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1. Introduction

At the heart of macroeconomics are fundamental questions about how economic agents form expectations and make decisions.
How do these agents anticipate future economic conditions and translate these expectations into concrete actions? How can these
intricate processes be effectively modeled within a macroeconomic framework? And what insights can be gained from analyzing
economic time series data to shed light on these dynamics?

Evolving from the simple concept of adaptive expectations introduced by Fisher (1911) and later formally developed by Cagan
(1956), in which agents gradually adjust their forecasts based on past errors, the concept of expectations has undergone a remarkable
transformation towards rational expectations (Muth, 1961). Rational expectations theory posits that agents utilize all available
information to form unbiased and accurate forecasts.

Despite the elegance of rational expectations, recent research has highlighted the limitations that agents face in forming their
expectations. Several studies, including those by Mankiw and Reis (2002), Woodford (2003), Sims (2003), Carroll (2003), Mackowiak
and Wiederholt (2009), and Coibion and Gorodnichenko (2015), have addressed these limitations by developing models that
incorporate various frictions. These models, which feature sticky information, noisy information, epidemiological information
dissemination, and agents’ heterogeneity, aim to better capture empirical evidence that rational expectations models struggle to
explain. Such evidence includes, for example, the persistence of macroeconomic variables in response to shocks, the delayed response
of inflation to policy changes, and the autocorrelation observed in agents’ forecast errors.
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The work of Capistran and Timmermann (2009) instead formalizes a model in which economic agents are always informed
and have an asymmetric loss function with heterogeneous parameterization, leading them to form expectations that also take into
account the uncertainty they face. This leads to a bias in their expectations. The differences in the loss function induce forecasters
to react differently to the same level of uncertainty, leading to cross-sectional heterogeneity in the expectations. The absence of
inattentive agents may be plausible for professional forecasters, as in Capistran and Timmermann (2009), but is less realistic for
the general population. As Carroll (2003) argues, not every person pays attention to economic news, but it is more likely that they
absorb information circulating in the media with a certain probability.

Our objective, and the contribution of our work, is to formalize a model in which non-professional economic agents (e.g., con-
sumers) are characterized both by an asymmetric loss function, as in Capistran and Timmermann (2009), and by inattention, in
the sense that they only occasionally update their information sets, as in Carroll (2003). Given that less informed agents face
more uncertainty, heterogeneity in the information sets is sufficient to lead to cross-sectional heterogeneity in expectations; this
heterogeneity is exacerbated when agents differ not only in the information sets, but also in the parameterization of the loss
function or in the capacity (or probability) to absorb information — i.e., the absorption rate. We specifically model the case of
expectations formation about a generic macroeconomic variable of interest characterized by stationarity and homoskedasticity, since
this assumption provides us with testable implications for aggregate survey data. Moreover, these features (asymmetric loss function
and information stickiness) of agents’ expectations are further supported by a recent experimental survey study by Armantier et al.
(2016), which provides validation for our theoretical framework.

However, unlike Capistran and Timmermann (2009), we assume that the population of non-professional agents is divided into
groups; the value of the parameter governing the asymmetric loss function and the absorption rate may be heterogeneous across
groups, but are homogeneous within each group. The aggregated forecast at the group level is characterized by the presence of a
forecast bias component, generated by both the loss function and inattentiveness, which is entirely new and adds to the one implied
by Capistran and Timmermann (2009) for always-informed agents. This component arises from the aggregation process and is due to
the presence within the group of agents with information sets that are older than those of informed agents; these uninformed agents
face a different level of uncertainty, which is reflected in their individual biases. Therefore, this component captures the dependence
between (asymmetric) bias, uncertainty for uninformed agents, and their prevalence in the population. Hence, the group-level mean
of expectations observed over a relatively long time horizon depends not only on the specific value of the parameter governing the
loss function, but also on the absorption rate, which determines how many agents are not up-to-date with information; instead, the
variance over time of aggregate expectations is solely a function of the absorption rate.

Under the assumption of stationarity and homoskedasticity of the macroeconomic variable predicted by the agents, the model
implies that when comparing two groups with the same parameterization of the loss function but different absorption rates, the
group with the higher absorption rate will exhibit greater variance in expectations and a lower mean, resulting from a reduced bias
relative to the other group. This results in a negative correlation between the mean and variance of the expectation time series.

Empirical evidence applied to unemployment expectations for a group of Western economies (the US and 14 EU countries)
supports our theoretical model by highlighting the presence of bias and stickiness of expectations and the cross-sectional dispersion
of expectations. More importantly, the data on unemployment expectations show a clear negative relationship between the mean
and variance of expectations among different socio-demographic groups in all the five countries (Belgium, France, Germany, Italy,
and the US) for which we find empirical support for both the stationarity and the homoskedasticity hypotheses.

The remainder of this paper is structured as follows. Section 2 summarizes the related literature. Section 3 presents the novel
theoretical framework. Section 4 provides an empirical application to households’ unemployment expectations. Finally, Section 5
concludes.

2. Related literature

The concept of rational expectations, initially introduced by Muth (1961) and further developed by Sargent and Wallace (1971),
Sargent (1972), and Lucas (1972, 1976), quickly gained prominence among economists. Beginning in the 1980s and 1990s, however,
several economists highlighted the challenges that empirical estimates face in validating rational expectations models (see, for
instance, Lovell, 1986; Campbell and Mankiw, 1989, 1990).

In response to this gap between empirical evidence and theoretical underpinnings, some economists have proposed that agents are
likely to face certain limitations and frictions in acquiring and processing information. This approach has been pursued by Mankiw
and Reis (2002), Woodford (2003), Sims (2003), Mac¢kowiak and Wiederholt (2009), and Carroll (2003). Mankiw and Reis (2002)
introduce a model with “sticky information”, where information spreads slowly due to acquisition costs or the cost of adapting to new
information. Agents update their knowledge periodically, forming rational expectations based on complete information at the time of
the update. Between updates, they rely on outdated information to make decisions. Sims (2003), Woodford (2003), and Mackowiak
and Wiederholt (2009) present alternative models featuring “noisy information”. In these models, economic agents attempt to extract
the true state of the economy from a stream of signals that may be corrupted by noise. This approach contrasts with Mankiw and Reis
(2002), where agents rely on periodic updates with full information. Carroll (2003) introduces an “epidemiological model” to explain
the dynamics of consumer expectations, providing a microfoundation for information stickiness. This model is inspired by the study
of infectious diseases, where individuals can contract and transmit a pathogen. In this context, information serves as the “disease”
and news reports act as the transmission medium. Consumers in this model are assumed to be relatively inattentive to economic
news, and only occasionally read reports that present the views of professional forecasters. Upon encountering such a report, a
consumer may adopt the forecaster’s perspective, akin to becoming “infected” with the information. Coibion and Gorodnichenko
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(2012) demonstrate that various models that incorporate information rigidities, including sticky information and noisy information
models, can successfully account for several stylized facts observed in economic data, such as the gradual response of average
forecasts to shocks and the serial correlation of forecast errors. Coibion and Gorodnichenko (2015) show that in the context of
sticky or noisy information, past forecast revisions significantly affect current forecast errors.

A growing body of recent research suggests that consumers may overreact to new information they acquire. Bordalo et al.
(2020) find that individual forecasters tend to overreact to salient signals, whereas — as a consequence of informational rigidity —
consensus forecasts often underreact. They use a diagnostic expectations (DE) framework, according to which individual forecasters
overweight future states of the world that incoming data have made more likely (Bordalo et al., 2018), to explain these patterns,
demonstrating how overreaction varies with the persistence and volatility of economic processes. This model has been foundational
for understanding belief distortions in macroeconomic expectations. Building on Bordalo et al. (2018), Bianchi et al. (2024)
incorporate selective memory recall into a DE framework, highlighting how feedback loops between beliefs and actions can lead
to boom-bust cycles. Their New Keynesian (NK) model emphasizes that distant memory amplifies overreaction, providing a novel
explanation for the persistence and amplitude of economic fluctuations. L’'Huillier et al. (2024) extend the DE framework to NK
models, focusing on how overreaction to endogenous variables heightens business cycle volatility in the presence of nominal
frictions. They show that overreaction exacerbates Keynesian supply shocks and magnifies fiscal multipliers, bridging DE models
with traditional macroeconomic frameworks. Afrouzi et al. (2023) offer experimental evidence that overreaction intensifies for
less persistent processes and longer forecast horizons. They introduce a model where costly recall drives recency bias, aligning
with Bordalo et al. (2020) while addressing limitations of survey-based approaches. Finally, Angeletos et al. (2021) reconcile
conflicting evidence on expectations by documenting a dynamic interplay between initial underreaction and delayed overreaction.
They argue that informational friction, in the form of dispersed noisy information, and overextrapolation jointly explain this pattern,
contributing to a unified framework that captures the complexity of belief formation.!

An alternative approach to explaining the stylized facts observed in survey expectations data, as opposed to models based on
information rigidities, noisy information, or inattentive consumers, is to assume “agent heterogeneity”. Branch (2004) proposes
a model in which agents form inflation forecasts by choosing a predictor function from a set of options, each of which has an
associated cost. This approach allows agents to rationally select a method that is not necessarily the most accurate but is optimal
given their individual circumstances. In essence, their expectations are boundedly rational, reflecting optimizing behavior with
limitations. Branch (2007) shows that rationally heterogeneous expectations models, on average, provide a better fit to actual survey
data than the static sticky information model, although the latter provides the best fit in some periods. In contrast, Capistran and
Timmermann (2009) suppose that agents are characterized by asymmetric loss functions, capturing the notion that the costs of
overpredicting and underpredicting inflation can be quite different.

Malmendier and Nagel (2016) demonstrate that inflation expectations are influenced by personal past experiences, with
younger individuals being more responsive to inflation shocks compared to older ones. This age-dependent learning model explains
generational differences in expectations and financial decisions, such as mortgage choices. D’Acunto et al. (2021) show that
consumers’ inflation expectations are guided by the prices of goods they frequently purchase, with greater weight assigned to price
increases than to decreases. This asymmetric effect highlights the importance of personal experiences in expectation formation and
provides guidelines for models that incorporate heterogeneous beliefs. D’Acunto and Weber (2022) highlight how selective memory
and interference (both proactive and retroactive) influence the recall of economic signals and expectation formation differently
across individuals. The quantity of signals (e.g., price changes) observed and stored by each individual varies. Individuals with
“smaller memory databases” tend to recall more salient signals (large price changes) compared to those with more extensive
memories. The authors show that individuals with smaller memories tend to overestimate future inflation, while those with larger
and more diversified memories can form more accurate expectations. D’Acunto et al. (2023) explore the relationship between
cognitive abilities (IQ), inflation expectation formation, and consumption choices. Individuals with high IQ exhibit lower forecast
errors and greater consistency between expectations and perceptions. This suggests that cognitive abilities influence not only the
quality of expectations but also economic responses to changes in macroeconomic conditions.

In an effort to explain the dynamics of observed macroeconomic variables, the literature has also developed models that combine
multiple forms of rigidities. Notably, Arslan (2010), Dupor et al. (2010), and Casarin et al. (2021) integrate sticky information with
sticky prices to investigate inflation dynamics. Arslan (2010) and Dupor et al. (2010) develop a Phillips curve model with both
price and information rigidities and show that both types of stickiness are important in explaining US inflation dynamics over the
period 1960-2007. Casarin et al. (2021) introduce a Phillips curve in which these rigidities are interdependent, i.e., the probability
of price adjustment is correlated with the probability of information updates. The results for the US highlight the superior ability
of the model with interdependent rigidities to explain inflation compared to alternative models over the period 1947-2020.

To the best of our knowledge, the existing literature lacks research featuring agents who combine an asymmetric loss function
with inattentiveness, which prevents all agents from being always up-to-date and thus leads to heterogeneity in the information sets
available to different agents. Our work addresses this gap by incorporating the concept that agents with asymmetric loss functions
(as proposed by Capistran and Timmermann, 2009) may update their expectations about a generic macroeconomic variable only

1 This evolving literature highlights the active debate on expectation formation processes. We thank one of the Reviewers for suggesting to deepen this
aspect. Although our work assumes that agents react rationally to the information they receive we acknowledge the importance of these findings. Notably, the
idea of overreaction aligns with the broader heterogeneity in information processing that we consider, particularly in the context of asymmetric loss functions
and sporadic information updating. Future extensions of our framework could incorporate overreaction dynamics and explore the interaction with information
rigidities and asymmetries in the loss function.



L. Gerotto et al. Journal of Economic Behavior and Organization 236 (2025) 107076

sporadically, akin to how information disseminates in epidemiological models (inspired by Carroll, 2003). A key difference of our
work is the formulation of a general model. In contrast to the existing literature, which often focuses on specific variables, such as
those analyzed in Phillips curve models, our framework can be generalized to expectations about a generic macroeconomic variable.

Our work is also more loosely related to papers that have used individual-level survey data to empirically identify systematic dif-
ferences in macroeconomic expectations across different socio-demographic groups, supporting our notion that the parameterization
may differ across groups. Some of these papers, including Das et al. (2020), Sori¢ et al. (2019), and Tortorice (2012), have focused
on unemployment expectations. The literature on inflation expectations, recently summarized by Weber et al. (2022), is broader in
this respect and provides intuitions that are consistent with the theoretical model we present. Particularly important are those papers
that also identify a relationship with uncertainty: Conrad et al. (2022), for example, using a survey of German households conducted
in 2019, empirically find that socio-demographic factors are associated with the information channels used by households to learn
about monetary policy, and that the information channels that lead to more accurate expectations also lead to expectations that are
lower in level and less uncertain. Similarly, Lamla and Vinogradov (2019) examine the effect of central bank announcements on
inflation expectations between December 2015 and June 2018 and find that informed consumers typically have lower expectations
and higher confidence. Binder (2017) finds that inflation uncertainty decreases with education and income, and is also lower for
men and stock market investors. Zhao (2022) finds a link between expectations, uncertainty, and socio-demographic characteristics.
Finally, some papers find heterogeneity in information updating: Easaw et al. (2013) and Kikuchi and Nakazono (2023) both find,
using different approaches, heterogeneity across consumers in the frequency of updating their information sets on inflation and
prices.

3. The model

Our model is based on the behavior of agents who are less sophisticated than professional forecasters, who we refer to as “non-
professional economic agents”. Non-professional economic agents are individuals or small entities that make decisions taking into
account economic variables that are considered important for their future plans without being professional forecasters. They are not
formally trained in economics or econometrics and do not use sophisticated forecasting models. Nevertheless, they rely on economic
information to make informed decisions about their finances, consumption, and investments.

Examples in this direction include consumers, small investors, and small businesses. Non-professional economic agents use a
variety of methods to form their expectations, including personal experience, informal conversations, news and media reports, and
professional forecasts. For the sake of simplicity, hereafter, we will use the term “agents” to refer specifically to non-professional
economic agents.

Assumptions. The proposed model is based on the following assumptions:

1. Rationality. Agents are assumed to be rational, implying that they utilize the available information to the best of their ability
when making forecasts about the variable of interest.

2. Inattentiveness. Following Carroll (2003), we posit that economic agents update their information sets infrequently. In each
period, only a fraction of agents, A (the absorption rate), acquire new information.

3. Information gap bias. Agents are prone to bias whenever there is a mismatch between their available information set and the
forecasting horizon. This bias can take two forms:

(a) Forward bias. This bias occurs when making forecasts about the future, leading to inaccurate predictions due to the
limited information available about future events.

(b) Backward bias. This bias occurs when attempting to estimate the current value of a variable using outdated information.
The agent’s limited knowledge of recent developments leads to biased estimates.

4. Agent heterogeneity. Agents are classified into distinct groups, with model parameters that are heterogeneous across
groups but homogeneous within groups. This heterogeneity reflects the different information-gathering capabilities and
decision-making processes of different groups of agents.

5. Agent population. The entire population of economic agents (whose number is denoted by P) consists of N distinct groups
and

P=Y AE, @

where AE; indicates the number of agents in group i.

6. Forecasting target. Each agent may be interested in forecasting multiple economic variables. In this specific case, we focus
on a single macro variable, denoted by x, where the objective is to predict its value in period 7 + h. Here, h denotes the
forecasting horizon (number of periods ahead).

7. Dynamics of the target variable: The dynamics of the variable x is described by an autoregressive process of order one (AR(1)):

X1 =X+ p(x; = X) + 1415 (2)

iid . . . . . .
where 0 < p < 1 and 7, SN (0, 0,2,), leading to a variable that is stationary and with iid residuals.
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8. Loss function. Following Capistran and Timmermann (2009), agents have an asymmetric Linex loss function (Varian, 1975):

Liersnsih) = 3 ) = iins = 1) ®
1
where e, , represents the forecast error (e, ), = X,y — f1n,)- Here, f,,;, denotes the h-step-ahead forecast made by the
agent in period . A positive (negative) value of parameter ¢ implies that the agent suffers higher (lower) losses for a positive
error than for a symmetrical negative error.>
9. Optimal forecast under normality. Assuming that the uncertain future value of the variable is normally distributed, the optimal
forecast can be expressed as:

2
¢6t+h,t
7
where 4, ,, and "x2+ 1, Tepresent the mean and variance, respectively, of the variable / periods ahead. The asymmetric loss
function generates a rational bias (¢0'12+ /2 in the forecast, even for a perfectly informed agent. This happens because the

agent prefers to overpredict (underprediét) the variable in order to avoid a costly underprediction (overprediction).®

(C))

* —
Siing = Herng +

A “toy model”. To illustrate the intuition behind the assumption of an asymmetric loss function, we present a simple model of a

consumer with a CARA utility function (U(C) = 1 —exp(—aC)), who faces an intertemporal choice problem over two periods, solved

at time 1. In this framework, period-1 income is known, Y, = Y, while period-2 income is normally distributed, Y, ~ N(Y, 0')2,).
The optimization problem and its first-order condition (F.O.C.) are given by:

max U(Cy.Cy) = U(C)) + BEIU(G)]
1

=1 —exp(—aC)) + (1 —exp(-a((Y — C))(1 + 1) + ¥) + a*o3 /2)), (5)

and
. oU(C,Gy) S > 22
F.0.C.: —c = —aexp(—aCy) + fa(l + r)exp(—a((Y = C)(1 +r)+Y)+ a0, /2) =0.
1

The optimal level of consumption in period 1 is hence:*

_In(fa(l +r)) YQ+r) - aajz,/Z

C, =
! a2+r) 2+r

(6)

In the trivial case with « = 1, f = 1 and r = 0, this reduces to:

_ ZY_O‘"%'/Z -7 ‘7)2/ Y) + E(Y,)
| =—————=Y - — < ——=
2 4 2
This result illustrates that the risk-averse consumer responds to uncertainty by saving more in period 1, thereby reducing the
likelihood of a low consumption level in period 2. In other words, a risk-averse consumer with unbiased expectations, when solving

Eq. (5), behaves as if he were risk neutral but intentionally incorporates a precautionary bias into his expectations. In fact, Eq. (4)

with ¢ = -1 (i.e., Y — é) represents the certainty equivalent of ¥, under CARA utility with a = 1.

Hence, a non-professional forecaster willing to introduce a downward bias in his income expectations will correspondingly bias
macro-variables’ expectations affecting his income; for example, he/she is willing to upward (downward) bias his/her unemployment
(GDP growth) rate forecasts.® In this respect, several empirical studies support the hypothesis that macroeconomic expectations could
be rationalized under an asymmetric loss function: these studies concern both professional forecasters (Capistran and Timmermann,
2009) and households in Europe (Drakos et al., 2020), Japan (Ahn and Tsuchiya, 2022), South-Korea (Ahn and Tsuchiya, 2019)
and US (Tsuchiya, 2022).

Optimal forecast for attentive agents. Considering Egs. (2) and (4), the optimal forecast for x,,, given the information set 2 available
in ¢ is:
2

¢6t+hl

FrCopnlR) =%+ pl(x, = %) + ——
¢o2 o2 po?
=x+0"(x, -0+ T" +p7'7 +-~~+p”‘17'7

2 To simplify the exposition, we temporarily drop subfix i until the focus on parameter heterogeneity in Section 3.2.

3 Capistran and Timmermann (2009) further extend the model, by adding a constant bias component zr,f to Eq. (4). However, this component is entirely
exogenous and not related to the rational behavior of agents. For this reason, we exclude it from our analysis.

4 The detailed solution is provided in Appendix A.

5 Another variable potentially affecting consumption choices is the inflation rate. However, effects are ambiguous as it is empirically and theoretically
documented. For example, Masolo and Monti (2024) find — among consumers — higher inflation expectations for savers than for borrowers, and they explain the
finding by observing that inflation is costly for savers — whose assets decay, in real terms, with inflation — while it could bring benefits for borrowers, whose
debt is decreased, in real terms, by inflation.
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2
1 - ph o,
-

1-p )

= J'<+ph(x, —-X)+
—_——
=(1-pM)x+phx,
_h pod . . _h _h L
The absolute value of the bias, |IIT‘; d)% |, is a concave function of A: a% /oh > 0 and 02% /0h? < 0. The bias, in absolute

value, increases linearly with (i) the dispersion in the innovation af’ and (ii) the absolute value of the degree of asymmetry in the
loss function ¢.

Optimal forecast for inattentive agents. Eq. (7) provides the optimal forecast for a perfectly informed individual. However, under
Assumption 2, only a fraction 4 of agents have actively collected information in any period. This leads to heterogeneity in information
sets among agents within the same group.

Some agents possess an up-to-date information set (£2,), while others have outdated information sets (£2,_., = > 1). The latter
group lacks knowledge of the most recent » values (one value for r = 1, and more for r > 1). This limited information leads to
higher uncertainty compared to perfectly informed agents.

Inattentive agents must “reconstruct” the pattern of the variable up to period ¢ before venturing into future forecasting. This
reconstruction exercise introduces an additional bias, as discussed in Assumption 3. Consequently, the bias tends to increase with
the level of outdatedness (represented by parameter 7).

Analytically, Eq. (7) can be generalized to older information sets. For any = > 0, the information set ©,_, serves as the basis for
the expectations of a fraction A(1 — 4)” of the group, and the expectation is equal to:

% - ht _ ¢612+h,t—r
S Gl @) = % My, = ) — 2
dor o $o2
= h+t = n n h+r—1 n
=X+ X))+t —+p——+ -+ —_
XTp (xt T x) ) 4 2 14 )
2
1— h+t ¢O‘
T Wl sl ®)
1—p 2

There are two main implications of agents having information sets. First, (i) their unbiased expectations are increasingly likely
to be inaccurate as the information set becomes outdated. This is because they lack knowledge of the true mean of the distribution.
Since their information set does not reflect recent developments, their expectation of the variable’s central tendency becomes less
reliable. Second, (ii) their optimal forecasts will exhibit a rational bias towards greater variance. Outdated information sets lead
to greater uncertainty about the variable’s future value, all else being equal. This higher uncertainty is reflected in a rational bias
towards greater variance in their optimal forecasts. As highlighted in Assumption 3, this is where the “backward bias” comes into
play.

Cross-sectional aggregation. Individual forecasts can be cross-sectionally aggregated as follows:

M, [xpn] = DAL= 7 (e 202)
=0

2 2

1 = ph ¢o 1 = phtl ¢o;

=54, -+ — L) 4 (1-a) (A 54"V (x,_, %)+ —2— 1
1—p 2 1—-p 2

42 ¢po?
(1) (e S 1))
-p

0 2 2

_ _ L=ph b0y (1 -np ¢o
h h T+l 7 n n

= -3 - 1-4 1 -
X+p'(x,=X)—p ;)(( )Y ’7t—r> + 1—p 2 T—(1-Ap 2

9

Proposition 3.1. Under the assumption of information stickiness (0 < A < 1) and a symmetric loss function (¢ = 0), Eq. (9) reduces to:
M, [xpp) = %+ 0" (x, = %) = p" Y <(1 - A)T“p’n,_f) (10)
=0
Proposition 3.2. In the absence of information stickiness (A = 1) and with an asymmetric loss function (¢ # 0), Eq. (9) reduces to:

2
1—ph (]56”

1—-p 2 an

M, [x 5] = %+ pM(x, — %)+

We provide an economic interpretation of Eq. (9), breaking it down into four components:

1. The first component represents the fully informed, unbiased expectation. This corresponds to the expectation of a generic
agent i who possesses a complete and up-to-date information set (£, = £,) and utilizes a symmetric loss function (¢ = 0):

X+ ph(x, - X). (12)
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2. The second component arises from information stickiness. This component captures the impact of information missed by
agents with outdated information sets (£2; # £,). Since the expected value of the innovation term (i) is zero (E() = 0), this
component does not introduce a constant bias into aggregate expectations. However, this term does lead to a phenomenon
known as “stickiness” in aggregate expectations. This occurs because the aggregate forecast adjusts slowly to new information
due to the relevance of outdated information within the population. Formally, this component is equal to:

=" Y (=D pTn,,). (13)
=0

3. The third component is a bias term that originates from the asymmetry of the loss function.® Notably, this component exists
even when all agents are assumed to possess perfect information (as demonstrated in Proposition 3.2). Mathematically, this
component is expressed as:

1 — ph oy

=, 2 a9

4. The fourth component introduces an additional bias term that arises from the interplay between information stickiness and
the asymmetry in the loss function. Mathematically, this component is expressed as:
2
(1L=dp"_ 9% (15)
I—(1=2p 2

An analysis of the fourth component reveals the following properties:”

« Sensitivity to the loss function parameter. This component increases with the loss function parameter (¢). In other
words, a more asymmetric loss function (higher absolute value of ¢) leads to a greater bias in the aggregate forecast.
This can be formally verified by observing that df (4, ¢)/d¢ > 0.

+ Impact of information absorption rate. The absolute value of this component decreases with the information absorption
rate (4). A higher absorption rate (4 closer to 1) implies a faster dissemination of information among agents, which
mitigates the bias. This can be confirmed mathematically by noting that the sign of df (4, ¢)/04 is the opposite of the
sign of ¢.

Propositions 3.1 and 3.2 demonstrate a key contribution of our novel framework, which integrates both information stickiness
and asymmetric loss functions. It uncovers an additional channel for bias in the aggregate forecast (the fourth component) that goes
beyond those arising from information stickiness alone (the second component) or an asymmetric loss function alone (the third
component).

This additional bias term arises only under the confluence of two conditions: 0 < 4 < 1 (information stickiness exists) and ¢ # 0
(the loss function is asymmetric). This underscores the intricate interplay between these two factors, explicitly modeled by our
framework, which is essential for the manifestation of this additional bias term.

While the role of ¢ in shaping this component is relatively straightforward, as its non-null value leads to the emergence of a
non-null bias, the role of the absorption rate (1) is more nuanced. However, given that a decrease in agent attentiveness leads to
a larger proportion of agents relying on outdated information sets, and given that outdated information sets lead to a higher bias
relative to that of informed agents (Assumption 3 and Eq. (8)), it is clear that the aggregate bias must increase.

3.1. Time series properties of the model

Consider a time series of expectations for M,[x,,,], where t = 1,2,..., T represents time periods, and  denotes the forecasting
horizon. The sample counterpart of the mean of this time series, denoted by M, is expressed as:
T T—j T T—i n ¢0.2 h ¢O'2
2, 1 i1y _ 1 i o1y, L=p" %% (1-A)p "
+ = i ) - = i 1-Ap "+ —+ —_— 16
X T;m;p) T;m;< Y TS Y a3 (16)

Assuming a sufficiently large value of T, the expression for the sample mean can be approximated as:

M

: 1= ph 40y (1= nph b0,

M=x+ =, 2 tToa-ap 2 a7
This approximation arises because the following terms in Eq. (16) tend to zero as T increases:

L

;;m;wﬂ 18)

6 This asymmetry refers to the non-linear relationship between the forecasting horizon and the bias introduced by the loss function.
7 The fourth component arises as a weighted average of the “excess bias” experienced by agents with outdated information sets (£,_,, 7 > 1) relative to the
bias of perfectly informed agents. The weights correspond to the proportion of agents with each outdated information set, 2,_., A(1 - A)°.
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T T-i
7 2 Za-#7, (19)
The sample counterpart of the variance of the time series of aggregate expectations, denoted by 012\4, is expressed as:
[~
oy = 0"V(x) + o, D ((1 (- A)Tﬂpf)z). (20)
=0

We obtain the following results for the partial derivatives:

Proposition 3.3. The sample counterpart of the mean (M, see Eq. (17)) and the sample counterpart of the variance (0}2\4, see Eq. (20))
are affected by the absorption rate (1) and the degree of asymmetry in the loss function (¢) as follows:

h ¢o?

Y, — _/)—_:1 i Y, = ¢i —
oM /oA = Y = s5ign(0M /04) = sign(—¢) 2n
oM /d _1=s A ay ﬁ>o (22)
¢= 1—-p 2 1-(1=-4p2
903, /0A =07 Y (2z+ 1)1 = ) p (1= (1= A1 p")) >0 (23)
=0
003, /0 = 0. (24)

3.2. Comparison of different groups

This section utilizes Proposition 3.3 to analyze the divergence in aggregate expectations between two distinct groups. We
investigate how these expectations differ when the groups exhibit different values of 4 and/or ¢.

We restrict our analysis to scenarios where ¢ > 0. This assumption is consistent with economic intuition. A positive ¢ implies a
higher cost associated with underestimating the unemployment rate, for example, compared to overestimating it. This reflects the
potential economic consequences of these errors, as discussed in Carroll and Dunn (1997).

For reference, we define M, and 6}2\4 as the sample mean and sample variance, respectively, under a benchmark configuration.
This benchmark assumes: absence of in?ormation stickiness (4 = 1) and symmetry of the loss function (¢ = 0).

Proposition 3.4. We consider two groups, A and B. Within each group, agents are homogeneous with respect to parameterization. If
bsp>dp>0and 0< Ay = Ag < 1, then

M, > Mg > M,
2 _ 2 2
GMA—O'MB<O'M0

P(M . Mp). (o3, .03, ) = 0.

Proposition 3.4 states that assuming a homogeneous value of 1 (0 < 4 < 1) and a heterogeneous value of ¢ leads to the following
results:

1. The average expectations (aggregate means) exhibit bias, and the magnitude of this bias varies between the groups. The
group with more asymmetric costs (Group A) will have a larger bias in their expectations compared to the group with less
asymmetric costs (Group B) and the benchmark (¢ = 0, no bias).

2. The variances of the aggregate expectations remain unchanged across groups. While ¢ influences the mean, it does not directly
affect the variance. However, both groups characterized by information stickiness have a variance of the aggregate mean of
expectations lower than the benchmark.

3. No correlation (p = 0) between the mean and variance of aggregate expectations across groups. This is because a different ¢
affects the mean, ceteris paribus, but not the variance.

Proposition 3.5. We consider two groups, A and B. Within each group, agents are homogeneous with respect to parameterization. If
bp=¢p>0and 0< A4 < Ap <1, then
M, > My > M,

2

O'MA

2 2
<O'MB <O'MO

PV, Mp), (5% 0%, ) < 0.
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Proposition 3.5 states that when two groups have the same asymmetric loss function (¢) but different information stickiness, the
following emerges:

1. The group with higher stickiness (A) has a larger bias in aggregate expectation compared to the other group and, obviously,
to the group with zero stickiness.

2. Information stickiness, which translates into a lower variance of the aggregate expectations, implies that the group with
higher stickiness will have a lower variance compared to Group B and the benchmark.

3. Since, all other things being equal, different information stickiness results in a higher mean and a lower variance of aggregate
expectations, we will have that the correlation between the values of the means and variances observed in the two groups is
negative.

Proposition 3.6. We consider two groups, A and B. Within each group, agents are homogeneous with respect to parameterization. If
0<¢y<¢ppand 0< iy < Ag <1, then

My <M, S My > M,
2
My

P(My, Mp). (03, .3, ) S 0.

2 2
(e <GMB<O'M0

Proposition 3.7. We consider two groups, A and B. Within each group, agents are homogeneous with respect to parameterization. If
¢G> Pp>0and 0< Ay < Ap <1, then

My>Mg> M,
2

O'MA

PV, Mp), (5% 0%, ) < 0.

2

2
< GMB < o‘MO

Propositions 3.6 and 3.7 state that when groups have different asymmetric loss functions (¢) and sticky information (4), the
following emerges:

1. If the loss function is less (more) asymmetric in A than in B, Group A, which is characterized by higher information stickiness,
presents an average of aggregate expectations that is larger than in the benchmark case, but has an ambiguous sign (is larger)
compared to Group B.

2. Regardless of whether the loss function is more or less asymmetric between the two groups, Group A, characterized by higher
information stickiness, presents a lower variance of aggregate expectations than Group B and the benchmark.

3. The correlation between the values of mean and variance in the case ¢, < ¢ produces an ambiguous sign, since the average
of the aggregate expectations in A can end up with any relationship with the average of aggregate expectations in B.

4. The correlation between the values of mean and variance in the case ¢, > ¢ produces a negative sign, since the average
of the aggregate expectations in A is greater than the average of aggregate expectations in B, and the variance of aggregate
expectations in A is less than the variance of aggregate expectations in B.

In conclusion, based on the above propositions, a model that incorporates information stickiness (heterogeneous ) and an
asymmetric loss function (homogeneous ¢) is sufficient to explain the stylized facts observed in the survey data. We will elaborate
on these findings in Section 4.

Additionally, following an interesting suggestion by one of the Reviewers, we also examined how the model performs when
the target variable follows a recursive relationship. In this extension, we allow the variable x to be influenced by the aggregate
expectation, thereby generalizing Eq. (2) to x,,; = X + p(x; — X) + 6(M,(x, 1) — M,()‘c)) + ,41. Our results from this extended
framework further corroborate the presence of both bias and stickiness in the aggregate expectation, with these effects being even
more pronounced than in the baseline specification of Eq. (2). We also consistently detect a strong relationship between the bias
and the stickiness: since the main contribution of our article is, hence, not affected by the feedback of expectations on x, we show
the details in Appendix B.

3.3. Relaxing Assumption 7

One of the key assumptions of the model is that the target variable is AR(1) with iid residuals. In this section, we discuss
whether relaxing these assumptions would affect the validity of the propositions exposed in Section 3.2. In the interest of readers
who prefer to skip the details of this discussion and proceed directly to the empirical application of the model in Section 4, we
expect that assuming that the process is a random walk rather than an AR(1), or that innovations are autocorrelated, would not
affect the validity of the content of Section 3.2. On the other hand, the presence of breaks in the mean x of the target variable, or
the presence of heteroskedasticity in the residuals of Eq. (2), will render the propositions exposed in Section 3.2 invalid.
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3.3.1. Relaxing stationarity assumption

Assumption 7 is based on the educated guess that most macroeconomic and financial variables exhibit mean-reverting behavior
towards a “natural” level. They can thus be approximated by an AR(1) process, with x as this “natural” steady state value towards
which the x,;, process moves as h increases in the absence of further shocks. The innovations have a temporary effect that disappears
over time. This section shows the implications of relaxing Assumption 7 in two possible directions: (i) assuming a random walk,
i.e., a non-stationary process, and (ii) assuming breaks in the value of X, which can be thought of as a shift in the drift of the AR(1)
process.

Random walk. We assume that the target variable is not a stationary variable as in Assumption 7, but follows a random walk process:
Xy =X+ 1y (25)

While some technical details would differ from a purely analytical perspective, we can demonstrate that assuming a random
walk instead of an AR(1) process would not change the core findings presented in Section 3.2. However, based on our well-founded
assumption that AR(1) is a more appropriate model for most macroeconomic variables, and for the sake of brevity, we omit the
formal proofs from this paper.

To provide an intuition of how a random walk assumption might impact individual forecasts, consider the following:

» Optimal forecast for an attentive agent. The optimal forecast for an agent who observes information attentively can be
expressed as:

2
¢6f+h,l

2
h
¢ i O'rz,
2

¢ha§
> (26)

FrCopnl2) = x, +
=Xx; +

=X, +

» Optimal forecast for an inattentive agent: The optimal forecast for an inattentive agent who lags behind by z periods (z > 1)
is:
2

FrConl ) =x_. + %
h
dXi ‘73 dXici 0'3
= N 2 T2
$(h + 7)o,
=Xz + T (27)

Under stationarity conditions, Eqs (7) and (8) show that an attentive agent has a more accurate idea of the variable’s short-
term value compared to an inattentive agent. However, the information advantage of the attentive agent diminishes for long-term
forecasts. In addition, as the forecast horizon 4 increases, the bias of the attentive agent’s forecast asymptotically approaches that
of the inattentive agent, reaching a finite value of (p/(1 — p))q&a}l /2.

In contrast, under the random walk assumption, innovations have a lasting impact. If the agent knows the value of #,, this
knowledge affects the forecast not only for x,, ;, but also for any future horizon 4, including the infinite horizon (x,,), see Eq. (26).
This is because the value of x,,, is simply the current value x, plus a sequence of A future innovations, which are unknown
(and assumed to be zero). Conversely, if the agent is unaware of #,, she/he will persist in using the last known value x,_, as
the expected value for any future x,,, because no additional information is available, see Eq. (27). Furthermore, under the random
walk assumption, the bias of the forecast increases linearly with both the forecast horizon 4 and the inattention lag z.

Assuming breaks in the value of x. Shifts in the value of x mean that what was exposed in Section 3.2 is no longer valid. The intuition
is as follows: without loss of generality, let us assume that at some time 7 there is a shift in X, from %, to ;. The group with a lower
value of A will learn more slowly that x has shifted, and this slower learning will affect the mean over time of the aggregate forecast.
This effect can impact the comparison of the time-series mean across different groups — with different values of 4 — in any possible
direction, possibly overcoming the effect of the fourth component of Eq. (9) (1 — A)p")/(1 = (1 = A)p) - ¢63 /2 already discussed in
Section 3.

3.3.2. Relaxing assumptions on innovation n
In this section, we investigate the implications of assuming autocorrelation in the residuals or the absence of homoskedasticity
on the propositions discussed in Section 3.2.

Relaxing the absence of autocorrelation of innovations. If we assume that
N =yM_1+ 6, (28)
where 0 < y < 1 and ¢, is iid, and that agents are aware of the autocorrelation of the innovations, then E(#,,,|€2,_,) = y"**n,_, and

they would take this non-null (unless #,_, = 0) expected future innovation into account while forming their unbiased expectation.

10
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Their forecast would still be affected by the residual uncertainty associated with the values of {e,_.,€e,_, 1, ..., €51, €45}, CAUsing
the agents to bias their forecast, with the bias increasing (in absolute value) in 7 + A. It is possible to show that the propositions
presented in Section 3.2 hold even in the presence of autocorrelation of the residuals; however, this autocorrelation does not provide
any further insight into the economic interpretation of the model, so in the main model we retain the iid assumption for #.

Relaxing homoskedasticity. We relax the assumption that the innovation term, #,, follows an independent and identically distributed
(iid) normal distribution with constant variance "3- We consider a more general case where the variance of the innovation term,
”r%t’ can vary over time. The optimal forecast for x,,, becomes

¥ - h - ¢O-t2+h,t
[ xgpnl2) =x+p"(x, — %) +
2 2 2
_ h — ¢ar],t+h ¢6n,t+h—1 h—1 ¢6q,t+1
=x4+p"(x, -%)+ o e T
2 2 2
h ¢o? .
= h = (h—i) ©_ni+i
=x+p'(x, - %)+ _— 29
P = %) Z,p > (29)

=(1-pM)x+phx,
. o . o PO isi . . .
The bias component of the individual expectation (Zf’=l p("")+’*) becomes more pronounced during periods of higher
volatility. Under the homoskedasticity assumption (constant variance), this bias was constant. However, relaxing this assumption
allows the bias to vary over time, reflecting changes in the volatility of the data.

The aggregate forecast, incorporating the time-varying bias, can be written as follows:

© h (]562”_, +o00 ¢62t )
- - —] W+ i i =1

M) =%+ p"0x, =) = " Y ((1 - A)T“pfn,_f> + 2T = Y A= Y — = (30)

=0 i=1 i=0
The bias component of the aggregate expectation,

h ol . = L ¢or

Y ;,m + 0 Y (1= A g’ i (31)

i=1 i=0

is constant under the homoskedasticity assumption, but is time-varying under the heteroskedasticity assumption. Ceteris paribus, the
variance of the bias component is lower for larger values of the absorption rate, since

+oo
0 Y (p(1 = 1) /04 <0. (32)

i=0
The non-null value of the time-series variance of the bias also positively affects the variance of the aggregate expectations. A
lower value of 4 inflates this effect, as shown in the partial derivative above. This “novel” effect induced by heteroskedasticity is
added to the one already observed in the homoskedastic case, see Eqs (20) and (23), which instead increases in A. Thus, in the
presence of heteroskedasticity, we have two effects depending on A, one positive and one negative, with the consequence that it is
not possible to determine a priori the sign of the overall effect of an increase in 4 on the variance of aggregate expectations over
time. The overall effect will be positive if the “novel” effect mitigates the “old” effect, null if it offsets the “old” effect, and negative

if the “novel” effect overcomes the “old” effect:

003, /0A S0,

in contrast with the result 0012‘4 /04 > 0 obtained under homoskedasticity.

Moreover, ceteris paribus, the bias component in (30) increases with the parameter ¢. Given that the variance of the innovation
term now varies, we also have that the partial derivative of the variance of aggregate expectations with respect to a change in ¢ is
equal to:

h 0.2 +o00 0-2
—i peyi i i =i
903, /0¢p = uar(z o ‘)—,72 +ph Z(p‘(l - /1)“’])—'72 ) >0,

i=1 i=0
in contrast with the result aalzw /o¢p = 0 obtained under the homoskedasticity assumption. Propositions 3.4-3.7 are based on
aa}w /oA > 0 and aa}W /0¢p = 0 (see Proposition 3.3) and are therefore invalid under heteroskedasticity. This necessitates the
investigation of stylized facts using time series data that satisfy the homoskedasticity criterion in order to verify whether Propositions
3.4-3.7 are consistent with the empirical findings.

4. An empirical application to the unemployment rate

We apply the novel framework to investigate the aggregate expectations of a macroeconomic variable that satisfies Assumption
7: stationarity of the target variable and homoskedasticity of its residuals. As established in Section 3.3, Propositions 3.3-3.7 still
hold under these assumptions.

11
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Table 1
Break, unit root, and homoskedasticity tests for year-on-year inflation rate (1997m1-2024m3).
Unit root tests Heteroskedasticity tests Result
Country | Breaks x p PP KPSS Concl. BPG Harvey Glejer White Concl.
AT No 0.05 0.98*"* . -2.58* 0.55* Non-stat. | 113.21***  28.91**  101.06*** - Heteros. X
-3
-3
- %
-3 1
-3
-3 1
-3
-3
-3 1
-3
- %
-3
. : x|
0.97* 13" : . . . 5.52* 5.14" x|

Notes: Breaks:= Bai-Perron mean shifts (x,) in the following equation: x, = X, + § - x,_; + u,. The heteroskedasticity test is performed on the residuals (1,) of
the following equation only if no structural breaks are detected: x, = x + f - x,_, +u,. If the target variable is I(1), the heteroskedasticity test is performed on
the first difference of x,. Stats codes: ADF:= Augmented Dickey-Fuller unit root test; DF-GLS:= Dickey-Fuller GLS unit root test; PP:= Phillips—Perron unit
root test; KPSS:= Kwiatkowski-Phillips—Schmidt-Shin unit root test; Stat.:= Stationarity; Inc.:= Inconcludent; Non-stat.:= Non-stationarity; BPG:= Breusch—
Pagan-Godfrey heteroskedasticity test; Harvey:= Harvey heteroskedasticity test; Glejser:= Glejser heteroskedasticity test; White:= White heteroskedasticity test;
Homos. := Homoskedasticity; Heteros.:= Heteroskedasticity. *, **, and *** represent 10%, 5%, and 1% statistical significance levels, respectively. For ADF,
DF-GLS, PP, the null hypothesis is a unit root; for KPSS, the null hypothesis is stationarity. For ADF and DF-GLS unit root tests, the lag length is selected based
on the Schwarz criterion. For PP and KPSS tests, the bandwidth is selected using the Newey-West method. For BPG, Harvey, White, the null hypothesis is
homoskedasticity. “Inc.” means that only two out of four tests provide evidence of homoskedasticity in the series. Country codes: BE:= Belgium; DE:= Germany;
FI:= Finland; FR:= France; US:= United States; IT:= Italy; PT:= Portugal; EL:= Greece; DK:= Denmark; AT:= Austria; ES:= Spain; NL:= Netherlands; SE:=
Sweden; SI:= Slovenia; UK:= United Kingdom. For the UK the sample ends in 2020m09.

Our reference surveys are the European Commission’s Business and Consumer Survey for EU countries and the University of Michigan’s
Survey of Consumers for the US. Two specific expectations from these surveys are unambiguously linked to certain macroeconomic
variables: inflation and unemployment rates.®

In order to identify the target variable’s properties, it is crucial to understand how the question is framed for respondents. In
the case of inflation expectations, in both surveys the target series represents inflation expressed as the difference between the price
observed today and the price observed in the same period (month) of the following year. This gives a year-on-year measure of
inflation.

Similarly, for the unemployment rate, the target series in both surveys corresponds to the difference between the unemployment
rate observed today and the unemployment rate observed in the corresponding period (month) of the following year. This provides
a measure of the year-on-year change in the unemployment rate.

The time-series properties of the inflation rate and the unemployment rate are summarized in Tables 1 and 2, respectively. The
European countries included in our analysis are those with survey series on unemployment expectation starting at least before 2000.°

An examination of Table 1 reveals that, in practice, virtually no country’s inflation time series satisfy the homoskedasticity
assumption, as is well established in the literature (see, for example Engle, 1982, 1983; Cook, 2009). Consequently, inflation
expectations data cannot be employed to test the implications of our model.

In contrast, examining the results presented in Table 2, the series of the change in the unemployment rate exhibit stationarity and
homoskedasticity for the following countries: Belgium, Germany, France, Italy, and the US. For Austria and Finland, the results are
inconclusive regarding homoskedasticity. Denmark, the Netherlands, Sweden, Slovenia, and the UK have heteroskedastic residuals,
while Greece, Spain, and Portugal exhibit mean breaks. Our analysis focuses on unemployment expectations surveys.

4.1. Empirical results

This section is divided into two subsections. In Section 4.1.1, we present stylized facts to support the assumptions of our
theoretical model. In Section 4.1.2, we discuss the implications of our model.

8 Both surveys also ask a question about the “general economic situation” (EU) and “business conditions” (US). As highlighted by Manski (2018), the
interpretation of verbal expectations data depends on how respondents understand terms like “business conditions” or “good times financially”. To our knowledge,
only Bovi (2013) and Das et al. (2020) have argued that these questions can be linked to the GDP growth rate. However, even Das et al. (2020) themselves
acknowledge that expectations of “general business conditions” are a “relatively elusive concept” for respondents. Therefore, we have focused on macroeconomic
variables with a clearer link to specific survey questions.

9 For further details, please refer to Appendix C, where we specifically adopt 1999m4 as the threshold.

12
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Table 2
Break, unit root, and homoskedasticity tests for 12-month change in the unemployment rate (1994m6-2024m3).
Unit root tests Heteroscedasticity tests Result
Country Breaks x p ADF KPSS Concl. BPG Harvey Glejer White Concl.
AT No 0.00 0877 | —447" 5. 0.06 Stat. 417 0.17 2.43 6.60"" Inc. X
b -4 — = —
F—58 = -1
[ 7 DK [ X ]
EL X
[ T ES [ 2005m01, 2009m06 Z0.04, 0177, 0.98*% —271° —2.68" 0.23 Stat. % ]
-0.05
[ A~ [ 77 "No 7 7 7 2006 T 0.82*% T =5. —6.08"" T 0.60"F [ X ]
[ TFR_ [~ 7 "No — T T T T D001 T X .95 ] —3.97 0.11 C v ]
[ 71T [~ 7 "No _ — 7 7 7T 2001 T 092" ] [ v ]
[ NL [ 77 "No ~ — 7 7 T 000 T 098" ] [ X ]
T PT T [ 2008m05, 2013m02  ~ 0.00, 020°%, ~ T0.92*% ] [ 7x7 1
2018m07
[ TSE~ [ 77 "No T T 7T 2001 T T085" ] [ X ]
8 [ ~ " N~ T T T T [ x~ ]
UK [ 77 "No ~ T T 7 T 000 T 098 ] [ x ]
[0S [~ 7 "No T T T 2001 T T086"™ ] [ v ]

Notes: Breaks:= Bai-Perron mean shifts (x,) in the following equation: x, =X, + - x,_; + u,. The heteroskedasticity test is performed on the residuals (u,) of the
following equation only if no structural breaks are detected: x, = X+ f-x,_, +u,. If the target variable is I(1), the heteroskedasticity test is performed on the first
difference of x,. Stats codes: ADF:= Augmented Dickey-Fuller unit root test; PP:= Phillips—Perron unit root test; KPSS:= Kwiatkowski-Phillips-Schmidt-Shin
unit root test; Conc.:= Conclusion; Stat.:= Stationarity; Inc.:= Inconcludent; Non-stat.:= Non-stationarity; BPG:= Breusch-Pagan—-Godfrey heteroskedasticity test;
Harvey:= Harvey heteroskedasticity test; Glejser:= Glejser heteroskedasticity test; White:= White heteroskedasticity test; Homos. := Homoskedasticity; Heteros.:=
Heteroskedasticity. *, **, and *** represent 10%, 5%, and 1% statistical significance levels, respectively. For ADF and PP, the null hypothesis is a unit root; for
KPSS, the null hypothesis is stationarity. For ADF unit root tests, the lag length is selected based on the Schwarz criterion. For PP and KPSS tests, the bandwidth
is selected using the Newey-West method. For BPG, Harvey, Glejser, White, the null hypothesis is homoskedasticity. “Inc.” means that only two out of four tests
provide evidence of a unit root or homoskedasticity in the series. Country codes: AT:= Austria; BE:= Belgium; DE:= Germany; DK:= Denmark; EL:= Greece;
ES:= Spain; FI:= Finland; FR:= France; IT:= Italy; NL:= Netherlands; PT:= Portugal; SE:= Sweden; SI:= Slovenia; UK:= United Kingdom; US:= United States.
For Austria the sample starts in 1996m02; for Greece the sample starts in 1999m05; for Slovenia the sample starts in 1997m02; for the UK the sample ends in
2020mO09.

4.1.1. Empirical validation of the model

Fig. 1 displays the cross-sectional distribution of one-year-ahead unemployment expectations across the countries included in
our analysis. Respondents provided qualitative answers that have been coded according to the following scheme. Responses labeled
as P or PP indicate a pessimistic view, where P corresponds to an expectation of a slight increase in unemployment and PP denotes
a more pronounced pessimistic outlook. Similarly, responses labeled as M or MM indicate an optimistic view, with M reflecting an
expectation of a slight decrease in unemployment and MM indicating a more strongly optimistic forecast. The response E signifies that
the respondent expects no change in unemployment, while N is used when the respondent is uncertain about future unemployment
trends. Further details on the data and coding procedures are provided in Appendix C.

The hypothesis of information stickiness is supported by the persistent coexistence of forecasts with opposing signs. Under our
model, if all agents shared the same information set (i.e., in the absence of information stickiness), they would rationally converge
on an identical quantitative forecast. However, even when agents hold the same quantitative expectation, this does not necessarily
translate into a uniform qualitative response. For instance, if an agent expects unemployment to increase by 1% in the next period,
some may interpret this as a significant rise (coded as PP), others as a moderate increase (coded as P), and still others as a negligible
change (coded as E). Importantly, no agent would forecast a decrease in unemployment (i.e., respond with M or MM). Therefore,
in absence of information stickiness, in the data we would expect to observe either the responses P, PP, and E (in the case of an
expected increase in unemployment) or M, MM, and E (in the case of an expected decrease). The N response should generally be
absent. Moreover, we expect to observe abrupt shifts (e.g., from P, PP, E to M, MM, E or vice versa) in correspondence with periods
characterized by substantial innovations in employment dynamics (i.e., a transition from positive to negative expectations).

In contrast, the cross-sectional dynamics within each country (Fig. 1) consistently reveal the coexistence of opposing responses in
every period. This observation suggests the presence of heterogeneous information sets, which is compatible with the information
stickiness hypothesis. Furthermore, the slow, rather than abrupt, change in the respective shares of households providing each
answer in {PP,P,E,M,MM} reinforces the evidence of stickiness.

The hypothesis of biased expectations is supported by the asymmetric distribution of responses. An analysis of the historical
unemployment rate series across various countries (see Table 2) reveals that x — the historical mean change in the unemployment
rate — is rarely significantly different from zero. Based on this empirical evidence, one would expect a distribution of qualitative
responses that is centered in E and symmetric. Instead, as clearly shown in Fig. 1, the distribution is skewed towards pessimism.
The overwhelming majority of the sample exhibits pessimistic expectations, suggesting a potential bias in households’ forecasts.

Consequently, these discussions provide evidence for three well-established empirical observations:

Stylized Fact 1. Household expectations are cross-sectionally dispersed.
Stylized Fact 2. Household expectations are sticky.
Stylized Fact 3. Household expectations are biased.
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Fig. 1. Cross-sectional distribution of unemployment expectations.

Notes: Sample period: 1994m6:2024m3 (BE, DK, EL, ES, FR, IT, NL and US). Shorter periods for: AT (1995m10:2024m3), DE (1994m6:2019m4), FI
(1995m10:2019m4), PT (1997m9:2024m3), SE (1994m6:2020m11), SI (1996m3:2024m3) and UK (1994m6:2020m12). Variable codes: PP:= households expecting
unemployment to rise sharply; P:= households expecting unemployment to rise slightly; E:= households expecting unemployment to remain stable; M:= households
expecting unemployment to fall slightly; MM:= households expecting unemployment to fall sharply; N:= households do not have a precise idea.

Source: EC Business and Consumer Survey (EU countries) and the Michigan Survey of Consumers (US).

Our theoretical model successfully replicates the stylized facts SF 1, SF 2, and SF 3. Cross-sectional dispersion in our model
arises from the heterogeneity of agents’ information sets and the heterogeneous parameter ¢ that characterizes different groups.
Sticky expectations in our model arise from the presence of information stickiness. Biased expectations in our model are generated
by ¢ #0.

4.1.2. Implications of the model

Table 3 summarizes the main results from the application of our novel framework to unemployment expectations. In particular,
it examines the relationship between bias and stickiness in aggregate expectations in a cross-group comparison (i.e., Propositions
3.4-3.7). This analysis involves calculating means and standard deviations of the expectations index at the socio-demographic group
level for each country. The theoretical range of the index is [-100,+100] and the intuition is that a higher value implies that the
aggregate expectation is “more pessimistic”. Fig. 2 provides a graphical representation of the relationship between the mean and
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Table 3
Sample correlation of mean and standard deviation of aggregate expectations
across socio-demographic groups in each country.

r(M,c M)
Homos. Sign Concl.

BE v —0.81%** Negative
DE v —0.42% Barely neg.
FR v —-0.61** Negative
1T v —0.82%** Negative
Us v —0.59** Negative
AT Inc. —0.58** Negative
FI Inc. -0.12 Null

DK X 0.38 Null

NL X —0.66** Negative
SE X 0.22 Null

SI X —0.60** Negative
UK X 0.00 Null

Notes: r(M,oy) denotes the sample correlation between the vector of sample
means (M) and the vector of sample standard deviations (denoted by &,,) of
aggregate expectations across different groups. Sample correlations are presented
with significance levels based on a test of the null hypothesis p = 0 (no
correlation) against the alternative hypothesis p # 0 (correlation exists). T
indicates that the test rejects the null hypothesis in favor of the alternative
hypothesis p < 0 (negative correlation) at the 10% significance level. For details
on the sample period for each country, see the note to Fig. 1. Conc.:= Conclusion
of the analysis. Negative:= The correlation is significantly negative. Barely neg.:=
The correlation is marginally negative and statistically significant.

standard deviation at the group level for each country. More details on the exact wording of the survey question, the calculation of
the balance index, the socio-demographic groups, and the time period considered can be found in Appendix C.

The results show that, comparing the different demographic groups, the correlation between the mean and standard deviation is
negative — as expected under Propositions 3.5 and 3.7 — for the countries (Belgium, Germany, France, Italy, and the US) that satisfy
both (i) the stationarity conditions of the unemployment rate difference series and (ii) the homoskedasticity of the residuals of Eq. (2).
For all other countries, this correlation is instead negative, null, or positive, as expected, since, as discussed in Section 3.3.2, either
sign can prevail. The relationship varies from null (UK), to positive but never statistically significant (Denmark and Sweden), to
negative (Austria, Finland, the Netherlands, and Slovenia). Greece, Spain, and Portugal have breaks in the estimated value of x and
are therefore not included in Table 3, as it is not possible to provide any intuition about the sign of the correlation.

5. Conclusions

In this paper, we presented a model that combines information stickiness a la Mankiw and Reis (2002) and Carroll (2003)
with an asymmetry in the loss function a la Capistran and Timmermann (2009). The idea is that the non-trivial bias in aggregate
expectations found in most consumer surveys may be the result of the prudent behavior of a substantial fraction of the population
that, faced with outdated information that increases uncertainty, prefers to overestimate (underestimate) the variable in order to
hedge against a costly underestimation (overestimation). The framework implies, for any macroeconomic or financial variable,
cross-sectional dispersion of consumer expectations, and bias and stickiness in aggregate consumer expectations. Moreover, if the
underlying macroeconomic variable satisfies certain conditions — stationarity, the absence of structural breaks and homoskedasticity
of the residuals - the framework also implies that information stickiness generates an endogenous link between bias and stickiness
in aggregate expectations: the higher the bias in the expectations of a given socio-demographic group, the higher the stickiness of
aggregate expectations of that group. The latter link is a novel theoretical contribution that is not provided by models that account
for either information stickiness or asymmetry in the loss function, since it is a combined effect of the two features: asymmetry in
the loss function implies that the bias is non-null, and information stickiness inflates its value, increasing the time-series mean of
aggregate expectations. At the same time, information stickiness leads to stickiness of expectations, which reduces the time-series
variance of aggregate expectations.

In an empirical application to unemployment expectations, we checked whether consumer expectations over the last three
decades in 15 countries (US and 14 EU countries, including France, Germany, Italy, Spain and pre-brexit UK), as collected by the
Michigan Survey of Consumers and the European Commission’s Business and Consumer Survey, are consistent with the implications of
the theoretical model. First, for all countries considered, the survey data underscore three stylized facts that are well known in the
literature, namely the bias in aggregate expectations, the stickiness of aggregate expectations, and cross-sectional dispersion; all three
are consistent with the theoretical framework. We then tested whether the relevant macroeconomic variable — the 12-month change
in the unemployment rate — follows an AR(1) process with no structural breaks in the mean and homoskedastic residuals, and find
that for the five countries (Belgium, France, Germany, Italy, and the US) for which all conditions are satisfied, the mean and standard
deviation of aggregate expectations of different groups within each country are negatively correlated, consistent with the theoretical
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Fig. 2. Sample mean and sample st. deviation of the unemployment expectations index.
male group, FEM is female group, and TOT is total population. For EU countries: age groups are AGl (16-29), AG2 (30-49), AG3 (50-64),
and AG4 (65+); education groups are ED1 (primary), ED2 (secondary), and ED3 (further education); income groups are RE1 (lowest quartile), RE2 (second),
RE3 (third), and RE4 (highest quartile). For the US: age groups are AGl (18-34), AG2 (35-54), and AG3 (55-97); education groups are ED1 (high school or
less), ED2 (some college), and ED3 (college degree); income groups are RE1 (bottom 33%), RE2 (middle 33%), and RE3 (top 33%); regional groups are WES
(western), NCE (north-central), NES (north-eastern), and SOU (southern).
Source: EC Business and Consumer Survey for EU countries, Michigan Survey of Consumers for the US. For details on the sample period for each country, see

Notes: MAL is

the note to Fig.

1

model. For the other seven countries, the first two conditions are met, but the residuals are heteroskedastic (or the tests do not
show strong enough evidence in favor of homoskedasticity): with heteroskedastic residuals, a second effect is generated that inflates
the variance through information stickiness, and the correlation between mean and variance could therefore be negative, null, or
positive, depending on the strength of this “heteroskedasticity-induced” effect. Indeed, for these seven countries, the value of the
correlation ranges from positive (Denmark and Sweden) to null (UK) to negative (Austria, Finland, the Netherlands, and Slovenia).
Overall, the empirical application shows that the survey data are broadly consistent with the implications of the theoretical model.

The main contribution of this paper is henceforth the description of a unique theoretical framework in which, provided that
agents have an asymmetric loss function, a lower absorption rate (i.e., a lower frequency of updating information) leads, ceteris
paribus, to (i) higher pessimism in aggregate expectations (ii) higher stickiness, as reflected in a lower standard deviation of the
aggregate expectations (iii) substantial cross-sectional dispersion, and (iv) a positive relationship between bias and stickiness. Hence,
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the stylized facts matched by our model are more than the ones obtained in the information stickiness or asymmetric loss function
frameworks taken alone.

In addition, these results support the idea that individuals with limited access to economic information are more likely than
others to have systematically incorrect expectations and thus are at a greater risk of making poor economic decisions. Facilitating
access to useful economic information can reduce both the bias and information stickiness of these individuals.
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Appendix A. “Toy model”

max U(C,,C,y) =U(C)) + FEU(C,))
=U(C)) + PEUY - C)(1+1) + 1))
=1 —exp(—aC)) + fE(1 — exp(—a((Y — C))(1 + 1)+ Y3))) (A1)
=1 —exp(—aC)) + (1 — exp(-a(¥ — C)(1 +r) +¥) + a*c% /2)) (A.2)
Eq. (A.2) follows from (A.1) given that:

+ For a given value of C; = Cy, C, = (¥; — C,)(1 +r) + Y, is normally distributed C, ~ N((¥ — C,)(1 +r) + ¥, 02); if C, is normally
distributed, also —aC, is normally distributed

+ If —aC, is normally distributed, exp(—aC,) follows a log-normal distribution with E(exp(—aC,)) = exp(uc, +o‘é2 /2) = exp(—a((Y; -
CH(+ ) +Y) + a2 /2)

* E(aX +b) = aE(X) + b => E(l — exp(-aCy)) = 1 — E(exp(-aCy)) = 1 — exp(—a((Y; = C))(1 + ) + ¥) + a’62 /2)

F.O.C. of Eq. (A.2):

% = —aexp(=aC)) + fa(l + r)exp(-a((¥ = C)(1 +r) +¥) +a’c2 /2) =0
1

exp(-aC)) = fa(l + r)exp(—a((¥ — C)(1 + 1) +¥) + a’c3 /2)
In(exp(-aC))) = In(fa(l + r)exp(—a(Y — C)(1 +r) + ) + a*6% /2))
—aCy = In(Ba(l +r) —a((¥ = C)A+7r) +¥) +a’c}/2
Ci(l+(1+r)=—-InBa(l +r)/a+YQ2+r) - aaf,/2
_In(Ba(l +r)) N YQ+r) - (w)z//Z
a2+r) 24r

C =
Appendix B. Self-referential extension
To examine how our model performs under self-referential conditions, we derive the solution for M, [x,,,] when the variable x

is also affected by the deviation of its expectation from the baseline x. Specifically, as an alternative to the autoregressive process
of order one (AR(1)) for the target variable assumed by Eq. (2), we instead consider a more general process:

Xpy = %4 p(x, — %)+ O(M,(x,H) - M,(x)) il (B.1)
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with0<6 < % The upper bound on 6 is imposed to ensure that 0 < 1 —0(2— 1) < 1 for 0 < A < 1. Eq. (B.1) generalizes Eq. (2), since
setting 0 = 0 immediately recovers Eq. (2). Eq. (B.1) also guarantees that if x,_, = --- = x, = x,,,| = X, then the following identity is
verified:

%= >‘c+p()‘<—)‘c)+0(M,(3‘c)—M,()‘c)) +0=*x.

The feedback from the aggregate expectation to the variable makes the expectation more complex, since the agent — in forecasting
the future value of a variable — needs to guess also what will be the future aggregate expectation.

For simplicity, we focus on the case with 2 = 1 and obtain a closed-form solution for M,[x,,,] to be compared with Eq. (9) —
obtained assuming Eq. (2). The closed-form solution (B.2) is an approximate solution, since it exploits the following:

1+ Z (”)9(—,1)" ~ 14 z (”)(—ew =(1-061"
k=1 k k=1 k

Then,
. 1-04 o o (1_)’)7+1pf
Hilial0> 01 =X+ 755 5000 =0 ”TZ_;)((I ~0@— )1 - 6277 ")
la 3a
bo; (1= Dp(l - 02) 1-4 2
+ T(H G-t —d—np ) T T=a=n, 2 (8.2)

J

2a

where y(0, ¢, 52) is a complex (rational) bias related to the need to forecast the one-step-ahead aggregate expectation. y is equal to
zero if 6 = 0 (i.e., if there is no feedback from the expectation to the variable) and is increasing in 6, ¢ and crf,.
We recall that Eq. (9), when h = 1, is the following:
) ¢[72 - ¢62
M, [x41 10 = 0] =X + p(x; — %) —p Z <(1 - /1)T+1/?T'11—r> + Tﬂ + HT’? : (B.3)
& 2r4 — (1=

“

1b
3b 2b

Hence, if we compare the performance of the model in a self-referential system (¢ > 0, Eq. (B.2)) with the one in which
expectations do not influence the variable being forecasted (6 = 0, Eq. (B.3)), we obtain the following intuitions:

1. 1b vs. 1a. The impact of p(x;, — ) on M,[x,,,|0 > 0] is stronger than on M,[x, ;|0 = 0], since (1 —4)/(1 — (2 — 2)) > 1. This
stronger impact is an effect of the feedback from the expectation to the variable.

2. 2b vs. 2a. The bias is greater (in absolute value) for M,[x,, |0 > 0] than for M,[x,, |60 = 0]. First of all, 1 + ((1 — A)p(1 —
02))/(1=601)%=(1=2A)p) > 1+(1 = A)p/(1 = (1= A)p); furthermore, the uncertainty concerning the future aggregate expectation
introduces an additional bias, y(1 — 1)/(1 — (1 — A)p), further inflating the bias. The effect is decreasing in A and increasing in
¢, as under Eq. (9).

3. 3b vs. 3a. The weight on each past innovation #,_; with i = 0,1,2,... is greater for M,[x,, |60 > 0] than for M,[x, |0 =
0], making the aggregate expectation more sticky in the former than in the latter. Actually, the numerator is the same
(1= A)™*1p7), but in case of 0 < # < 1/2 the denominator for M,[x,, |6 > 0] is lower than unity ((1 -2 — A)(1 - oA < 1),
The stickiness is decreasing in 4, as under Eq. (9) of the manuscript.

4. In turn, the stickiness in the aggregate expectation, through its feedback on the variable, makes the dynamics of the variable
itself more persistent (see Eq. (B.1)).

Appendix C. Survey data construction

Consumer surveys include unemployment expectations in multiple countries, including the US and EU countries. For EU
countries, the data are monthly and come from the European Commission’s Business and Consumer Survey. The question (Q7 in
the questionnaire) is as follows:

How do you expect the number of people unemployed in this country to change over the next 12 months? The number will...

+ PP increase sharply
+ P increase slightly
+ E remain the same
+ M fall slightly

+ MM fall sharply

+ N do not know.
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Table C.4
Unemployment expectations: Summary statistics for selected EU countries.

AT BE DE DK EL ES FI FR T NL PT SE sI UK

Mean  SD Mean  SD Mean  SD Mean  SD Mean  SD Mean  SD Mean  SD Mean  SD Mean  SD Mean  SD Mean  SD Mean  SD Mean  SD Mean  SD

RE1 2667 1521 31.46 16.82 2245 17.62 251 1199 5133 19.00 20.15 1480 517 1646 2885 1661 30.69 1270 16.82 2378 3745 2374 894 1648 3043 1553 27.03 14.90
RE2 2408 1674 27.49 1849 1899 17.85 3.21 1453 4875 20.16 17.23 1626 472 1812 2746 1892 2560 1372 1322 2777 29.05 2324 973 1816 27.61 1667 2395 15.61
RE3 21.81 17.58 2215 2144 17.44 1899 1.66 1518 4821 2049 1495 1779 249 1898 2559 2027 21.90 1429 9.35 3005 28.53 24.33 830 1945 2379 16.82 21.83 16.02
RE4 19.18 19.35 17.89 24.58 1548 1867 -0.38 17.00 43.46 21.95 11.49 2001 -0.66 20.65 20.64 2278 18.26 1659 529 3238 29.06 2691 594 21.31 1817 1880 19.98 17.99

ED1 2452 1578 29.30 16.80 20.25 1843 6.02 18.07 50.32 19.77 17.29 15.03 5.33 1581 2928 17.16 26.42 1274 18.06 22.64 36.87 2507 1097 16.32 28.34 1534 2824 14.40
ED2 2173 1745 26.57 19.13 1859 1817 271 13.00 47.95 20.12 14.88 17.10 3.56 17.92 28.01 1853 22.00 1414 13.69 27.06 30.00 24.85 8.59 17.92 2468 16.15 23.49 1566
ED3 1877 19.19 20.84 21.74 1591 20.13 0.46 14.88 46.76 20.59 1271 19.21 -0.06 20.77 22.43 21.08 1879 16.31 7.06 30.62 3250 26.92 5.84 20.19 2022 1874 20.78 16.74

AGl 1935 1516 21.90 17.95 17.04 17.27 -072 9.55 4545 20.18 1247 1631 -3.06 1574 21.09 1841 20.11 1426 546 2474 2510 2369 175 1456 23.02 14.66 1870 12.29
AG2 2553 1649 27.01 1958 1973 1879 294 1413 4942 2051 1675 1688 421 1826 27.36 19.03 2548 1414 10.64 28.08 3267 2541 7.64 18.69 26.58 16.47 23.60 15.50
AG3 2536 1828 26.68 20.41 20.30 18.86 4.21  15.89 4945 2045 1671 1740 553  20.80 29.12 20.32 2419 14.38 1472 28.80 36.28 2564 11.63 20.69 2596 18.01 26.46 18.40
AG4 1959 1841 2298 1867 1867 1864 0.86 13.94 4712 19.88 13.80 1612 3.92 19.67 2392 1893 2208 1354 1365 2538 3214 2529 9.49 2011 2291 17.34 2272 18.33

MAL 1997 17.85 20.41 21.32 1846 1890 0.45 14.42 4581 20.07 13.03 17.66 0.55 19.28 2567 19.81 21.24 1429 9.17 29.16 27.16 2526 595 19.20 21.26 16.47 21.74 16.73
FEM 2579 1577 29.13 18.02 19.78 17.83 3.85 12.75 50.03 20.26 17.29 16.01 5.42 17.66 2738 17.62 2551 1319 1461 26.19 39.02 26.00 10.04 17.71 2841 16.24 2410 14.92

TOT 2301 1660 2506 19.38 215 1325 4802 2001 1522 1671 2629 19.04 2347 1363 1217 2726 33.18 2535 2495 16.18 2294 15.56

-0.58 ~0.81 -0.42 0.38 -0.67 -0.74 -0.12 -0.61 -0.82 -0.66 0.24 0.22 ~0.60 0.00

Notes: AGl, AG2, AG3, and AG4 are the 16-20, 30-49, 50-64, and 65+ age groups, respectively. ED1, ED2 and ED3 are the groups with primary, secondary, and further education, respectively. RE1-RE2-RE3-RE4 are the first (lowest),
second, third and fourth (highest) income quartiles, respectively. MAL is male, FEM is female, and TOT is the total population. COR is the correlation between mean and standard deviation. Source: EC Business and Consumer Survey.
1994m6:2024m3 (BE, DK, EL, ES, FR, IT, and NL). Shorter periods for: AT (1995m10:2024m3), DE (1994m6:2019m4), FI (1995m10:2019m4), PT (1997m9:2024m3), SE (1994m6:2020m10), SI (1996m3:2024m3), and the UK (1994m6:2020m12).

Consumer expectations are summarized in an index at EU, EA, and country level, expressed as
Balance, = PP, +P,/2 —M,/2 — MM,

For the US, the data are monthly and come from the Michigan Survey of Consumers. The question (Q11 in the questionnaire) is
as follows:

How about people out of work during the coming 12 months — do you think that there will be more unemployment than now, about the
same, or less unemployment than now?

» M More unemployment in the next 12 months
» E About the same level of unemployment
» M Less unemployment in the next 12 months

Aggregate expectations in the US are expressed as
Balance, =M, — P, 4+ 100.

In what follows, we apply a linear transformation to the US index, expressing consumer expectations in the form Balance, = P,—V,,
so that the US and EU indexes provide a similar intuition. The theoretical range is from 100 (whole sample responding PP in the
EU or P in the US) to —100 (whole sample responding MM in the EU or M in the US). A higher value of the balance indicates that
consumers are more pessimistic.

In addition, the Michigan Survey of Consumers and the Business and Consumer Survey data include balance indexes for different
categories of consumers, disaggregated by gender (male and female), age, education, income and, for the US, by region. For EU
countries, the age groups are AG1 (16-29), AG2 (30-49), AG3 (50-64), and AG4 (65+); the education groups are ED1 (primary),
ED2 (secondary), and ED3 (further education); the income groups are RE1 (lowest quartile), RE2 (second), RE3 (third), and RE4
(highest quartile). For the US, the age groups are AG1 (18-34), AG2 (35-54), and AG3 (55-97); the education groups are ED1 (high
school or less), ED2 (some college), and ED3 (college degree); the income groups are RE1 (bottom 33%), RE2 (middle 33%), and
RE3 (top 33%); the regional groups are WES (western), NCE (north-central), NES (north-eastern), and SOU (southern). The balance
for group i at time ¢ is calculated as follows for EU countries:

Balance;, = PP, +P; /2 - M, /2 - MM,
And as follows for the US:
Balance;; = P;, —V; .

We consider data since June 1994, where available.'” Data covering the entire period 1994:m6-2024:m3 are available for eight
countries: the US and, among EU countries, Belgium, Denmark, Greece, Spain, France, Italy, and the Netherlands. We also consider
all other EU countries for which monthly subsector data are available at least since April 1999 (25 year period). For four other
countries (Austria, Portugal, Slovenia, and the UK) we therefore consider a shorter period: Austria data has available since 1995m10,
and Slovenia since 1996m3. For the UK, data are available until 2020m12, since the survey was discontinued due to Brexit. For
Portugal, we consider data since 1997m9."!

10 Starting from 1994:m6, we uniformly have data for three of the four largest EU countries, i.e., France, Italy, and Spain, as well as for US.
11 As reported in the information accompanying the Business and Consumer Survey data: “Due to a change of institute in September 1997, consumer data for
Portugal previous to this date is not directly comparable with the rest of the series”.
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Table C.5
Unemployment expectations: summary statistics for the US.
Mean SD

AG1 9.06 16.09
AG2 13.80 17.63
AG3 12.87 17.92
WES 11.08 17.15
NCE 12.04 17.91
NES 13.99 19.71
SOU 12.50 16.60
MAL 9.80 18.41
FEM 14.75 15.94
RE1 16.03 15.04
RE2 12.37 17.34
RE3 8.49 20.54
ED1 15.46 15.71
ED2 13.42 16.83
ED3 9.29 19.97
TOT 12.37 16.50
COR -0.59

Notes: AG1, AG2, and AG3 are the 18-34, 35-54, and 55-97
age groups, respectively. ED1, ED2, and ED3 are the group
with high school or less, some college, and a college degree,
respectively. RE1-RE2-RE3 are the bottom 33%, middle 33% and
top 33% of the income distribution, respectively. WES, NCE, NES
and SOU are western, north-central, north-eastern and southern
regions, respectively. MAL is male, FEM is female, and TOT is
the total population. COR is the correlation between mean and
standard deviation. Source: the Michigan Survey of Consumers.
1994m6:2024m3.

For three other countries (Finland, Germany and Sweden), there are structural breaks in the series that allow us to perform
only some of the analyses that we perform for the other 12 countries considered; in particular, it is not possible to compare the
socio-demographic groups with the general population. For Germany and Finland, we consider data until 2019m4 due to a structural
break.'? Moreover, Finnish data are available since 1995m10, so for Finland the interval 1995m10-2019m4 is considered. Finally,
for Sweden we consider data until 2020m10 due to a structural break in the series.**

Summary statistics for the balance expectations index are provided in Table C.4 for EU countries and C.5 for the US.

Data availability

The data are publicly available and can be freely downloaded on the providers’ web sites.
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