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1. Introduction

The global financial crisis, although it emerged in the US subprime mortgage market, has
induced harsh worldwide spillover effects to the real economy. One of the short-run
consequences of such an abrupt downturn was a 19.1% increase in global unemployment in
2009 with respect to 2007 (International Labour Office, 2010). In the same period, the Euro
Area (EA) unemployment raised by only 2 percentage points (Pissarides, 2013). However, the
major EA economic turmoil had yet to begin. The outbreak of the sovereign debt crisis has
forced peripheral EA countries (especially Greece, Ireland, Spain, and Portugal) to request
financial assistance packages from the troika. These heavily indebted countries had to
implement severe austerity measures to correct for their fiscal imbalances, which in turn
triggered high and persistent unemployment (Dias, 2017; Lane, 2012; Lucarelli, 2011). In
March 2013, the EA unemployment rate reached 12.1%, its highest level since EA inception.
This led the European institutions to identify market labour disequilibrium as an obstacle to
efficient monetary policy transmission mechanism and a driver of high adjustment costs due to
idiosyncratic shocks such as Great Recession or the sovereign debt crisis. In a recent paper,
Kristi¢ et al. (2018) found evidence of a certain degree of unemployment hysteresis in the EA
countries.

In the crisis aftermath, most economic indicators started to pick up and the EA headed
towards a slow and steady expansion. However, since the beginning of 2015, the labour market
has experienced imbalances. Although official unemployment figures have not significantly
changed, immigration pressure has influenced agents’ unemployment expectations (European
Commission, 2018). This background has led us to analyse the effect of news on consumer
unemployment expectations.

We add to the literature in four specific aspects. First, we aim at designing a survey-based
unemployment sentiment indicator (USI). While macroeconomists have long ago used survey
data to build confidence indicators, these are mostly designed to track households’ financial
decisions (Biatowolski, 2019) or macroeconomic aggregates such as inflation or economic
growth (Batchelor, 1982; Hansson et al., 2005). The construction of unemployment
expectations indexes seems to be quite neglected in the literature. Hutter and Weber (2015) and
Claveria (2019a,b) are among the very few existing studies addressing this issue. We use
qualitative survey data from the Consumer survey conducted by the European Commission

(EC) to compute households’ expectations and design a consumer USI.



Consumer surveys ask respondents about a very wide set of economic issues ranging from
their spending intentions to the general economic situation influencing those decisions. The EC
builds upon this abundance of survey data and constructs a set of widely utilized survey-based
indicators by choosing particular survey questions and weighting their respective response
balances (Sori¢ et al., 2016). We use an assumption-free approach based on empirical modelling
to inspect whether the information content of the survey mostly reflects consumers’ perceptions
about the past or their future expectations. We follow Claveria et al.’s (2017) approach to
quantify qualitative survey data on the direction of change. This data-driven procedure based
on evolutionary computation allows us to find the combination of survey questions that best
tracks unemployment rates. Evolutionary computation can be regarded as a subfield of artificial
intelligence, and is being increasingly applied to automated problem-solving in economics
(Alvarez-Diaz, 2019; Claveria et al. 2019a,b).

Some of the features of empirical modelling are particularly indicated to deal with the
problem at hand. On the one hand, this approach is especially suitable for finding patterns in
large data sets with little or no prior information about the system. On the other hand, empirical
modelling allows to simultaneously evolve both the structure and the parameters of the models
without imposing any assumptions regarding agents’ expectations. In this study we apply a
metaheuristic based on symbolic regression (SR) via genetic programming (GP). This
modelling approach is characterised by the implementation of evolutionary algorithms for the
search of the space of mathematical expressions that best fit a given dataset. See Dabhi and
Chaudhary (2015), O’Neil et al. (2010), Poli et al. (2010), and White et al. (2013) for a detailed
review of the main issues of GP.

Empirical studies of this sort mostly resort to quantifying population-wide consumer
sentiment or expectations (Manski, 2018). However, even the early empirical studies (Zagdrski
and McDonnell, 1995), as well as the more recent ones (Sori¢ and Cizmesija, 2013; Easaw et
al., 2013; Toussaint-Comeau and McGranahan, 2006) have shown that economic sentiment is
remarkably heterogeneous across socio-economic or socio-demographic groups. We consider
the observed heterogeneity by segregating the data provided by the EC consumer survey into
strata according to age, income, education, gender, and occupation. For each consumer category
within individual stratification variables, we apply GP and calculate a group-specific USI and
assess its out-of-sample forecasting performance. The purpose of this empirical strategy is to
scrutinize whether socio-demographics indeed do play a role in governing consumers’

unemployment sentiment.



Finally, our last contribution stems from a more recent line of research, investigating how
agents respond to economic news (Nguyen and Claus, 2013). We measure the reactions of
consumer unemployment sentiment to various economic news at a disaggregate level, taking
into account each individual socio-demographic group. This approach allows us to test for
possible asymmetries in consumers’ reaction to positive and negative news, building upon the
renowned prospect theory (Kahneman and Tversky, 1979).

The structure of the paper is as follows. The next section reviews the existing literature. In
Section 3 we present the methodological approach, describing the data and the experimental
set-up. Empirical results are provided in Section 4. Finally, the discussion and conclusions are

drawn in Section 5.

2. Literature review

Economic agents’ capability to accurately assess and predict micro and macroeconomic
variables has long been one of the focal points of applied economic research (Abberger, 2007;
Billstam et al., 2017; Bruestle and Crain, 2015; Claveria et al., 2007; Clements, 2019; Graff,
2010; Hanson et al., 2005; Lehmann and Wohlrabe, 2017; Martinsen et al., 2014; Mitchell et
al., 2005a,b; Vermeulen, 2014; Wilms et al., 2016). When focused on consumer sentiment, this
strand of research has provided an abundance of empirical evidence in favour of the Katonian
hypothesis, which refers to the leading properties of consumer confidence, or economic
sentiment in general, with regards to various forms of economic activity. See e.g. Blood and
Phillips (1995) for an overview of the concept. Consumer confidence is found to feed into
aggregate household consumption (Nguyen and Claus, 2013), stock market returns (Chen,
2011), and the overall economic activity (Van Aarle and Kappler, 2012). However, several
voices have been raised that different socio-economic or demographic groups generate
immensely diverse perceptions and expectations of main macroeconomic indicators. The
purpose of this section is to pinpoint socio-demographic characteristics that appear to be the
driving force behind the heterogeneity of consumer confidence between various population sub-

groups, and to briefly revise some of the main applications of GP in economic research.



2.1. Heterogeneity in consumers’ assessments of the economy

The heterogeneity between the consumer confidence levels of different socio-demographic
cohorts has been recognized even by the early contributions in this field of research. Coleman
(1983) lays out the theoretical foundations of the interrelationships between socio-economic
classes, their set of beliefs and consumption patterns. However, the obtained empirical evidence
has remained mostly descriptive or based on unpretentious methodological frameworks such as
simple t-tests. For example, Zagorski and McDonnell (1995) revealed that the composite US
Consumer Confidence Index (CCI) significantly diminished with respondents’ age. They also
reported that CCI heavily depended on gender (men being more optimistic), occupational
characteristics (white collar vs. blue collar) and work status (working vs. not working). Zagoérski
and McDonnell (1995) found that socio-economically deprived consumers tended to be less
optimistic about the overall economic climate in the country and their own financial situation.
It should be noted that these findings were not inherent solely to the aggregate concept of
consumer confidence. Similar findings were also found for the notion of inflation sentiment.
For example, Sori¢ and Cizmesija (2013) found that economically disadvantaged consumers
tended to be more upward biased both in terms of inflation perceptions and expectations than
the well-off consumers.

Toussaint-Comeau and McGranahan (2006) obtained very similar results, proving that the
obtained inference has stood the test of time. They provide additional evidence by finding that
race and schooling also played an important role in the process of generating economic
perceptions and expectations. Toussaint-Comeau and McGranahan (2006) explained socio-
economically driven differences by attaching the role of a moderation variable to
unemployment. They reverted to the arguments of Ludvigson (2004), who asserted that the
broad concept of consumer confidence firmly co-moves with unemployment. The latter variable
thus affecting the strength of the relationship between consumers’ socio-demographic
characteristics and their judgements of the economy. Toussaint-Comeau and McGranahan
(2006) corroborated such a moderation effect by finding that consumers’ survey response
patterns were highly correlated to their group-based unemployment experience rather than to
the unemployment figures for the entire population. Lahiri and Zhao (2016) empirically proved
the same rationale by finding that unemployment expectations explained a considerable part of

the consumer sentiment variation.



It is also worthwhile mentioning a study by Tahal et al. (2016). The authors performed a
meticulous stratification of Czech consumers into socioeconomic classes. When inspecting the
levels of economic optimism within individual classes, the most pronounced differences
aroused in terms of fear of poverty or finding suitable jobs.

To summarize the referenced literature, it is obvious that the information set contained in
CS is largely related to the construct of unemployment sentiment. At the same time, similar
empirical studies are mostly focused on the utilization of survey data in tracking business cycles
(Cristiansen et al., 2014), economic activity (Eickmeier and Ng, 2011) or inflation (Sori¢ and

Cizmesija, 2013). In this study, we aim to fill this gap by quantifying unemployment sentiment.

2.2. The news — Economy nexus

Whether or not news have an influence on economic decision-making depends on agents’
cognitive capacity of processing information (Reis, 2006), their level of economic literacy
(Burke and Manz, 2014) and their knowledge of the underlying models needed to properly
assess economic phenomena, as well as on the saturation levels of news messages (de Vreese
and Boomgaarden, 2006).

Overall, it has been widely documented that news have a certain effect on the behaviour of
economic agents, their economic perceptions and expectations, as well as on the functioning
mechanisms of the national economic system. Macroeconomic news announcements were
reported to increase the volatility of government bond prices (Green, 2004). It was also found
that they add to the conditional variance of both the exchange rate and the long-term interest
rates (Fornari et al., 2002). Soroka (2006) found that media reports about the economy
significantly fed into citizens’ prevailing economic sentiment. In a similar vein, Ju (2008) even
documented that news media had a larger role in shaping consumers’ economic sentiment than
do hard economic data. To summarise, the literature is unequivocal in the finding that news
play a certain role in governing both economic sentiment and actual economic activity.

Many voices have also been raised that the nexus between news and the economy is not so
straightforward and linear. On the contrary, there seem to be asymmetric effects, i.e. economic
agents seem to react more intensively to bad news than to good news. The sole idea of possible
asymmetries dates back to the well-known prospect theory. Kahneman and Tversky (1979),
based on a series of experiments, found that economic agents are loss averse. They seem to

react more strongly to a loss in their utility function than to a gain of an exact same magnitude.



Over the years, this theoretical notion has been translated into a large number of studies
corroborating the stated asymmetry. The largest body of evidence refers to the asymmetric
reaction of financial markets to bad vs. good news (Cizmesija et al., 2017; De Bondt and Thaler,
1985; Koutmos and Booth, 1995).

Some authors have found similar asymmetric effects in shifts of consumers’ confidence.
Nguyen and Claus (2013) obtained a significant effect of bad news on consumer sentiment for
different socio-demographic groups of consumers, while the impact of good news was
inconsequential. The authors also found that consumer sentiment reductions decreased the
volume of private consumption, while sentiment increases did not have a significant effect.

Ju (2008) found that consumers adapted their sentiment much more intensively to an
intensification of negative than of positive news reports. Moreover, Soroka (2006) showed that
the prevailing economic sentiment did not react significantly at all to positive news reports on
the economy, while negative stories did reflect in the growth of economic pessimism.

It seems, therefore, that there is plentiful evidence of asymmetries in the way consumers’
expectations adapt to positive and negative news. In this research we perform such an analysis

for unemployment expectations of different socio-demographic groups.

2.3. Applications of GP in economic research

Data-driven methods are being increasingly applied in economic research. One of the most
versatile data-driven procedures is GP, which is a soft computing technique based on genetic
algorithms (GAs). This approach for model approximation applies Darwinian principles during
an evolution process in which an initial population of computer programs are bred through
generations in order to find a set of analytical functions that best fit the data. One of the main
advantages of this approach is that it does not assume an a priori model, allowing the model
structure to vary during the evolution, and finally providing a mathematical expression that
approximates the dynamics of the time series. This feature provides a quick overview of the
most relevant interactions between variables and can help to identify new unknown links. As a
result, due to its suitability to find patterns in large datasets and to handle complex modelling
tasks, this empirical modelling approach is attracting researchers from different areas
(Alexandridis et al., 2017; Alvarez-Diaz et al., 2009; Pan et al., 2019).

Koza (1992) used GP to estimate SR. One of the first applications of GP in economic

research is that of Koza (1995), who used this procedure to assess the non-linear interactions



between the price level, gross national product, money supply, and the velocity of money. Other
seminal works are those of Szpiro (1997a,b), Allen and Karjalainen (1999) and Beenstock and
Szpiro (2002).

In recent years there has been a growing number of applications of evolutionary computing,
especially in finance (Acosta-Gonzalez and Fernandez, 2014; Chen and Kuo, 2002; Fogel,
2006; Lawrenz and Westerhoff, 2003; Vasilakis et al., 2013; Wei, 2013; Yu et al., 2004), and
for stock price forecasting in particular (Chen et al., 2008; Kaboudan, 2000; Larkin and Ryan,
2008; Sheta et al., 2015; Wilson and Banzhaf, 2009). See Drake and Marks (2002) for a review
of the applications of GAs in financial forecasting.

By contrast, applications in economics have been scarcer, and mostly oriented to forecasting
See Chen and Kuo (2002) for a classification of the literature on the application of evolutionary
computation to economics and finance. Regarding trade, Chen et al. (2010) applied GP in a
vector error correction model to forecast US imports from China, and KI'u¢ik (2012) estimated
total exports and imports to Slovakia by means of SR. Regarding prices, Kronberger et al.
(2011) identified interactions between economic indicators via SR in order to estimate the
evolution of prices in the US. Alvarez-Diaz and Alvarez (2003, 2005) used GP to forecast
exchange rates.

With regards to economic activity, Kotanchek et al. (2010) combined SR and GP to model
GDP per capita using a wide range of countries and attributes. Duda and Szydto (2011) applied
a version of GP to develop a set of empricial models to forecast GDP in Poland. Yang et al.
(2015) used a data-driven approach based on SR to predict oil production in the US, using data
from the 48 lower states since 1859. Markovi¢ et al. (2017) made use of 10 science and
technology factors as inputs for GDP growth prediction in 28 EU countries. More recently,
Claveria et al. (2018) applied a GP procedure to derive a set of building blocks used to estimate
economic activity in the main European countries, finding that the proposed economic indicator
outperformed a random walk model used as a benchmark in most cases.

In this study we implement SR via GP to find the relationship between a wide range of
expectational variables and unemployment rates. By combining a SR approach with GP, we
derive mathematical functional forms that can be regarded as the optimal combinations of

survey variables that best fit the actual evolution of unemployment.



3. Data and methodology

This section briefly introduces the dataset and describes the employed methodology. On the
one hand, we describe the experimental setup designed to extract consumers’ unemployment
expectations. On the other hand, we present the model used to construct economic news and

assess their influence on the quantified unemployment expectations.

3.1. Data

As we aim to formalise the optimal interactions between consumers’ expectations that best
estimate the evolution of unemployment in the EA, we use two types of information: qualitative
survey data and quantitative official statistics from 1998:04 to 2018:08. Regarding the former,
we make use of seasonally adjusted balances from the joint harmonised EU consumer survey

conducted by the European Commission (https:/ec.europa.eu/info/business-economy-

euro/indicators-statistics/economic-databases/business-and-consumer-surveys_en). We employ the

information from all available monthly questions (see Table 1). With regards to the quantitative
information used as the target variable, we employ the standardised unemployment rates
provided by the European Central Bank (ECB), which are also freely available
(http://sdw.ech.europa.eu/quickview.do?SERIES_KEY=132.STS.M.I8.S.UNEH.RTT000.4.000).

Table 1

Consumer Survey — Monthly variables
Financial situation over last 12 months X1
Financial situation over next 12 months X2
General economic situation over last 12 months X3
General economic situation over next 12 months X4,
Price trends over last 12 months X5
Price trends over next 12 months X6
Unemployment expectations over next 12 months X7
Major purchases at present X8
Major purchases over next 12 months X9,
Savings at present X10;,
Savings over next 12 months X11;
Statement on financial situation of household X12;,



https://ec.europa.eu/info/business-economy-euro/indicators-statistics/economic-databases/business-and-consumer-surveys_en
https://ec.europa.eu/info/business-economy-euro/indicators-statistics/economic-databases/business-and-consumer-surveys_en
http://sdw.ecb.europa.eu/quickview.do?SERIES_KEY=132.STS.M.I8.S.UNEH.RTT000.4.000

Table 1 contains the twelve survey variables used in the study, denoted as x,,, where i refers
to each group of consumers and t to the time period. See Batchelor (1982, 1986) for an appraisal
of the data from the consumer survey. Survey variables can be divided in judgements about the
present (x8,,x10;,, and X12,), perceptions about the past (x1,,x3, and x5;), and
expectations about the future (X2, X4, , X6, X7, X9, and x11;,). We group judgements and
perceptions, on the one hand, and expectations on the other in order to generate present and
future expectations, which we average to construct the USI.

Table 2
Socio-demographic groups — Survey sub-categories

Income of the household

1%t quartile included RE1
2" quartile included RE2
3 quartile included RE3
4™ quartile included RE4
Education of respondent

Primary ED1
Secondary ED2
Further ED3
Age of the respondent

16-29 AG1
30-49 AG2
50-64 AG3
65+ AG4
Sex of the respondent

Male MAL
Female FEM
Occupation of respondent

Work full-time PR8
Work part-time PR9
Unemployed PRO

The analysis is carried out for 16 sub-categories of consumers regarding the income of the
household (four quartiles; RE4 being the lowest income quartile), the level of education
(primary, secondary and further), the age and gender of the respondents (16-29, 30-49, 50-64,

and 65 or more) and the occupation (full-time, part-time, unemployed). See Table 2.



3.2. Genetic programming as a tool for extracting expectations from survey data

GP can be regarded as a soft computing technique, particularly suited to automated problem
solving. In this study, we use GP to estimate symbolic regression (SR). We design two
independent SR experiments for each socio-demographic group. In the first, we link
unemployment rates to judgements and perceptions so as to obtain a coincident USI. In the
second, we link unemployment rates in t+12 to expectations in order to obtain a prospective
USI. In both cases, genetic algorithms search the space of mathematical expressions that best
fit our dataset, finding patterns across survey variables. This approach is particularly suitable,
as there is no a priori information regarding the interactions between the different survey
variables. GP simultaneously evolves the structure and the parameters of the expressions that
formalize the interactions between survey variables that best fit the evolution of unemployment
rates. As there is an arbitrary functional relationship between the set of survey variables, we

link them to the unemployment rates in the EA by means of two SR models:
Y = f(Xlit, X3itv XSt X8it, XlOit, XlZit) (1)
Vi = f(XZit, X4, X6;¢, X7, X9y, Xlln) (2)

Where X, are the different survey variables, and vy, is a scalar referring to the monthly rate of

unemployment in the EA at time t. Expression (1) is used for judgements about the present and
perceptions about the past, and expression (2) for expectations for the next 12 months.

For each socio-demographic group we implement GP to evolve a symbolic expressions (1)
and (2) until a stopping criterion is reached. Given the trade-off between accuracy and
simplicity, we have chosen a maximum number of 100 generations as the stopping criterion.
For each simulation, a first random population of 75000 functions is generated. Afterwards, the
best 7500 elements are selected for the evolutionary phase, where genetic operators (crossover
and mutation) are applied to raise the fitness of the population generation after generation. We
use the mean squared error (MSE) as the fitness function. See Claveria et al. (2017) for a

detailed description on the implementation of GP.
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3.3. A methodological framework for assessing asymmetries in news effects

There are valid reasons for the hypothesis that consumers respond to various inputs from
their surroundings by revising their expectations in an asymmetrical manner (Kahneman and
Tversky, 1979). Numerous signals come to consumers, and the sources vary from their family
and friends, to media and changes in the real economy (store purchases, job situation, industry
changes, etc.). Given the wide range of inputs, consumers do not necessarily react in the same
manner to all of them. To fully understand and quantify how news about the real economy
influence consumers’ unemployment expectations, we employ a framework developed by
Nguyen and Claus (2013).

First, we define news in our analysis, and then explain how news are linked to expectations
of various heterogenous consumer groups. Secondly, we inspect the mapping between news
and unemployment expectations.

As we are interested in observing how consumers’ expectations about unemployment react
to new economic information, we focus on information about several relevant variables
depicting the current state of the EA with regards to stock markets, production, and inflation.
Specifically, we extract news about (i) the Eurostoxx50 index (source: Thomson Reuters), (ii)
industrial production in the manufacturing sector (source: Eurostat), (iii) the Harmonized Index
of Consumer Prices (source: Eurostat), (iv) the index of retail turnover (source: Eurostat), and
(v) unemployment rates in the EA (source: ECB).

In this study, we define news in a particular variable as the first difference of the variable:

& = As; 3

where s, refers to the natural logarithm of one of the following four monthly variables:
retail (retail turnover), ind (industrial production), unem (unemployment rate), and hicp
(inflation). Since stock market data is available on a daily basis, we use its daily figures to
match the CS conduction time precisely. Stock market news are then defined as the average of

differences in the first 21 days as only working days are included:

& = Zilzz Asy (4)

where s is the logarithm of the stock market index.
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In order to analyse the effect of news on expectations, we decompose ¢; into positive and

negative parts in the following way:
et = max(g,0) and & = min(g, 0) (5)

where & denotes good news, linked to a positive change in the economy, and &7 denotes
bad news. We want to note that news about unemployment and inflation have an inverse
interpretation.

The second part is built upon mapping lagged news with unemployment expectations in the

following manner:
unem_exp, = ¢ + Y& o(Bel; + Ber) + e (6)

where unem_exp; is the logarithm of unemployment expectations (USI) as computed in
the previous section, ¢ is a constant, B and B; are the corresponding good/bad news
coefficients, and e, is the error term. The number of lags k = 0,...6 is determined by
minimizing the Akaike criterion. To inspect for possible asymmetries in the model, we perform
two Wald tests (Wald* and Wald™~) with the corresponding hypothesis respectively Hy: B3 =
BT =--=PB;i =0and Hy: By = B7 =+ = B, = 0. If the null is rejected for the Wald™* test,
then good news in the corresponding variable s, has a significant effect. However, if the null is
not rejected, then there is not enough evidence to support the influence of good news. The same

reasoning is valid for the Wald™ test.

Special care is taken of the lag choice in equation (6). Unemployment expectations are
calculated using survey data, which are published by the end of each month, so we cannot match
them with the corresponding monthly figures of ind, retail, hicp, and unem, as consumers do
not yet have the opportunity to react to them. The detailed schedule is available at ECB's web-

site (https://ec.europa.eu/eurostat/news/release-calendar). So, instead of using lags i =

0,1, ..., k (maximum k is six) in the equation (6) we use i = 1,2, ..., k (maximum k is seven).
The rationale behind this mapping is to assess only the data that consumers could have heard
about and accordingly could have used to adjust their expectations. Stock market data is
available daily, so we use lags as in equation (6).

We apply this framework to investigate if there are differences between the reactions of the
various socio-demographic sub-groups: four income cohorts, four age groups, three different

employment status groups, three education levels, and male vs. female comparison.
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4. Empirical results

In this section we first assess the forecasting performance of the symbolic expressions obtained
through the evolution process for each group of consumers. These expressions can be regarded
as USI for the present and for the future respectively.

Tables 3 and 4 contain the evolved expressions that link survey information to
unemployment rates for each socio-demographic group, both for perceptions and judgements
about the present (Table 3) and for expectations about the future (Table 4). The symbolic
expressions obtained for each category in the first round of experiments can be regarded as
coincident sentiment indicators of unemployment, while the expressions evolved in the second
round are leading sentiment indicators of unemployment.

Next, we reserve the last 32 periods of the dataset ranging from 2016:01 to 2018:08 to assess
the out-of-sample forecasting performance of the evaluation of the USI obtained by aggregating
present and future expectations according to the period they are referred to. The splitting
strategy of the sample period followed in this study is the one recommended in the literature
(Bishop, 1995; Hastie et al., 2009). In Table 5 we present the root mean squared forecasting
error (RMSFE) for each socio-demographic group.

In Table 3 we can see that variables X1 (financial situation over the last 12 months) and X5
(price trends over the last 12 months) are the most relevant survey variables, followed by X3
(general economic situation over the last 12 months) and X10 (savings at present). Regarding
future economic expectations (Table 4), variables X9 (major purchases over the next 12 months)
and X11 (savings over the next 12 months) are the ones that appear more frequently in most

consumer groups.
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Table 3
Evolved expressions for each socio-demographic group — Coincident unemployment indicators

RE1 —0.03*X5 — 0.01*X8 — 0.27 * X12 + 9.73

X3 + X5

RE2 - — + 10
0.1%X10 — (X3 + 2)*%+ 10

811 X5 — 0.55

RE3 ) 2280 E
105+ v X1 - 10
10
X5 + ———
RE4 0.1+ %10
PRI 4,
—X1 + X12
ED1 —X3 4+ 10 (X12) * (=X1 + X12) — (X12) * (X1 + X5+ X12 — 9.5)
(X12) * (X1 + X12)
X1 + X10
ED2 - 1 + 10
—0.24 X1 — 0.24% X5 + 0.76 * X10 +m
ED3 —0.07* X1* X1 + 0.32 X5 — 96.63
—10
AGL —383xX1 — 1.1+X5+ 10+ X10+ 1
X10
12+ X1 + X5 — 10+ X12 + 15.35
AG2 - -
X1 — X12 + 1.53
107 0.1
AG3 T X1 X1
(05 5= 13712) * (05 %3)
AGA 10 % (X3) * (=X3 + X12+ 3.63) — (X3) * (X3 + 2% X5 — 20) + 2
(X3) * (—X3 + X12 + 3.63)
X1 X8
MAL —2 % — e T h—
2* 310 V38 aazaxo T ?
X5 /X3 + X5 — 1.84
FEM _(—)
10 453 X10
PRS —5.05%X1 — 1.1+ X5+ 891+ X10 — 0.11
X10
PR9 N CI 0.07 * X10 + 12
— —_— *
X12 :
—X3 +m+ 12
PRO 11+ X1 + 10+ X3 + 11+ X5+ X10 — 205

X1 + X3 + X5 — 20.5
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Table 4
Evolved expressions for each socio-demographic group — Leading unemployment indicators

RE1 —0.1%X7 + 0.1%X9 + (X7 — 0.57) * (—0.2 * X9 + 4.97)
X7 — 0.57

(—0.26 * X9 + 3.08) * (X9 + X11) — 34.14

RE2
X9 + X11
RE3 —0.22%*X9%X11 + 10*X11 + (—0.25% X9 + 4.52) * (X9 * X9)
X9 x X9
RE4 6428+ X2 — (X2 — 5.93) = (X2+ 1) — 352.68
6.43 % X2 — 35.27
X2 X7 —0.24 % X9 + 4.69
ED1 + (X7) % (—0.24 * + 4.69)
X7
ED2 —0.38* X9 + 0.09*X11 + 2.89
ED3 —0.18% X2 % (X2 — 5.99) + (—0.25% X9 + 5.49) * (X9)
X9
AG1 ) —— 0. )
032*X2*X9*X9 0.29% X9 + 4.79
10 X9 — X11
AG2 AL XY 10 (0.41 * X9 + 0.35) = (X9)
—0.78 %« X9 * X9 — 10.34 x X9
AG3 2%X9 + 27.09
AGA (—0.22 * X9 + 4.37) +(0.88+ X9 + 10.1) — 1.86
0.88 * X9 + 10.1
—X11 —0.23* X9 + 4.38)* (X9 + 3.4
MAL + ( * X9 + )* (X9 + 3.4)
X9 + 3.4
—X11+ (—0.28* X' 4)%(X9) - 9.31
EEM + (-0.28%X9 + 4)*(X9)— 9.3
X9
PR8 0.04 * X7 + 853
PR9 —0.07*X2 — 0.1%X9 + 7.34
x4 — 1.40)*%— 05 049
PRO 4,66 — +
X11 292

X9
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Table 5

Out-of-sample forecast accuracy — RMSFE (2016:M1-2018:M8)

RMSFE RE1 RE2 RE3 RE4 ED1 ED2 ED3 M F
Present 1.52 1.79 4.23 0.28 0.72 0.87 0.29 10.20 23.62
Future 0.60 0.58 0.58 0.41 0.34 0.35 0.53 0.30 0.35
Aggregate 0.88 0.59 1.12 0.28 0.45 0.27 0.22 2.26 4.94
expectations | (8.40)  (2.59) (5.71)  (2.94) | (5.38) (3.27) (3.23) | (4.96)  (2.66)
RMSFE AG1 AG2 AG3 AG4 PRO PR8 PR9

Present 0.25 0.43 1.59 0.66 - - -

Future 1.06 0.49 0.29 0.48 0.16 0.78 0.44

Aggregate 0.33 0.09 0.36 0.37 - - -

expectations | (2.63) - (239)  (5.17)

Note: Due to data availability for PRO, PR8 and PR9 the RMSFE can only be computed for the future up until 2017:04.
Diebold-Mariano test statistic with Newey-West estimator between brackets. Null hypothesis: the difference between the two
competing series is non-significant. A negative sign of the statistic implies that the second series has bigger forecasting errors.
Critical value at the 5% level: 2.028.

Regarding the out-of-sample performance of USI in the future setting, Table 5 shows that
the results are similar across the different socio-demographic groups. The group where we
observe the bigger differences among categories is the occupation, where the lowest forecast
errors are obtained for the unemployed respondents. This reveals a very interesting, but quite
unexpected result. Economic and psychological studies of consumer behaviour suggest that
higher socio-economic classes tend to be future oriented, while the less fortunate are mainly
occupied with building short-term prosperity of their families and their inner social circle
(Henry, 2005; Piff et al., 2010). However, Table 5 strongly contradicts that for the case of
unemployment sentiment.

Regarding the present setting, the results seem much more heterogeneous. Quite curiously,
when it comes to income, the disadvantaged consumers (RE4 category) anticipate future
unemployment rates with the highest accuracy. This can be linked to the fact that the
unemployed consumers also exhibit multiple times lower RMSFEs than the employed ones
(PR8 and PR9). Both of these findings are explicable through the availability heuristic
(Kahneman and Tversky, 1974). Consumers obviously generate more accurate predictions of
actual unemployment rates if they themselves have the experience of being unemployed, or if
they are currently facing job insecurity.

The present setting also reveals that education is a significant predictor of forecasting
accuracy. As expected, consumers with the highest education level (ED3) provide remarkably

lower RMSFEs than the less-educated respondents. This result is deeply rooted in the concept
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of economic literacy (Burke and Manz, 2014). It is obvious that formal economic knowledge,
willingness to gather information, as well as the cognitive abilities for organizing and
processing them, are highly related to the overall precision of unemployment expectations.

Males also produce significantly lower RMSFEs than females. This again comes as no
surprise since women are in general found to be more pessimistic (Jacobsen et al., 2014) and
more biased when it comes to assessing hard macroeconomic data (Zagérski and McDonnell,
1995).

When expectations are aggregated, the lowest RMSFE is obtained for expectations of
respondents aged between 30 and 49 years (AG2). In order to evaluate whether the reduction
in forecast accuracy between each group of consumers and the group with the best forecast
results (AG2) is statistically significant, we compute the Diebold-Mariano (DM) statistic of
predictive accuracy (Diebold and Mariano, 1995). The null hypothesis of the test is that the
difference between the two competing series is non-significant. A negative sign of the statistic
implies that the second series has bigger forecasting errors. Results presented in Table 5 show
that the reduction in forecast accuracy obtained by respondents aged between 30 and 49 years

when compared with the rest of consumer groups is always significant.

Next, we explore the reaction of the different groups of consumers to a range of economic
news and we evaluate whether there is asymmetry in the response to news where consumers
react to bad news but not to good news. Equations (5) and (6) are estimated using the Newey-
West Heteroskedasticity-and autocorrelation-consistent (HAC) standard errors. In doing so, the
coincident (Table 3) and leading indicators of unemployment (Table 4) are averaged for each
socio-demographic group to obtain the dependent variable in equation (6). Table 6 summarises
the impact of stock market news on the expectations of the assessed socio-demographic
subgroups of consumers. Estimations for the three unemployment statuses (PRO, PR8 and PR)
categories are done for the period 1999:04 — 2016:04. The time span for all other subgroups is
1999:04 - 2018:08.

In Table 6, we can observe that consumers’ unemployment expectations seem to respond to
stock market news in the case of low-income consumers, the youngest and the oldest consumer
groups, as well as women and the unemployed respondents. This is in line with the findings of
Zagorski and McDonnell (1995).
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Table 6
Impact of news on the expectations of heterogeneous consumer groups

News p-value REl RE2 RE3 RE4 | EDI ED2 ED3 M F
Stock market Wald* | 064 002 000 024 | 052 010 037 | 057 007
Wald~ 035 071 004 007 | 023 016 027 | 012 074
Industrial Wald* | 019 017 035 000 | 048 021 069 | 009 081
production Wald- | 009 027 002 000 | 014 069 097 | 006 068
Unemployment Wald* 050 0.00 025 000 | 002 089 002 | 058 040
Wald~ 092 00l 000 002 | 005 006 0.1 | 089 007
Inflation Wald* | 000 002 007 001 | 000 001 006 | 0.06 0.00
Wald~ 014 086 064 063 | 043 058 042 | 037 083
Retail turnover Wald* 074 071 000 023 | 091 057 091 | 092 047
Wald~ 068 098 000 002 | 088 077 057 | 081 0.60
p-value AGL AG2 AG3 AG4 | PRO PR8 PRY
Stock market Wald* 000 026 042 019 | 007 010 024
Wald~ 003 038 007 005 | 015 072 059
Industrial Wald* 075 056 083 063 | 055 059 043
production Wald- | 093 052 067 068 | 067 031 0.77
Unemployment Wald* 000 0.07 015 005 | 028 0.00 0.02
Wald~ 002 004 004 001 | 006 000 0.00
Inflation Wald* | 007 004 001l 000 | 0.00 001 0.0
Wald~ 005 001 003 000 | 005 002 024
Retail turnover Wald* 036 093 093 086 | 1.00 084 045
Wald~ 081 062 080 089 | 049 093 0098
Notes: Wald* is the p-value for Wald test with Hy: 8§ = B = - = B = 0. Wald~ is the p-value for Wald test with
Hy: By =P =+ =P =0. ‘Bold’” numbers denote significant estimates at the 10% significance level. Estimated

parameters are available in the Appendix Table A1 — A5.

The assessed unemployment expectations seem to be quite non-responsive to news about
industrial production. We find a significant effect, again, for the two lowest income categories.
A noteworthy relationship is found for men, both for positive and negative news. Although the
latter finding contradicts the hypothesis that the expectations of economically deprived
categories should be more responsive to economic news, this comes as no surprise. Namely,
men historically generate a lion’s share of total employment in the industrial sector (Aragon et
al.,, 2018; United Nations, 2015), so it is no wonder that their overall unemployment
expectations react to shifts in that sector. Female expectations, on the other hand, do not.

As it might be expected, Table 6 elucidates that consumers’ unemployment sentiment reacts
the strongest to news in unemployment itself. The stated link is significant for the majority of
assessed socio-economic categories. There does not seem to be any specific pattern when it
comes to socio-demographic characteristics as potential moderators of the observed

relationships.
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A very similar effect is also observed for the inflation news. The trade-off between
unemployment and inflation is widely recognized in theoretical literature. A classical
Keynesian response to an increase of cyclical unemployment would be stimulating aggregate
demand, assuming that the labour supply curve is infinitely elastic. However, Phillips (1958)
postulates that raising aggregate demand comes at a cost. It puts upward pressure on the
aggregate price level since employers have to counteract by paying higher wages to their
workers. The specified trade-off between unemployment and inflation is also widely
empirically confirmed. See Bhattarai (2016) for a recent literature review and empirical
verification. Having in mind the empirical results presented in Table 6, it is evident that
consumers easily recognise these economic concepts and translate them into their
unemployment expectations. Finally, retail news seem to be significant only for the
expectations of the two low-income categories, again corroborating the role of socio-economic
deprivation in governing expectations.

A glance at Table 6 reveals that there are indeed some asymmetries in consumers’ responses
to economic news. In general, consumers tend to react more strongly to negative news (falling
stock prices/industrial production/retail trade volume and increasing prices) than to positive
ones. The asymmetry is most pronounced for inflation news. Out of the 12 found significant
relationships (at the 5% significance level), 9 of them refer to negative news (about growing
prices).

The stated asymmetries are treated in various ways by different authors. The literature
usually recognises that output contractions and expansions necessitate monetary policy
responses of different intensity (Clark et al. 1996; Dolado et al., 2005; Schaling 2004).
However, the findings from Table 6 echo another line of research: the one dealing with
asymmetric preferences of economic agents (Santoro et al. 2014; Surico, 2007). This strand of
literature postulates that the monetary authorities might be more concerned about overshooting
the targeted inflation rate than about undershooting it (Surico, 2007). It should be noted that the
empirical verification of the asymmetric preferences hypothesis heavily depends on the
geographical scope of the studies, as well as on their methodological frameworks. Surico (2007)
found no evidence of asymmetry for the United States, while the results of Dolado et al. (2005)
spoke in favour of it for Germany, France, Spain and the EA. Moreover, Sznajderska (2014)
also documented asymmetric reactions in case of the National Bank of Poland. The results
presented in Table 6 are more inclined to the asymmetric preferences literature, only focused
on consumers instead of central bankers. News on rising inflation are documented to resonate

considerably more intensively when it comes to consumers’ unemployment expectations.
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5. Conclusion

In this study we have evaluated the effect of economic news on consumer unemployment
expectations for sixteen socio-demographic groups. To this end, we have designed an
unemployment sentiment indicator. By means of genetic programming we have evolved the
expressions that optimally link unemployment rates in the Euro Area to qualitative expectations
about a wide range of economic variables. Then we have assessed the out-of-sample forecast
accuracy of the evolved indicators. We have obtained better forecasts for the leading
unemployment sentiment indicator than for the coincident one.

Regarding the different survey variables, we have found that the financial situation and the
price trends over the last 12 months are the survey variables with the highest predictive power
for the present, while major purchases and savings for the next 12 months are the survey
variables with the highest predictive power for the future.

Finally, we have extracted economic news about inflation, industrial production, and stock
markets and have linked them to unemployment expectations in order to analyse the reaction
of the different groups of consumers. To test whether there is asymmetry in the response to
news, where consumers react to bad news but not to good news, we have matched positive and
negative news with unemployment sentiment using a distributed lag regression model for each
news item. We have found that the responses of consumers’ unemployment expectations to
economic news tend to be stronger in the case of negative news, especially for inflation.

There are still several limitations to be addressed. Given that we used a data-driven method
to estimate consumers’ unemployment expectations, our quantitative estimates lack any
theoretical background. Extending the analysis to different European countries would allow us
to examine the similarities between the obtained functional forms across countries. Another
issue left for further research is the implementation of alternative evolutionary algorithms to
analyse if they could improve the forecast accuracy of the empirically-generated estimates of

expectations.
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Appendix

Table Al. Effects of stock market news on the expectations of heterogeneous consumer groups

Coeff. | REL RE2 RE3 RE4 | EDI ED2 ED3 | AGL AG2 AG3 AG4 M F PRO  PR8  PR9
const | 226 225 233 223 | 226 224 224 | 219 223 224 224 | 227 208 224 221 225
B 509 615 458 6589 | 555 548 427 | 671 697 662 41 601 922 532 904 506
B 174 089 -124 06 175 101 241 | 038 142 439 209 | 178 -36 186 099  3.34
Bit 567 685 46 584 | 513 643 708 607 486 531 | 448 926 534 744 361
B 161 02  -099 114 | 261  0.62 053 152 274 071 | 272. 364 05 155 255
B 4.17 499 461 | 379 347 678 465 296 5.3 23 894 218 545 357
B 3.49 078 201 | 324 364 101 246 381 16 | 433 224 218 209 295
B3 3.22 325 502 | 3.32 527  5.00 1012 456 65
B 3.14 002 067 | 3.09 016 165 144 207 099
B 2.37 3.27 3.02 10.7 5.12
B 3.05 -1.15 0.67 -1.66 152
B 2.93 5.11 14.32 4.99
B -1.24 1.1 -2.89 1.59
B 5.87 8.6 17.34 4.82
B -2.75 -2.14 -3.75 1.38

Note: Estimated parameters are obtained using Newey-West HAC standard errors and covariance. ‘Bold’ numbers denote significant estimates at the 10% significance
level.
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Table A2. Effects of industrial production news on the expectations of heterogeneous consumer groups

Coeff. RE1 RE2 RE3 RE4 ED1 ED2 ED3 AG1 AG2 AG3 AG4 M F PRO PR8 PR9
const | 2.28 2.3 241 2.29 2.28 2.26 2.25 2.25 2.26 2.25 2.26 2.29 221 2.25 2.26 2.25
B -1.43 -1.1 -052  -048 | -0.71 -148 -0.45 0.31 -066 -029 -048 | -151 0.85 -062 -071  -0.95
By 1.83 0.89 0.06 0.79 1.45 0.43 0.04 -0.08 0.66 0.54 0.39 1.65 -1.39 0.4 1.07 0.32
g -0.78 067 -0.54
Br 0.43 -0.22 0.17
B -1.25  -122 -0.92
Bs -0.28  -0.07  -0.02
B -1.97 -1.22 -1.55
B3 -0.31  -0.37 0.25
Bs -3.07 -163  -1.93
B -0.5 -0.7 -0.94
B -15 -1.62 -2.35
Bs -088 -125 -1.35
g 122 -1.77
Be -0.62  -1.26
Note: Estimated parameters are obtained using Newey-West HAC standard errors and covariance. ‘Bold” numbers denote significant estimates at the 10%

significance level.
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Table A3. Effects of unemployment news on the expectations of heterogeneous consumer groups

Coeff. RE1 RE2 RE3 RE4 ED1 ED2 ED3 AG1 AG2 AG3 AG4 M F PRO PR8 PR9

const 2.26 2.3 2.42 2.27 2.29 2.28 2.26 2.28 2.27 2.25 2.26 2.28 2.32 2.25 2.27 2.26
B -0.97 -1.53 -0.3 -1.18 -245  -0.77 -1.82 -2.2. -2.01. -2.08. -153 -0.64 -2.65 | -0.52 -2.07 -0.78
By -0.22 -1.78 0.36 -2.29 -2.6 -2.21 -1.41 0.47 -2.38 -485 -2.86 0.3 -0.76 -2.83 -3.64 -4.12
B -0.64 -0.03 -0.26 -044  -0.19 -0.59 0.01 -0.54 -0.08 0.09 -0.33 -0.11 -0.74 -0.52
Br 0.39 2.16 -0.17 -0.58 -0.16 -0.52 -0.26 -0.61 -1.74  -0.86 0.70 -1.32 -0.57 -0.4
B 2.26 0.39 1.48 1.04 0.74 1.67 1.45 1.82 2.05 1.24 2.50 1.04 1.61 211
By 2.1 1.74 1.11 1.17 1.9. 1.02 1.63 0.91 0.91 0.57 0.53 -0.41 1.22 0.19
B -0.2 -0.01 0.14 0.04 -0.35 0.79 -0.42 0.13 0.6 -0.08 -0.38 -0.5 0.3 -0.64
B3 -0.11 1.61 1.41 0.34 1.05 1.41. 1.77 0.98 -0.28 0.12 4.05 0.62 1.33 1.1
BI -0.58 0.15 -1.20 -1.1 -0.55 -1.44 -0.97 -1.33 -1.32 -0.95 -1.26 -0.62 -1.86 -1.58
B 0.24 1.52 0.73 0.37 0.77 0.79 0.78 0.74 -0.18 0.97 2.89 1.25 1.45 1.87
B 0.35 0.11 1.42 0.75 0.65 1.34 1.55 1.35 1.35 1.16 0.00 1.32 1.43 1.71
Bs 3.93 2.25 2.83 2.26 3.15 2.18 2.98 3.18 3.53 2.05 6.94 2.07 3.4 2.77
B 0.720 1.2 3.56 2.73 1.06 418 3.38 3.37 3.12 2.31 0.62 1.84 3.48 2.4
Bs 3.95 2.2 4,18 3.79 4.34 3.19 2.52 4.47 6.20 3.64 10.33 4.99 5.74 3.93

Note: Estimated parameters are obtained using Newey-West HAC standard errors and covariance. ‘Bold” numbers denote significant estimates at the 10%

significance level.
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Table A4. Effects of HICP news on the expectations of heterogeneous consumer groups

Coeff. RE1 RE2 RE3 RE4 ED1 ED2 ED3 AG1 AG2 AG3 AG4 M F PRO PR8 PR9

const 2.39 2.36 2.4 2.33 2.39 2.37 2.33 2.31 2.36 2.39 2.36 2.37 2.27 2.35 2.36 2.34
B -1253 -1566 -7.34 -1259 | -1147 -1400 -11.36 | -6.18 -11.60 -17.46 -10.66 | -8.69 -14.39 | -11.23 -9.48 -9.96
B 3.33 2.51 -3.12 -0.29 7.04 3.17 -4.05 -4.19 2.3 2.86 0.16 8.12 -2235| 1.14 4.48 -4.74
B -1287 64 -8.78 -995 -11.92 -9.16 -6.1 -10.44 -14.86 -10.62 -9.5 -20.34 | -8.47 -10.11 -10.74
Br 4,75 5.84 1 2.84 3.68 3.33 -3.93 0.83 8.49 -0.18 1.62 -15.07 | 6.37 6.45 -1.88
B -756  -10.02 -6.8 -9.14  -9.79 -864 | -765 -900 -1266 -9.25 | -7.95 -10.08 -9.57 -10.27
Bs 1.5 -2.47 -2.02 5.67 -2.61 -2 -0.14 -011 -1.07 -1.46 -6.59 3.88 5.03 -3.61
B -11.63 -8.52 -7.19 | -11.41 -8.58 -9.08 -6.79  -10.03 -1347 -10.0 | -8.13 -8.72 -11.24 -7.87
B3 3.78 -0.8 -7.99 3.96 -2.18 -1.76 -2.97 -1.99 -1.78 0.08 -8.76 -3.1 -2.5 -3.49
B -929 532 -468 | -10.02 -794  -5.86 -455  -9.37 -10.89 -7.9 -10.19 -8.95 -9.59 -1.76
B -2.28 4.48 -6.58 -1.14  -0.58 -7.05 0.05 -4.79 -3.93 -9.1 -4.55 -1.21 -4.09 -8.69
[35+ -10.77  -9.15 -8.27 | -10.72  -8.22 -6.72 -5.93 -7.83 -11.25 -8.67 -5.41 -8.03 -90.52 -7.31
Bs -7.82 -3.17 -9.35 -3.61 -4.06 -9.24 | -10.78 -8.43 -9.14  -8.39 -1.49 -5.59 -7.17  -11.07
B -14.85 -11.85 -9.84 -6.8 -6.24 -8.59 -9.38 -7.64 | -11.46 -9.18 -1.77 -7.12
Be -4.080 -4.52 -271 -1293 | -10.62 -12.49 -766 -11.31 | -10.13 -6.78 -15.01 -11.84

Note: Estimated parameters are obtained using Newey-West HAC standard errors and covariance. ‘Bold” numbers denote significant estimates at the 10% significance

level.
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Table A5. Effects of retail turnover news on the expectations of heterogeneous consumer groups

Coeff | REL RE2 RE3 RE4 | EDI ED2 ED3 | AGL AG2 AG3 AG4 | M F PRO PR8 PRY
const | 227 227 242 228 | 227 226 224 | 225 225 224 226 | 227 226 | 224 225 225
g | 056 -064 -156 -119 | -0.16 ~-114 02 | -155 -0.15 019 027 | 018  -6.86 | 001 -051 -15
B3 065 004 -091 -011 | 02 -054 -104 | 043 -092 -054 021 | -035 549 |-101 -017 003
B 339  -2.08
Br 229  -1.24
B 439  -3.3
iy 294  -2.06
i 409  -3.08
iy 412 -3.9
B 523 -4.07
B 371 -452
Jis 405  -3.93
B 346 -39
i 254  -2.8
Be 146 -2.73

Note: Estimated parameters are obtained using Newey-West HAC standard errors and covariance. ‘Bold” numbers denote significant estimates at the 10% significance
level.
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