Croux et al.,
2013) EIE T

5 (Y, X)) EIF, (Y, X,)

Jp

To detect influential points, it is necessary to identify
a cutoff for EIF;. The Monte Carlo procedure by Pison
and Van Aelst (2004) is adapted to the present context
through resampling. B = 1000 datasets of the same size
n are generated by the model fitted by M estimators.
The covariates are sampled from the estimated distri-
bution of the X;. Let (X;*, Y;*) for i=1, 2, ..., n be a boot-
strap sample and let /B\M* be the M estimator. For each
dataset the empirical influence function of (Y;*, X;*) is
replicated as

EIF (Y, X)) = 3(0u) *S(@u:Y, . X;)

EIF i =

Financial Internet Quarterly 2024, vol. 20 / no. 2

Where
3(Om) =1, > S(Om; 5, X)S (0w §, X))
Pai (Y = j[X;)

The information matrix is computed by summing
over all the X;*, since resampling is performed from the
empirical distribution of X;, after removing outlying
points. The cutoff goos- is determined as the 95" per-
centiles of all the overall empirical influence functions
obtained for the observations of all the B datasets.

This procedure allows to split the data in four groups
(Pison & Van Aelst, 2004) as illustrated in Figure 7. Ob-
servations such that ||X;|| < d and EIF; < qo‘gsElF are regu-
lar observations. In case of anomalous response we
have [|Xi]| < d and EIF; > qoos- . For good leverage points
we have ||| > d and EIF; < qo.os . Finally, bad leverage
points are such that ||Xi]| > d and EIF; > o5

Figure 7: Observations according to their Mahalanobis distance and their empirical influence function

EIF 4
‘incoherent’ with ‘outlying desing
non-outlying design points’ with
points incoherent responses
EIF
q0.95
‘outlying desing
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2 1/2 Xl
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Source: Author’s own work.
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