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Abstract

We provide empirical evidence that optimism bias increases with the forecasting horizon. We label
this empirical regularity the horizon bias. We document significant horizon bias in the macroeconomic
expectations of professional forecasters, both in the U.S. and abroad. In our empirical setting, horizon
bias is unlikely to be the result of strategic considerations, information rigidities, or common heuristic
rules of belief formation. At the same time, we show theoretically that horizon bias can arise in theories
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1 Introduction

A central question in economics is how agents form expectations. Agents’ expectations are
critically important for consumption, savings, and investment decisions. As a result, expecta-
tions can affect micro-level outcomes, as well as the implications of policy for macroeconomic
outcomes. Given the central role that expectations have in determining individual and aggre-
gate economic outcomes, a growing body of research has tested many theories of expectations
formation, ranging from full-information rational expectations (Muth|(1961)) to theories of in-
formation rigidities (Mankiw and Reis| (2002), [Woodford| (2003)), |Coibion and Gorodnichenko
(2015)), to behavioral theories of over-reaction (Bordalo, Gennaioli, Ma, and Shleifer| (2020))
and experience effects (Malmendier and Nagel (2011), Malmendier and Nagel (2016])).

Although prior work has investigated the expectations formation process extensively, one
question about expectations that has received less attention is how agents form expectations
differently at different forecasting horizons. Differences in agents’ optimism at different hori-
zons have implications for a wide variety of problems that policy makers, corporations, and
individuals face regularly, as they trade-off short-term versus long-term consumption, invest-
ments, and well-being. It is this term structure of optimism that we shed light on in this
paper.

To investigate how short-horizon expectations differ from long-horizon expectations, we
focus on forecasts of future macroeconomic states. Studying macroeconomic expectations has
the key benefit of allowing for a comparison of forecasts with readily available data on macroe-
conomic realizations. Thus, we are able to construct forecast errors at different forecasting
horizons, and assess how deviations from rational expectations change with the forecasting
horizon.

Our focus is on how optimism changes with the forecasting horizon. Performing this
analysis necessitates restricting the focus to a set of macroeconomic quantities for which the
definition of optimism is uncontroversial and likely shared among forecasters. Thus, we focus
on real GDP growth, growth in industrial production, growth in corporations’ profits, and the
unemployment rate.

Using professional forecasters’ survey expectations from multiple sources, we show that
forecasters’ optimism (e.g., the forecast of higher annualized GDP growth, or lower unemploy-

ment rate) increases with the forecasting horizon. Stronger optimism bias at longer horizons



is evident at the level of the individual forecaster, as well as in consensus expectations and
median forecasts. The evidence that optimism bias increases with the forecasting horizon is
also robust to split-sample analysis. We document this phenomenon in the U.S. Survey of
Professional Forecasters (1968-2018), as well as internationally, using the European Central
Bank Survey of Professional Forecasters (1999-2018). This second source of data on beliefs
allows us to show that the optimism bias in macroeconomic forecasts extends for horizons of
up to 5 years. We label this novel feature of the expectations formation process the horizon
bias.

A natural question is why there is greater optimism bias in long-horizon macroeconomic
forecasts than in short-horizon forecasts. In standard theories of full-information rational ex-
pectations, forecasts are unbiased at all horizons. Thus, full-information rational expectations
cannot generate horizon bias. Importantly, this benchmark scenario of rational expectations in
which forecasts are unbiased rests on three assumptions: (i) the forecaster lacks the incentive
to strategically issue forecasts that differ from his subjective beliefs; (ii) the forecaster does not
face bounded-rationality constraints, nor does he incur the cost of information acquisition and
processing; (iii) the forecaster maximizes his expected utility of future consumption or wealth,
while beliefs do not have any intrinsic utility value. Previous research has documented that
relaxing any of these assumptions generates biases in forecasting. Therefore, we ask whether
horizon bias can arise when any of these three conditions above is not met.

Incentives to strategically issue forecasts can generate systematically biased forecasts (Fran-
cis, Hanna, and Philbrick (1997); |Chen and Matsumoto| (2006))). For instance, hoping to
advance their careers, sell-side analysts working at investment banks can issue optimistically
biased forecasts about a firm’s prospectsE] Although it is possible that strategic considerations
generate forecasts that are consistent with horizon bias, these considerations are unlikely to
account for horizon bias in our survey data, since the forecasters in our sample issue their
predictions under the condition of anonymity, and the survey organizers pride themselves for
having maintained this condition intact for many decades (Garcial (2003), Croushore and Stark
(2019)). Moreover, the forecasts we consider are about macroeconomic outcomes, rather than
the prospects of individual firms. Therefore strategic considerations are unlikely to generate

horizon bias in our setting.

1See Scharfstein and Stein| (1990), Ehrbeck and Waldmann| (1996)), and [Frankel, Kothari, and Weber| (2006)),
among others.



Another potential impediment to fully rational forecasts is the processing capacity con-
straint that the forecasters in our sample face. They likely cannot incorporate all relevant
information into their forecasts in real time. Additionally, they do not know the data generat-
ing process. In this respect, we consider two possible deviations from full-information rational
expectations: information rigidities (Mankiw and Reis| (2002), [Woodford| (2003)), and |Coibion|
and Gorodnichenko| (2015)) and bounded rationality (Kahneman and Tversky (1974)), Bar-|
beris and Thaler (2003)), [Fuster, Laibson, and Mendel (2010) and Rabin and Vayanos| (2010)).

The main models of information rigidities in macroeconomic forecasting, namely the sticky-

information model and the noisy-information model, have proved successful in explaining the
dynamics of beliefs about inflation. We consider both a standard version of these models with
time-invariant rigidities and a version of the models in which rigidities are time—varyingEl In
both cases, information rigidities cannot account for horizon bias.

Even absent information rigidities, forecasts can be systematically biased if forecasters are
unaware of the data generating process, and instead rely on intuitive heuristics to make pre-
dictions. In the broad literature of forecasting under bounded rationality, models of extrapola-
tion, adaptive expectations, and incorrect beliefs about persistence are featured prominentlyﬂ
While these heuristics can generate biases in forecasting, we show theoretically that optimism
bias and horizon bias are unlikely to stem from these heuristics.

We last examine whether horizon bias is consistent with theories of motivated beliefs, in
which agents derive utility from holding optimistic expectations about the future. In these the-

ories, an agent gains anticipation utility by portraying his future prospects more optimistically

than an outside rational observer would (Brunnermeier and Parker| (2005)), Bénabou| (2015)),
Bénabou and Tirole| (2016)), (Caplin and Leahy (2019)). To investigate formally whether hori-

zon bias in macroeconomic forecasts can be the result of motivated beliefs, we consider two

prominent models of motivated beliefs, namely, Brunnermeier and Parker| (2005)’s theory of

2To model time-varying rigidities, we rely on earlier work by (Gorodnichenko | (2008) and |Coibion and|
\Gorodnichenko] (2015).

SExtrapolation and adaptive expectations have a long tradition in macroeconomics. See, for instance,
Keynes| (1936), Koyck| (1954), and Nerlove| (1958). More recent evidence of extrapolation and adaptive ex-
pectations is surveyed in Barberis and Thaler (2003 and Barberis (2018)). Adaptive learning is also the
foundation for recent evidence of lifetime experiences (Malmendier and Nagel (2011), Malmendier and Nagel
(2016)). |[Fuster, Laibson, and Mendel (2010) and Rabin and Vayanos (2010) consider incorrect perceptions
concerning the persistence of the data generating process. They argue that these perceptions can be the
consequence of the representativeness heuristic.




optimal expectations and (Caplin and Leahy| (2019))’s theory of wishful thinking. In the former,
the behavioral agent trades off the anticipation utility he gains from envisioning strong future
macroeconomic growth, against the suboptimal investment outcomes that such unwarranted
optimism leads to. In the latter, the agent trades off the anticipatory utility benefits of opti-
mistic beliefs, against the cost of practices such as information avoidance (Golman, Hagmann,
and Loewenstein| (2017))), memory suppression, and self-deception (Sharot, Korn, and Dolan
(2011)), Bénabou| (2015)), and Zimmermann| (2020))), which help maintain such optimism in
the face of incoming information. To study whether horizon bias obtains in these settings, we
extend both [Brunnermeier and Parker| (2005]) and |Caplin and Leahy| (2019) to a multi-period
setting, and demonstrate that horizon bias can arise in both settings. Overall, motivated
beliefs offer a natural micro-foundation for our novel evidence of horizon bias.

The last part of the paper investigates whether motivated beliefs also explain the large
time-series variation in horizon bias that is observed in the data. To this end, we follow
Bénabou| (2015))’s demand-supply framework for dissecting motivated beliefs. We consider five
separate drivers of horizon bias in macroeconomic forecasts. Demand-side drivers of motivated
beliefs capture the psychological mechanisms that make optimistically biased beliefs desirable
from the forecaster’s viewpoint. For instance, it can be desirable for the forecaster to hold
optimistically biased beliefs when such beliefs help cope with or reduce feelings of anxiety
and stress. Supply-side drivers of motivated beliefs include the features of the process being
forecasted that alter the costs of being optimistic. Two examples of costly ways to maintain
optimism are the active avoidance of negative signals about the future (Epley and Gilovich
(2016) and |Golman, Hagmann, and Loewenstein| (2017))), and the manipulation of memory and
the selective recall of past experiences (e.g., [Sharot, Korn, and Dolan| (2011)), |Cheng, Raina,
and Xiong (2014), and Zimmermann| (2020))). The costs of these behaviors change with the
underlying features of the process being forecasted. In particular, theory work suggests that
optimism bias and horizon bias can change as a result of changes in the conditional uncertainty
and the conditional skewness of the underlying process[| Importantly, these drivers exhibit
time-series variation, and could hence help explain time variation in horizon bias.

Using data on the forecasts of real GDP growth, industrial production growth, growth in

4Brunnermeier and Parker (2005) and Brunnermeier, Gollier, and Parker| (2007) show that beliefs are more
optimistically biased when investment outcomes are more positively skewed. |Caplin and Leahy| (2019) show
that a larger optimism bias arises in settings with larger conditional uncertainty, since in these settings the
agent can more easily defend optimistic beliefs.



corporate profits, and unemployment rate from the US Survey of Professional Forecasters, we
analyze the role of each of five separate demand and supply drivers of motivated beliefs for
optimism bias and horizon bias in macroeconomic forecasts. To the best of our knowledge we
are the first to investigate the relevance of these drivers of motivated beliefs for the formation
of macroeconomic forecasts and for the term structure of bias in optimism. In multivariate
regressions of U.S. forecasters’ expectations conducted over a 50-year long sample, our results
offer strong support for motivated-beliefs theories of macroeconomic expectations formation.
We show that, ceteris paribus, the optimism bias (i) increases at all horizons during reces-
sions, possibly as a means to reduce feelings of anxiety that are particularly severe during
these periods (Marjanovic, Greenglass, Fiksenbaum, and Bell| (2013]), [Mucci et al.| (2016])); (ii)
declines, particularly at long horizons, following periods of protracted and widespread nega-
tive news, consistent with increasing costs of information avoidance leading to lesser ability
to avoid negative information; (iii) increases (declines) at all horizons following recent good
economic conditions, consistent with recency bias in the recall from memory (Malmendier,
Pouzo, and Vanasco| (2019)); (iv) increases with conditional macroeconomic uncertainty, con-
sistent with the |Caplin and Leahy| (2019) theory of wishful thinking; and (v) increases when
the distribution of future macroeconomic outcomes is more positively skewed, consistent with
Brunnermeier and Parker| (2005]) theory of optimal expectations. Importantly, some of the
aforementioned findings carry over to explain variation in horizon bias. In particular, our
results indicate that higher uncertainty, positive skewness, and a decline in the cost of infor-
mation avoidance can lead to stronger horizon bias[]

In sum, we contribute to three distinct strands of the literature. First and foremost, we
contribute to the literature on expectations formation. Our contribution to this literature is
to document that beliefs about future macroeconomic states are, on average, more optimisti-
cally biased at long horizon than they are at short horizon. After showing that this aspect
of macroeconomic expectations formation is difficult to reconcile with rational expectations,
and cannot be easily explained using theories of belief formation that have received recent
attention, we provide a theoretical foundation for horizon bias within theories of motivated
beliefs. We show that motivated beliefs do not only help reconcile horizon bias uncondition-

ally, but theory-based drivers of motivated beliefs help explain variation in horizon bias over

®Using our two models of motivated beliefs, we are able to confirm that these results are theoretically in
line with the implications of motivated beliefs for horizon bias.



time. Taken together, our evidence provides strong support for motivated-beliefs theories of
macroeconomic expectations formation.

Second, we contribute to a large literature in economics and psychology on the optimism
bias. The optimism bias, a belief process that leads to systematically inflated self-views and

excessively optimistic expectations about agents’ future prospects, has been documented in

many settings, ranging from health and the perception of health risk (Friedman et al.| (1995),
(Oster, Shoulson, and Dorsey]| (2013))) to financial decision-making at the individual level
and Robinson| (2007)) as well as in corporations (Kahneman and Lovallo| (1993))| Despite

the evidence that the optimism bias is pervasive, the question of whether and how it affects

agents’ expectations of future macroeconomic states has received little attention. Our results
indicate that the optimism bias affects macroeconomic forecasts in a way that increases with

the forecasting horizon. Our evidence also indicates that theories of optimism bias that are

rooted in motivated beliefs (Bénabou and Tirole (2016))), optimal expectations (Brunnermeier|
and Parker| (2005)), and wishful thinking (Caplin and Leahy| (2019)) can help explain horizon

bias and its time-series variation.

Finally, we contribute to the literature on economic forecasting with asymmetric loss
(Elliot, Komunjer, and Timmermann (2005), Patton and Timmermann, (2007), Elliott and
Timmermann (2008), and (Capistran and Timmermann| (2009)). This literature argues that

systematic forecast biases can arise when forecasters face asymmetric loss over their positive

versus negative forecast errors[/| Importantly, as [Elliott and Timmermann| (2008) note, “con-

struction of a loss function requires a deep understanding of the forecaster’s objectives and
this may not always be easily accomplished”. Without such a deep understanding, econo-
metric models of forecasting with asymmetric loss are equally likely to generate positive or
negative biases in forecasts. In this respect, our results add to the asymmetric loss literature.
We provide evidence of systematic optimism in professional forecasters’ macroeconomic ex-
pectations that is consistent with the notion of forecasters’ asymmetric loss, and offer a clear

micro-foundation (motivated beliefs) for the direction that the asymmetry takes in the data.

For prior work on the optimism bias, see Weinstein| (1980), |Scheier and Carver| (1985), [Scheier, Carver,|
land Bridges| (1994), Sharot| (2011), Coval and Thakor| (2005), and [Ashton and Roberts| (2011) among others.

“For instance, [Patton and Timmermann| (2007) show that asymmetric loss can help explain the system-
atic biases in the forecasts issued by analysts working at the Federal Reserve, while [Elliot, Komunjer, and|
[Timmermann/| (2005) document that government-issued forecasts tend to systematically over-predict budget
deficit, in a way that is consistent with asymmetric loss.




2 Data and Empirical Methodology

To investigate how optimism evolves over the term structure, we use beliefs from survey
data. To be included in the analysis, survey data must meet two criteria. First, the survey
must elicit beliefs about short and long-term outcomes. We find two surveys often used in
the economics and finance literature that meet this criterion: the Federal Reserve Survey
of Professional Forecasters (SPF), and the European Central Bank Survey of Professional
Forecasters (ECB-SPF). The former, whose data starts in 1968, provides the longest sample
period at our disposal to study how optimism evolves with the horizon. The survey elicits
beliefs at a quarterly frequency, and for horizons ranging from the quarter in which survey
responses are collected, i.e., nowcasts, up to 4 quarters into the future. The ECB-SPF started
only at the end of the 1999. However, using the ECB-SPF data allows one to assess the
significance of our results in an international setting. Moreover, the data from ECB allows
us to further examine what happens to optimism when extending the forecasting horizon up
to 5 years. It is therefore highly informative to include this data in the analysis. Since we
base our main empirical design on the SPF, we defer a description of the ECB-SPF data to
the robustness section where this data is used. Finally, using multiple surveys offers implicit
out-of-sample evidence for our findings and allows us to assess whether the horizon bias is
pervasive [

The second criterion concerns the selection of the macroeconomic outcomes being fore-
casted. To draw inference on how optimism evolves over the term structure, what constitutes
an optimistic forecast for the average forecaster in the survey much be clear. This is not always
straightforward, since what a given outcome implies for a forecaster’s utility and well being
is likely to depend on the forecaster’s wealth, financial investments or obligations, job role, or
industry. For example, consider the forecast of wage growth for two hypothetical forecasters; a
firm owner and an employee. When forecasting future wages, an optimistic employee may ex-
pect salaries to increase. On the other hand, an optimistic firm or employer may forecast lower

wages since lower wages may increase the firm proﬁts.ﬂ Moreover, the relationship between

8Recent work that relies on the SPF data includes (Coibion and Gorodnichenko (2015)). The ECB-SPF has
been used in |Reitz, Ruelke, and Stadtmann| (2012).

9A similar example would apply to macroeconomic variables that are linked to financial investments. An
investor who is optimistic about the future investment opportunity set could forecast higher interest rates in
the future, whereas a household or the manager of a firm looking to obtain debt financing or refinance existing
debt in the future, would express optimism by forecasting lower interest rates in the future.



optimism and a given outcome may not be monotonic. For example, optimistic consumers
surveyed on inflation may predict low inflation since this implies more buying power. On the
other hand, if prices fall too much and the economy experiences deflation, the effect of such
decline can ultimately be detrimental for economic growth, employment, and consumers’ well-
being. Similarly, central bank officials, who may set monetary policy to stir inflation toward
a given inflation rate target, can express optimism about future inflation in the form of a
progressive convergence of inflation toward the target, so that optimism in inflation forecasts
does not take the form of a higher or lower future inflation per se.

These considerations lead us to restrict our study to the forecast of macroeconomic quan-
tities for which the definition of optimism is uncontroversial. These are real GDP growth,
growth in industrial production, growth in corporations’ profits, and the unemployment rate.
The straightforward relation between these four variables and the business cycle makes it easy
to identify what constitutes optimism for the average forecaster in our sample. For example,
it is natural to characterize stronger economic expansion, e.g. higher GDP growth, or lower
unemployment levels, as good news for the average forecaster in the panel. As a result, an
optimistic forecaster can be identified easily as one who predicts higher GDP growth, higher
industrial production growth, larger growth in corporations’ profits, and lower unemployment.

To assess how optimism changes with the forecast horizon, we focus on the comparison
between a short-term forecast Fgr, and a long-term forecast Frr. In the SPF, Fgp is the
annualized forecast of the macroeconomic outcome of interest in the quarter ¢ in which the
survey is administered [} while Fy7 is the annualized forecast of growth in quarter g 4 4[]

To measure how long-term belief distortions compare to short-term distortions, we form
measures of forecast errors at long horizons, F'E;r and short horizons, F'Esr. These are
constructed in one of two ways. The first is based on Coibion and Gorodnichenko (2012, 2015),

as we estimate forecast errors as the difference between ex-ante forecasts and realized outcomes

0For real GDP, industrial production, and corporate profits, short-term forecasts represent prediction of
growth in quarter g, where growth is based on the forecaster’s self-reported estimate of the level of the
macroeconomic variable of interest in quarter ¢ — 1. For the unemployment rate, the short-term forecast refers
to the predicted level of unemployment at the end of quarter q.

N Using “nowcasts” for short-term forecasts increases the time distance between the horizon of short-term
forecasts and the horizon of long-term forecasts. However, this choice may be subject to the critique that, at
least to some extent, these forecasts reflect perceptions of current economic conditions, rather than predictions
of future outcomes. In the Appendix [A] we show that our conclusions concerning how optimism changes with
the horizon remain the same when we adopt an alternative definition of Fgr.



according to the historical vintage-date estimates of macroeconomic activity. We refer to
this as the “initial release” estimates of forecast errors. The second approach to measuring
belief distortions replicates the one above, but replaces historical estimates of macroeconomic
outcomes with stable estimates of economic activity as of the end of the most recent vintage
date in our sample (2018). Since we are interested in whether differences exist in optimism at
different forecasting horizons, the next step is to define a metric of horizon bias, HB = FE;r—
FEgp, that is either based on the initial-release estimates of macroeconomic realizations,
HBy,y, or on the stable estimates of such realizations, H Bgiue. Finally, in our tests of
whether there are unconditional differences between long-term horizon and short-term horizon
forecasts, a third definition of horizon bias is possible. We refer to this as H Bsiot = Frr— Fsr,
that is obtained as the difference between long-term forecasts and short-term forecasts, and is
a valid metric to assess unconditional horizon bias under the assumption, often entertained in

prior literature, that the macroeconomic outcomes considered in this paper, exhibit stationary
behavior [

3 Results

If the term-structure of optimism is upward-sloping, we expect to observe higher long-term
growth forecasts (e.g., larger GDP growth, larger industrial production growth) than short-
term growth forecasts for real gross domestic product (GDP), industrial production (IP) and
corporate profits (PROF), as well as lower long-term unemployment rate (UNEMP) forecasts
than short-term unemployment rate forecasts. More importantly, an upward-sloping term
structure implies that horizon bias should be positive for GDP, IP, and PROF, and negative
for UNEMP. Conversely, downward-sloping optimism has opposite implications for horizon
bias.

Table [1] shows micro-level evidence concerning the term structure of optimism. The tests
are conducted in a panel setting, so as to ascertain whether there is evidence of systematic
differences in short-term and long-term forecasts at the individual level. The table reports

short-term forecast Fgr, long-term forecasts, Frr, as well as the three distinct metrics for

2Formally, having defined HB, = (Fy 445 — Yots) — (Fyq+5 — Yq45):J < s as the difference in one-step
ahead forecast errors for generic horizon s and j, j < s, stationarity in the macroeconomic outcome of interest
{Y'} implies E[Y,;4s] = E[Y,4;]Vj,s. Therefore, for the purpose of estimating horizon bias unconditionally,
one can construct horizon bias simply as the difference between long-term forecasts and short-term forecasts.



horizon bias we have outlined above. In parentheses are t-statistics based on double clustering
by date and forecaster. The results in the table provide strong support for an upward-sloping
term structure of optimism. Across all surveys and macroeconomic variables, we find more
optimistic forecasts at long horizons relative to short horizons. Short-term forecasts of growth
in GDP, IP, and PROF are systematically lower than long-term forecasts. Similarly, forecast
of short-term unemployment are higher than forecasts of long-term forecasts. Horizon bias
is not only statistically significant, but also economically significant. For instance, had the
U.S. economic output grown in our sample at the annualized long-term growth rate being
forecasted, by the end of 2018 it would have been almost 50% larger than if it had grown at
the short-term growth forecast["]

Figure [I] complements the empirical evidence in Table [I| by showing how horizon bias
evolves with the forecasting horizon. We define F'E, ;), as the forecast error in the prediction
at time t of macroeconomic outcomes to be realized in quarter ¢t + h. We then construct a
horizon-specific measure of horizon bias as HB; 1, = FEi4yn — FEi 44, m <h. Like in
Table [T, we set m = 0, i.e., we use nowcasts as short-term forecasts. Horizon bias is based on
forecast errors that are obtained using the historical initial-release estimates of macroeconomic
outcomes. The figure shows the full-sample average horizon bias for horizons 1 < h < 4. The
graph provides evidence that horizon bias increases with the forecasting horizon for all the
four macroeconomic variables of interest.

In Appendix [A] we complement this main result with an extensive set of additional tests.
First, given recent evidence that points to the possibility of very different behavior in micro-
level forecasts as opposed to consensus forecasts (Bordalo, Gennaioli, Ma, and Shleifer (2020))),
we repeat the analysis based on consensus forecasts as opposed to micro-level evidence. We
find similar results. Second, we show evidence that horizon bias is present both in the first half
of the sample and in the late part. Third, we replicate our main result based on an alternative
definition of horizon bias that does not rely on nowcasts, so as to avoid concerns that what

we are capturing stems from the difference between perception and prediction. Fourth, we

13For the unemployment rate, differences in short-term versus long-term forecast appear to be small. This
may be a byproduct of the high persistence in the unemployment rate time-series, that forecasters are likely
aware of, and the fact long-term forecasts in the SPF are constrained to a horizon of one year. In fact, when
reassessed the result later using data from the ECB-SPF, where short and long-term forecasts differ by a
horizon of three to four years, horizon bias in unemployment forecasts is about 1 percentage point, implying
an expectation of unemployment rate in the long-run that is about 11% lower than the average unemployment
rate in the Euro Area over the sample period.

10



present evidence of horizon bias in an international setting, as we document horizon bias in
the ECB survey of professional forecasters. Working with the ECB-SPF data provides an
implicit out-of-sample test for the validity of the conclusions drawn based on US data. We
find evidence consistent with a pervasive horizon bias. This alternative data source also allows
one to investigate whether the evidence of horizon bias extends beyond the 1-year forecast
horizon. Moreover the evidence indicates that the slope of the term structure of optimism
can be positive for horizons up to 5 years. Overall, this section provides evidence consistent
with an upward-sloping term structure of optimism. Next we turn to the question of what

the micro-foundation for this finding might be.

4 The Micro-foundation of Horizon Bias

In this section we examine the micro-foundation of horizon bias. We consider three possible
sets of explanations for an optimism bias that increases with the forecasting horizon. These
are (i) rational expectations models, where either the forecaster has full information but an
asymmetric loss function over forecast errors (e.g., Capistran and Timmermann| (2009)), or
there are rational information rigidities (Mankiw and Reis| (2002), [Woodford (2003))); (ii)
behavioral models of bounded rationality that entail cognitive mistakes and biased expecta-
tions (Barberis, Greenwood, Jin, and Shleifer| (2015)), [Fuster, Laibson, and Mendel (2010),
Malmendier and Nagel (2011), 2016); and (iii) models of belief-based utility and motivated
beliefs (Brunnermeier and Parker (2005), [Bénabou (2015), |Caplin and Leahy| (2019)). In all
the analysis that follows, we are going to refer to the macroeconomic process being forecasted
as {r}, and we are going to assume as it is standard in the literature, that {7} is stationary
with mean p. Wherever necessary, we are going to further assume a AR(1) law of motion,
i1 = @ + bmy + 141, |b]<1, and unless otherwise stated we will assume this process has
homoskedastic and serially independent innovations, i.e., v, ~ 1.1 .D.(O,UE)E To align the
analysis as closely as possible with the results of Table[I], we shall think of 7 as a process track-
ing quarterly macroeconomic growth, and we are going to define horizon bias as the difference
between forecast errors at different forecasting horizons HB; = FE; 1y — FEi 41, h > 1.

However, differing from our definition of forecast errors in the previous section, and for con-

4Tn some of the derivations below we rewrite for convenience the AR(1) model above in the equivalent form
Ter1 = po+ b(mp — p) + vy

11



sistency with prior literature, in the remainder of this section we define forecast errors as the
difference between realized outcome and the forecast, i.e., FE;,; = myj — Fyy,j, V], so that
in this section an upward-sloping term-structure of optimism would be captured by a negative
value of HB;.

4.1 Rational Expectations
4.1.1 Strategic Considerations

A large literature in economics studies how strategic considerations can affect forecaster’s in-
centive toward accuracy. In this literature, forecasters trade off the reputational benefits of
accurate forecasts against the foregone career benefits of issuing optimistically biased predic-
tions["”] To see whether strategic considerations could in principle generate horizon bias, In
Appendix B2 we write a simple model of a forecaster who, when issuing predictions, faces
both career considerations (which reward positively biased forecasts), as well as reputational
considerations (which incentivize accuracy). The forecaster issues predictions both at short
horizon and at long horizon, and the marginal benefits and costs of accuracy and optimism
are horizon-specific. The forecaster, who has perfect foresight, chooses the short-term and the
long-term bias so as to maximize his expected payoffs. The model delivers conditions under
which optimism bias increases with the horizon.

While possible in theory, the validity of strategic considerations as an explanation of our
empirical findings rests on the notion that the forecasters in our sample do gain reputational
benefits and career benefits from their forecasts in the SPF. We argue that neither benefit
exists for these analysts. Reputational benefits are absent at all horizons since forecasters in
the SPF are anonymous, and the survey prides itself with having maintained this condition for
a long time |Croushore and Stark (2019).@] Similarly, career benefits are unlikely, both due to
the anonymity of the survey, and because the forecasts we study concern the macroeconomy,
rather than any individual firm a forecaster might want to cater due to career motives. We

conclude that, although possible, strategic considerations are unlikely to generate horizon bias

I5For example, analysts who work in the sell-side of large investment banks may prefer to systematically
issue optimistic recommendations as opposed to unbiased ones, since upward-biased forecasts curry favor with
management (Michaely and Womack! (2005)))

6Later in the paper we also use the ECB survey of professional forecaster, that maintains a similar
anonymity condition (Garcial (2003))).
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in macroeconomic expectations.

4.1.2 Information Rigidities

Previous work by |Sims| (2003), Reis (2006)), Mackowiak and Wiederholt| (2009)), and [Woodford
(2003)), indicates that rational expectations do not necessarily imply that forecast errors are
unpredictable. In fact, theories of rational inattention and information rigidities argue that
biases in expectations can result from rational forecasts when information acquisition is costly
or when information is noisy (e.g., |Coibion and Gorodnichenko| (2012)). In what follows, we
ask whether the most common theories of information rigidities, namely the sticky-information
model (Mankiw and Reis (2002) ) and the noisy-information model (Woodford| (2003))) can

help reconcile the evidence of horizon bias.

Sticky-information model

Mankiw and Reis| (2002)) propose a model of belief formation whereby a forecaster does not
acquire information or update his beliefs in every period. Rather, in each period the forecaster
acquires information and updates his forecast with probability (1 — A), while information
acquisition does not occur with probability A < 1E] To see whether this model can generate
horizon bias, we follow Coibion and Gorodnichenko (2012, 2015) and start by writing the

forecast £}, of the h-period ahead outcome of interest under sticky information (S7),

Ftil—i-h =(1-2X) Z )\jEt—th+h (4.1)

J=0

where F,_jm;, indicates the j-period ago rational expectation of the outcome of interestm
Based on Equation (4) we can write the unconditional forecast error in the h-step ahead

forecast as follows:

(1-X)

E (ﬂ'tJrh - Ftiﬂ-h) BRG]

E (Brjmin) = E(r) (4.2)

1"The lack of information acquisition need not be inconsistent with rational expectations, if acquiring infor-
mation or updating beliefs causes the forecaster to incur a recurring fixed cost (e.g., Reis| (2000])).

18The rational forecast at time t-j of the realized outcome x at time t-+h is Fy_jt+h = Tt4h —Vi—jt4n, Where
Vi—jt+h is a j 4+ h periods expectations error whose conditional mean at time ¢ — j is zero.
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Equation (5) uses the law of iterated expectations and the stationarity of process {7} to show
that the sticky-information model delivers unconditionally unbiased forecasts at all horizonsﬂ

As a consequence, the unconditional horizon bias under sticky information is equal to:

E[HBY'| =B |(mpn — Flp) = (mn = Fia)] =0 (4.3)

Therefore, the sticky-information model does not generate horizon bias.

Noisy-information model

A forecaster receives an imperfect signal about the latent AR(1) process {7},
7~Tt = Tt + 5t7 575 ~ N (07 O‘g) (44)

where 7 is demeaned for convenience but without loss of generality. Based on this signal, the

forecaster updates his belief FNI7; about 7, following a Kalman filter:
FNr, = Gr, + (1 — G)FNr, (4.5)
where 0 < G < 1 is the filter gain parameter. Using the filtered belief about m;,

FNr = V" FN (4.6)

Under noisy information, forecasts are unconditionally unbiased at all horizons. To see this,

write the ex-post forecast error for a generic horizon h

G [ee]
(=G ;0 WP |+ Pran + (4.7)

NI h
Tt+h — Ft Tppn = 0" | —

where Z;?io wP = 1,p44n is the rational-expectations zero-mean conditional error, and 7,

is a zero-mean linear combination of past realizations of the noise process {d;} @ Taking

9The intuition for why the sticky-information model generates unconditionally unbiased forecasts is that,
in the model, the forecaster is equally likely to miss good news and bad news. Missing good news generates
under-prediction, whereas missing bad news generates over-predictions. On average these two effects balance
each other out, generating unconditional unbiasedness.

20Formally, ¢r4n = 35— Y visn—j and n, = bG35 b (1 — G)I6y_;
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unconditional expectations, one obtains:
E |:7Tt+h - FtNI7Tt+h} =0 (48)

The standard noisy-information model of belief formation with constant gain generates a flat
term structure of optimism unconditionally, and hence it cannot account for the evidence of

horizon bias documented in this paperET]

Time-varying information rigidities

Whereas the two baseline models with time-invariant rigidities that we have presented
above cannot generate horizon bias unconditionally, Gorodnichenko | (2008) and (Coibion and
Gorodnichenko (2015 argue that information rigidities can be state-dependent and time-
varying. In Appendix [B2| we investigate formally whether time-series variation in information
rigidities that is documented in prior work can help explain the evidence of unconditional
horizon bias that was uncovered in Table (I} We derive the equation for horizon bias in closed
form for a setting with time-varying rigidities, and note that the extent and sign of horizon
bias that obtains in this setting depend on the covariance structure of the rigidity parameter
with the lagged realizations of the macroeconomic variable of interest. To model such covari-
ances we rely on evidence in |Coibion and Gorodnichenko| (2015) that rigidities are negatively
correlated with macroeconomic volatility, and they decline during recessionary periods. Using
simulations calibrated to the evidence of time-varying rigidities in |Coibion and Gorodnichenko
(2015)), we conclude that state-dependent information rigidities cannot easily explain horizon
bias, and if anything they would contribute to lower optimism in macroeconomic forecasts
at long horizons compared to short horizons. Overall, information rigidities are unlikely to

rationalize the evidence of horizon bias presented in this paper.

4.2 Bounded Rationality and Cognitive Mistakes

A vast literature in economics and psychology documents that errors in expectations are
due to cognitive mistakes (Kahneman and Tversky| (1974)). Within this vast literature, we

concentrate on the main theories of belief formation that have received attention in recent

21The unconditional unbiasedness property of forecasts obtained via the noisy-information model will hold
also if the latent process had a mean different from zero.
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years , namely (i) adaptive expectations and extrapolation; and (ii) natural expectations.
We ask whether, theoretically, these belief-formation rules can generate horizon bias in the

forecasts that we have studied.

4.2.1 Extrapolation

To model extrapolative beliefs, we rely on Pesaran and Weale (2006]). We refer to extrapolative
expectations using the E(-) operator. Referring again at defined {r;} as the process that is
being forecasted, extrapolators’ subjective expectations of future 7 follow the law of motion

below:

T
EX (my) = Z WLk (4.9)
k=0

for some T > 0 and where, for convenience, Z;{:o wr = 1. In words, extrapolators’ expec-
tations of the future value of process m, EX (m;41), are obtained as the average of the past
process realizations. The equation above can accommodate |Keynes (1936) model of static
extrapolation when T = 0 and wy = 1. It can also accommodate a model of adaptive expe-

riential learning (Malmendier and Nagel (2011) Malmendier and Nagel (2016 Malmendier,

ok (1-07)
1-0

and a choice of T that reflects the average lifespan in the population of forecasters. In what

Pouzo, and Vanasco| (2019))) for wy = { , with a decaying-memory parameter 6 < 1,

follows, for simplicity, the horizon parameter T is assumed to be equal to infinity, and the

weight parameter features geometric decay, i.e.,
o
EX (m) = (1—79) Y Afmey (4.10)

k=0

for some parameter 0<y<1. Moreover, we assume subjective beliefs to be consistent in the
sense that extrapolative expectations satisfy the laws of probability, i.e., Ef* [Ef,(.)] = E{*(.).

This allows to easily write the equation for EX 7, as

E¥(my2) = BY[EX (mg2)] = BX [0'mi + (1= w)EX (my)| = EXNfm]  (411)

[terating this equation forward one can easily see that the term structure of forecasts for {m}

is conditionally flat for all horizons. Moreover, taking unconditional expectations under the
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objective probability metric one obtains:

BIE] (me4n)] = E[E; (me1)] = p (4.12)

where the last equality in Equation [£.12]is the result of the assumption of stationarity of
process {r} and the adding-up condition for the weights in extrapolators’ forecasting model.
Overall, forecasts of a stationary process obtained in standard extrapolation models are uncon-
ditionally unbiased at all horizon, so that E[H BX] = 0, i.e., the term structure of optimism is
flat under extrapolative expectations. Therefore the results in this paper cannot be accounted

for by a standard model of extrapolation.

4.2.2 Incorrect Beliefs about Persistence

A large literature in economics and psychology argues that cognitive mistakes in forecast-
ing can emerge due to agents’ over or under-estimation of the actual persistence of a data
generating process@

In a model with incorrect beliefs about persistence, the forecaster believes that the data

generating process for {m} is:
m=a" +bNm_+ep, e~ IID (O, 02) (4.13)

where

N =b (V)
{ = (1 0V) (4.14)

Equation (12) above is similar to the actual law of motion that generates the data. The main

difference is the fact that the persistence parameter posited by the forecaster, bV differs from

the actual persistence of the process by a factor <5N ) . A value of "V larger than 1 captures

22TIncorrect beliefs about the persistence of a process can be the result of forecasters’ use of intuitive models.
For instance, [Fuster, Laibson, and Mendel| (2010]) propose a model of natural expectations where forecasters’
neglect of the complex process that generates the data leads to incorrect beliefs about the persistence of
the data. |[Rabin and Vayanos| (2010) propose a parsimonious model of belief formation where a forecaster
alternates a gambler’s fallacy (an over-estimation of reversal, Rabin| (2002)) with a hot-hand fallacy (an over-
estimation of persistence, |Gilovich, Vallone, and Tversky| (1985)) Similarly, in the theory model of [Barberis,
Shleifer, and Vishny| (1998) an agent alternates between beliefs in continuation and beliefs in reversal, despite
the true data generating process being I.I.D noise.
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instances in which the forecaster over-estimates persistence, whereas a value of 8V smaller
than 1 reflects beliefs in imminent correction and quicker reversal.
Based on Equations (12) and (13), we can write the forecasts at short and long horizon,

EN (mi41) and EN (m41,) , respectively:

ENlma] =u (1 — bN) + bV

ENmin] = (1 - (bN)h> + (bN)hﬁt (4.15)
We can also write the short and long-term forecast errors:
FE§p, = (m —p)b(1-46") (4.16)
FEN, = (m— ) b" [(1 - (6™)")] (4.17)
It is easy to see that when 0V = 1, i.e., there are no misperceptions about persistence,

forecasts are optimal, forecast errors are not predictable, and horizon bias is equal to zero. If
the forecaster over-estimates persistence, i.e., 3V > 1, forecast errors will be larger in absolute
terms at long-horizon than at short-horizon. This is consistent with the setting in the natural-
expectations model of [Fuster, Laibson, and Mendel| (2010). The opposite will be true instead
if the forecaster exhibits an incorrect belief in reversal, i.e., 6% < 1. More importantly for
our purpose, equations and imply that incorrect beliefs about persistence generate
unconditionally unbiased forecasts at all horizons. As a result, the evidence of horizon bias
in this paper cannot be ascribed to incorrect beliefs about persistence.@ Overall, some of the

most standard theories of cognitive mistakes cannot easily account for our evidence of horizon

23Tt is worth pointing out that the model of belief formation in Equation is a special case of a more
general regression-to-normality (RNN) set of belief formation rules (Pesaran and Weale| (2006)). In these
models, subjective expectations take the form of EFNN [, 1] = (1—b" ) +b" 7%, where 7, is the forecaster’s
perceived long-run value of 7. In the model of incorrect beliefs about persistence presented here, m+; is made
constant and equal to the actual long-run mean of the process. [Pesaran and Weale (2006|) propose that a
more general expression for 7x; is a linear combination of current and past realizations of the process, where
the sum of the weights assigned to these realizations is equal to 1. Thus, expectations under regression-to-
normality can be reformulated as EFNN[m 1] = (bN)7m + (1 — bY)EX[m41]. After adding and subtracting
p(1 — bY) and rearranging the equation, one obtains EfNN[m 1] = EN[mpq] + (1 — oY) [Ef (mp1 — )],
i.e., RNN expectations are a convex combination of beliefs about persistence and standard extrapolative
expectations about the zero-mean process (m4+1 — p). Based on our result in Equations [4.11] [4.16] and 4.17]
it is straightforward to conclude that also more general RNN belief formation rules are unlikely to generate
horizon bias.
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bias.

4.3 Horizon Bias, Asymmetric Loss, and Motivated Beliefs

Early tests of rational expectations are centered around the idea that rational forecasts ought
to be unbiased on average i.e., E(FE;;1p) = 0V h (e.g., Mincer and Zarnowitz| (1969)).
Based on this idea, the evidence of horizon bias is Section [3] is inconsistent with rational
expectations. However, a large literature notes that forecast unbiasedness is a property of
rational expectations only if a forecaster faces a symmetric loss function L over forecast errors,
eg., L(FEy4 ) = a+ SFE},,, where 3>0. If instead the forecaster faces an asymmetric
loss function, forecasts can be systematically biased.

We argue that asymmetric loss can, but won’t necessarily, generate horizon bias. To see
this, we follow work by Capistran and Timmermann (2009), who hypothesize that forecasters’

asymmetric loss over forecast errors is well described by a linex loss function:

I (swarms8) = 35 (e = dequunn = 1) (4.15)
where e, 441) = Tiqn—Fp4n is the realized forecast error in the prediction of the h-period ahead
macroeconomic outcome 7, ,,. The central parameter in the loss function is ¢, a coefficient
that determines whether the forecaster has an incentive or disposition toward under-prediction
(e, €firn >0,0< 0) or over-prediction (i.e., €, < 0,¢ > 0). With asymmetric loss,
the standard assumptions concerning the autoregressive behavior of process {7} laid out at
the beginning of this section, deliver the following closed-form equation for horizon bias in
forecasts whose horizon differs by h periods:

2 2(h+1
BUHB = Bleitt oy — i) = 02 (22 1) (4.19)
As Equation [4.19] shows, a model of forecasts with asymmetric loss can generate horizon
bias. However, forecasting under asymmetric loss need not generate a positive horizon bias.
In fact, without proper guidance from economics and a clear description of the forecasters’
maximization problem, models of forecasts with asymmetric loss leave ¢ unspecified, and are
hence equally likely to generate positive and negative horizon bias. Therefore, in order for

asymmetric loss to provide a micro-foundation for the evidence of horizon bias in this paper,
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one needs to supplement the notion of loss-asymmetry over forecast errors with a model of
belief formation that generates larger costs (or smaller benefits) of under-prediction than
over-predictions.

With respect to this, prior work suggests that individuals may derive utility not only from
higher consumption or larger wealth, but also from the anticipation of such better outcomes
(Jevons| (1905); [Lowenstein (1987); Brunnermeier and Parker| (2005); Bénabou and Tirole
(2016)); (Caplin and Leahy (2001)); |Caplin and Leahy| (2019); Banerjee, Davis, and Gondhi
(2019)). When agents derive utility from the optimistic anticipation of future events, the
ensuing expectations formation process is one of motivated beliefs, whereby the economic
agent chooses to hold beliefs that are too positive from the rational individual’s viewpoint, and
yet are desirable as they reduce the adverse health effects of fear and anxiety about the future
(Akerlof and Dickens (1982))), improve self-efficacy (Johnson and Fowler| (2011)); Bénabou
and Tirole| (2002)), and boost anticipated utility (Bénaboul (2015))). Two leading models of
motivated beliefs are Brunnermeier and Parker| (2005)) optimal expectations framework and
Caplin and Leahy| (2019) theory of wishful thinking. Whereas these theories point to the
existence of the optimism bias in forecasts of future macroeconomic states, in what follows
we ask whether systematic differences in optimism bias across forecasting horizons can arise
in these models, and thus whether these models can reconcile our evidence of horizon bias in

macroeconomic forecasting.

4.3.1 Horizon Bias and Optimal Expectations

Brunnermeier and Parker| (2005)) develop a theoretical framework that generates optimism
bias. In their model, an agent’s welfare stems from two sources: (i) the anticipation utility
due to optimistic beliefs about future consumption, and (ii) the agent’s expected utility of
consumption. The agent chooses her beliefs, and does so by trading off the greater anticipatory
utility that she derives from the choice of being optimistic, with the suboptimal investment
choices and lower consumption that she attains based on her chosen level of optimism. To
investigate whether horizon bias can arise within theories of motivated beliefs, we extend
the model of Brunnermeier and Parker (2005)) such that agents maximize their welfare in a
multi-period context.

An agent’s well-being is a time-average of her felicity U in period 0, period 1, and period 2,

where U is monotonically increasing over consumption, and it is concave. The agent considers
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investing in three assets; a risk-free asset; an risky asset that pays a liquidating dividend in
period 1; and a risky asset that pays a liquidating dividend in period 2@ We assume that
the objective distribution of asset returns is the same for investments that pay off in period 1
and investments that pay off in period 2. We denote with R the gross risk-free rate or return,
and with Z, the excess return paid by a risky asset in every period, where s indices one of
S possible states of nature such that 7, < Z; < ... < Z, < Zs. ﬁ We assume that the R
and Z; have the same i.i.d distribution in every period. We denote with {7} the objective
probability of states, and we refer to {7} as the subjective probability that state is realized.

In period 0, the agent’s felicity is the subjectively expected discounted utility flow in the
next two periods. In period 1, the agent’s felicity comes from both anticipated utility in the
second period and actual consumption in the second period. The agent’s second-period utility
flow is based on actual consumption in the 2nd period. Under optimal expectations, the agent

solves the following program:

. BY U (R+ o ({71}) Zs,) +
e 5| O TR (R o (7)) 2) + ATy mal (R4 o (7)) Z) + | (420)
TIPS Rl (R @ (RaD) 2+ P TS U (R+ o ({R2}) )

that is, the agent chooses a probability distribution for her period-1 investment, {7}, and a
probability distribution for her period-2 investment, {72}, to maximize her expected felicity
at time 0. § is a time discounting factor o* (7;) is the optimal share of the agent’s wealth at
the beginning of period 7 that is invested in the risky asset that liquidates at the end of the
period.

Based on this setup, in Appendix [C] we show that this setting generates a horizon bias.
Specifically, we show that there exists an equilibrium in which investors will be, on aver-

age, more optimistic at long horizons relative to short horizons when they make a positive

24Tf we assume the long-term asset pays dividends in periods 1 and 2, we would generate similar results.
25 Although the return to the risky asset do not map one-to-one with macroeconomic growth, we assume
that risky asset returns increase monotonically with macroeconomic growth.
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investment % That is, for a* > 0 :

S

S" (Ros — T15) U (R+ " ({Fa}) Z) Zs > 0 (4.21)

s=1
The intuition behind the model outcome is simple: optimism at long horizon serves a greater
anticipation benefit than optimism at short horizons since agents get to enjoy increased an-
ticipation utility for more periods and the cost to suboptimal investment choices is the same
for distorted beliefs at short horizons and distorted beliefs at long horizons. Overall, optimal
expectations can help reconcile the evidence of evidence of unconditional horizon bias in our
paper. Finally, in Appendix we show that under optimal expectations horizon bias can
increase with the skewness of the distribution of risky asset returns. This result, which extends
earlier findings by Brunnermeier, Gollier, and Parker (2007)), will be used later to test more

directly the linkage between optimal expectations and horizon bias.

4.3.2 Horizon Bias and Wishful Thinking

After showing that horizon bias can arise in a model of optimal expectations, in this section
we ask whether horizon bias also arises in a model of wishful thinking (Caplin and Leahy
(2019)). Unlike the optimal expectations framework, where agents trade off higher ex-ante
utility from anticipation against lower ex-post financial returns and lower final wealth, |Caplin
and Leahy| (2019) posit that agents trade off utility from the anticipation of high future
consumption against the costs of maintaining optimistic views about the future in the face of
incoming information. These costs can have many sources, ranging from information avoidance
(Golman, Hagmann, and Loewenstein| (2017))), to the manipulation of one’s memory (Bénabou
(2015)), Zimmermann! (2020)) that facilitates indulging in one’s wishful thinking.

To study horizon bias in a wishful thinking setting, we setup a model in the spirit of
Caplin and Leahy| (2019). An agent who lives for three periods derives utility at time ¢ from
consumption at time t, ¢;, plus the anticipation of consumption at times ¢t + 1 and t + 2.
Consumption over the next two periods is determined by the current level of consumption

and the one-step and two-step ahead per-period stochastic growth rates of consumption, w1

26We assume that this optimistic choice is a unique local maximum in the region of positive portfolio weight
on the risky asset.
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and 9. E
We define u(c) as the agent’s utility from consumption, such that u(c) > 0 Ve > 0,

u'(c) > 0Ve > 0, and u'(c) <= 0Ve > 0. The wishful thinker’s expected utility from

current and future consumption is

Ur=u(e) + 8 | a1+ mn)) f(mes)dmisa +
e (4.22)
52/ / w(ep(1+ me1) (L + o)) f (o1, Teg2)dmypodme
Tt41 J TE42

where the functional f(.) denotes the wishful thinker’s subjective distribution of future
consumption growth@ Equation suggests that the agent could increase his anticipation
of future utility from consumption by selecting a subjective probability distribution of fu-
ture consumption growth that assigns larger (smaller) probability to states of higher (lower)
growth.@ To discipline the agent’s selection of subjective beliefs, we introduce a cost of be-
lief distortions that is modeled in the spirit of Hansen and Sargent (2008) and (Caplin and
Leahy| (2019), as a Kullback-Leibler divergence of the wishful thinker’s chosen distribution
f(.), from the econometrician’s non-distorted probabilistic assessment, which we denote with

the functional f(.). Thus, the cost of distorting beliefs takes the following form:

1 s
Cr=5 [5/ f(ﬂ't+1)lnMdﬂ't+l
0 T4l J(meq1) (4.23)
Tig1, T
+ﬁ2/ f(TrtJrl;7t+2)lnwdﬂ't+2dﬂ't+l
Tl J Teg2 (7Tt+17 7Tt+2)

2"In our setting, we study optimism about future consumption growth, and use such optimism to infer op-
timism about macroeconomic growth. This approach makes sense if consumption growth and macroeconomic
growth are highly positively correlated. This is the case empirically, since the correlation between quarterly
consumption growth and quarterly real GDP growth is 73% in the sample period 1959-2020.

28Throughout the analysis, we follow Caplin and Leahy (2019) and assume that the wishful thinker’s beliefs
are consistent with the laws of probability.

29The model could in principal be extended to incorporate an investment decision that shifts consumption
across time and states of the world. However, this addition to the model would not only make it more difficult
to provide a solution of the wishful thinker’s problem in closed form, but it would also introduce similarities
between our analysis here and the analysis of horizon bias under optimal expectations of Section XXX. Since
here we aim at investigating the specific implications of wishful thinking for horizon bias, we prefer a simpler
setting where the only trade-off the agent faces when forming beliefs is the key one in|Caplin and Leahy|{ (2019).
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The first term in Equation [4.23] captures the cost of distorting the beliefs of one-step ahead
consumption growth. The second term of the Equation captures the costs of distorting beliefs
2 periods into the future.@ The parameter 6 determines how costly it is to engage in wishful
thinking. 6 will be small (i.e., ceteris paribus, a larger C;) when it is too difficult to engage in
practices such as information avoidance or self-deception and denial of incoming information,
that help maintain one’s optimistic views about the future. Overall, the wishful thinker’s
problem is to choose subjective distributions f(my1) and f(m41, Ta2) SO as to maximize at
time t U; — C}.

We assume, like we have done throughout most of the analysis of this Section, that con-
sumption growth evolves according to an AR(1) process with IID normal innovations. More-
over we assume that, like the econometrician, the wishful thinker also believes consumption
growth to have an autoregressive component, and agrees on the parameters governing such
component, as well as the distribution of the innovations in consumption growth. ﬂ However,
the wishful thinker can choose to deviate from optimal forecasts at short and long horizon,
and the extent of this deviation is determined endogenously as part of the forecasters’ maxi-
mization problem.

Having imposed this simple, yet reasonable structure, we are able to solve the agent’s
maximization problem. In Appendix [D] we present the solution to the maximization problem

in detail, and derive the following condition for horizon bias:

() 1-b
W(Crr) (14 pg)(1+ 5%

30Like in |Caplin and Leahy| (2019), the cost of distorting beliefs concerning outcomes that are realized h
periods into the future is expressed as the cost of a sequence of beliefs up to horizon h.

31In principal, nothing prevents the wishful thinker from selecting from a wide range of possible laws of
motion for consumption growth, or using different model parameters. However, deviating entirely from the
econometrician’s model entails a cost which can be very large. In the wishful thinker’s world, the costs of
choosing beliefs is linked to how easy it is to refute the wishful thinker’s choice. Since the parameters of an
autoregressive model are easily estimated with data that is publicly available, the cost of avoiding such data
and choosing different parameters can be large. Moreover, the AR(1) law of motion is a rather simple and
standard model of macroeconomic growth. Thus, If the wishful thinker chose to believe in an entirely different
law of motion and a different probability distribution for the innovations of the growth process, the costs of
justifying these deviations to himself or to others could be too high to bear. One way to restate all the above
is that, to the extent that experts mostly agree on the law of motion of consumption growth, and use the
same data to estimate model parameters, there is little divergence of experts’ opinion to allow the wishful
thinker to disregard such a united front of expert opinions. Finally, we impose that the wishful thinker believes
innovations in consumption growth to be normally distributed for mathematical convenience.

(4.24)
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where p and b are the objective mean and persistence of the AR(1) process governing
macroeconomic growth, 3 is a time-discount coefficient, and ¢; = ¢(1 4+ w)?. In Appendix
[D] we also show some key comparative statics results. Namely, horizon bias is stronger when
conditional macroeconomic uncertainty is higher. Moreover, horizon bias is stronger when the
costs associated with wishful thinking decline, i.e., when 6 increases.@ In the next section we

test these additional insights as we study the time-series variation in horizon bias.

5 What Drives Time-series Variation in Horizon Bias?

Having established above that motivated beliefs offer a possible micro-foundation for horizon
bias, we seek to identify potential drivers of horizon bias by relying on a relevant conceptual
framework that is due to |Bénabou (2015)). In that framework, motivated beliefs have both
demand-side and supply-side drivers.

Demand-side drivers describe why people choose to hold optimistically biased beliefs about
the future. For instance, optimism can be desirable due to its affective value, since it helps cope
with fear or anxiety (e.g., Akerlof and Dickens| (1982)), Lowenstein| (1987)). Prior work notes
that fear and anxiety change over the business cycle, and are high during economic recessions
(Marjanovic, Greenglass, Fiksenbaum, and Bell (2013)), Mucci et al.| (2016))), so that demand
drivers of optimistically biased beliefs are time-varying and can lead to time-series variation
in optimism bias and horizon bias.

Supply-side drivers are concerned with how people can maintain their optimistic be-
liefs. For example, forecasters can engage in information avoidance (Golman, Hagmann, and
Loewenstein (2017)), either through physical avoidance and willfull blindness (e.g., |Oster,
Shoulson, and Dorsey| (2013))), or through the biased interpretation and selective dismissal of
information previously acquired (e.g.,Lord, Ross, and, Lepper| (1979), Zimmermann, (2020))).
Crucially, information avoidance entails a cost, physical or mental, which in the context of
macroeconomic forecasting is likely to be time varying. For instance, a recency bias in the
intuitive recall of past events Malmendier, Pouzo, and Vanasco| (2019) can make the avoidance
of negative information more costly in the face of recent macroeconomic news. Similarly, to
the extent that negative macroeconomic news is more or less pervasive over time, the cost

of avoiding such evidence is inherently time-varying. Higher costs of information avoidance

32These results resonate with earlier results in |Caplin and Leahy] (2019).
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reduce forecasters’ overall benefits from maintaining optimistic beliefs, so that variation in
such costs over time can generate variation in optimism and horizon bias. Supply-side drivers
can be also defined more broadly to incorporate the features of an uncertain outcome that
allow a forecaster to more-easily justify her optimistically biased beliefs. Theoretically, |Caplin
and Leahy| (2019) propose that optimism is more likely to arise when uncertainty about an
outcome of interest increases, while Brunnermeier and Parker (2005) suggest that biased op-
timism is stronger when the distribution of the outcome of interest exhibits larger positive
skewness.

To test whether and how demand-side and supply-side drivers of motivated beliefs con-
tribute to horizon bias, we analyze the determinants of forecast errors in macroeconomic
forecasts from the SPF using standard regression analysis. To this end we regress ex-post
forecast errors in short-horizon predictions (F'Egr), long-horizon predictions (FEpr), and
their difference (HB), on a set of theory-based potential determinants of biases in forecast-
ing. The empirical proxy for demand-side drivers that we consider, I(REC), is an indicator
variable that is equal to one in months that the NBER has classified as part of a recession,
and 0 otherwise. The measures that we adopt for supply-side drivers fall into four distinct
categories. We proxy for macroeconomic uncertainty using |Jurado, Ludvigson, and Ngj (2015)
conditional quarter-ahead and year-ahead uncertainty metrics, which we label ol and o}
respectively. We measure skewness using the cross-sectional average conditional probability
of a macroeconomic expansion (i.e., a rise in real GDP) in the quarter ahead and 4 quarters
ahead, which we refer to as p(Expansiongr) and p(Expansionpr), respectively. To measure
the time-series variation in the costs of information avoidance, we construct a count variable
for the number of quarters with declining macroeconomic activity in the year prior to a forecast
date. To better capture the notion that the cost of information avoidance is higher when neg-
ative news is widespread, our count variable, Np,gnews, combines data on past macroeconomic
growth from four distinct macroeconomic indicators, namely, real GDP, industrial produc-
tion, corporate profits, and unemployment rate. Finally, we measure the role that the recall
of past events plays for horizon bias in two ways. First, following evidence of recency effects
in memory retrieval, we use macroeconomic growth in the quarter prior to the date in which
the SPF forecasts are collected, EG_5,_1 E'Gy_5;—1 is obtained as the first principal compo-
nent of four time-series of macroeconomic growth: growth in real GDP, industrial production

growth, growth in corporate profits, and growth in unemployment rate. Second, following a
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recent literature of experience effects (Malmendier and Nagel (2011)), Malmendier and Nagel
(2016))), we construct a macroeconomic-experience variable, Memoryyn11, that captures the
experience of macroeconomic growth for a representative economic agent.ﬁ Table [2| reports
summary statistics for these candidate theory-based drivers of horizon bias.

Table [3] presents the results of our tests on the drivers of the time-series variation in
horizon bias. Panel A reports the results of the predictability analysis of short-term forecast
errors (FEgr). Panel B analyzes the determinants of long-term forecast errors, and Panel
C studies the drivers of horizon bias. In the Table we follow the convention adopted in
Table [T} as we defined forecast errors as the difference between forecasts and ex-post realized
outcomes. Following (Coibion and Gorodnichenko (2012) and (Coibion and Gorodnichenko
(2015), we calculate bias in forecasters’ predictions using the real-time estimates of realized
macroeconomic outcomes. We concentrate on the principal component of forecast errors for
the same four macroeconomic variables we have studied earlier in the paper. ﬁ Inference
in the table is based on |[Newey and West| (1987) standard-errors with 4 lags (i.e., one year).
Results of the analysis of Table [3] for individual macroeconomic outcomes are reported in the
Appendix, Section [A3] Table [3 reports both univariate results and multivariate regressions
results. For brevity, here we mainly discuss the results of the multivariate tests in column (6)
of each panel, which allow to infer the marginal contribution of each driver of optimism bias,
while holdings the other drivers constant.

The results of these tests provide new insights both on the linkage between motivated
beliefs and optimism bias in macroeconomic forecasts, and on the relation between motivated
beliefs and horizon bias. The first insight concerns the role that demand-side drivers of

motivated beliefs play in macroeconomic forecasts. The table shows that demand-side drivers

33The macroeconomic-experience variable is obtained as a weighted sum of past macroeconomic growth
realizations, where weights are based on the estimate of the decay parameter A\ in Malmendier and Nagel
(2011)), and the representative agent in the economy is an individual whose age is equal to the median age of
employed according to data from the Bureau of Labor and Statistics. Memoryyni1, Noadnews, and EGy_5 1
are all based on the real-time data on macroeconomic realizations to better reflect the forecasters’ information
set and experiences at the time of the forecast.

34This first principal component explains 56% of the common variation in horizon bias across macroeconomic
forecasts. It loads positively on horizon bias in the forecast of future real GDP growth, future industrial
production growth, and future growth in corporate profits, and it loads negatively on horizon bias in the
forecasts of future unemployment. Therefore, an increase in the principal component is associated with
an increase in optimism bias at long horizon compared to short horizon. In Appendix we repeat the
analysis with multiple approaches to the measurement of forecast errors in macroeconomic forecasting, and
for individual macroeconomic variables. Results are qualitatively similar.
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are a much stronger determinant of short-term forecast errors than long-term forecast errors,
and the role of demand-side drivers is limited to short-term forecasts once we control for other
drivers of motivated beliefs. Moreover, demand-side drivers do not seem to play a major role
in explaining time-series variation in horizon bias.

Table [3] also provides evidence on the role of information avoidance for macroeconomic
forecasting. We show that when bad news is more pervasive (i.e., Npganews 1S higher) the ensu-
ing optimism bias is lower, both in short-term forecasts and in long-term forecasts. This result
is broadly consistent with work on motivated beliefs, whereby increasing costs of information
avoidance lead to a reduction of optimism bias in equilibrium. However the effect is mostly
concentrated in long-term forecasts. As a result, larger costs of information avoidance result
in a decline in horizon bias. This result is statistically significant at the 5% level.

Next, Table [3] provides evidence of how the memory of recent events affects errors in
macroeconomic forecasts. We show that following recent positive macroeconomic experiences
(i.e., a higher value of EG;_5; 1), the optimism bias increases both in short-term and in
long-term forecasts. This is consistent with motivated beliefs arising through the retrieval of
events from memory, and with theories of recency bias in such retrieval. However, whereas
recent events play a role for the optimism bias, they do not have a strong impact on the slope
of the term structure of optimism, since there is no evidence of a statistical linkage between
EG;_5;-1 and horizon bias.

Table [3] also investigates whether lifetime experiences of macroeconomic events have an
impact on biases in macroeconomic forecasts. We find that an increase in our metric for
lifetime macroeconomic experiences, Memoryy n11 is negatively related to the optimism bias
at both long and short horizon, with the relation being economically and statistically stronger
for long-term forecast errors. The stronger impact of macroeconomic experiences for long-
horizon forecast errors leads to a negative overall link between lifetime experiences and the
horizon bias, although the relation is not statistically significant at standard levels. Overall,
our evidence indicates that recent and more distant events contribute to generating errors in
macroeconomic forecasts, but do so with opposite signs. Moreover, variation in memory seems
to shift the term structure optimism upward or downward, but does not appear to impact the
slope of the term structure.

Results in Table [3] indicate that the optimism bias in macroeconomic forecasts is linked

to macroeconomic uncertainty. In particular, short-horizon (long-horizon) optimism bias in-
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creases when short-horizon (long-term) uncertainty increases. Similarly long-horizon optimism
bias increases when long-term uncertainty increases. These results are consistent with |(Caplin
and Leahy| (2019)) theory of wishful thinking, whereby biased optimism about an outcome of
interest increases when the objective distribution of that outcome feature higher volatility.
Perhaps more importantly, horizon bias increases when long-horizon uncertainty increases,
and it decreases when short-horizon uncertainty rises. Moreover, an upward shift in macroe-
conomic uncertainty at all horizons leads to an increase in horizon biasﬂ This result is in line
with the comparative statics results of the model of wishful thinking that we have presented
in Section [4.3.2] which are in Appendix [D]

Finally, the results in Table [3| also link optimism bias and horizon bias in macroeco-
nomic forecasts to macroeconomic skewness. Specifically, consistent with |Brunnermeier and
Parker| (2005)) and [Brunnermeier, Gollier, and Parker| (2007)), and in a way that mirrors our
findings concerning uncertainty, an increase in short-term (long-term) skewness leads to an
increase short-term (long-term) optimism bias. Furthermore, higher long-term skewness leads
to stronger horizon bias, while higher short-term skewness is linked to lower horizon bias. Fi-
nally, an upward shift in our metric for skewness at all horizons leads to an increase in horizon
bias@ This result is in line with the model of optimal expectations that we have presented
in Section and in Appendix .

Which of the five distinct mechanisms investigated in this section is more important in
explaining the time-series variation in optimism horizon bias? We infer this from the adjusted-
R? obtained in the first five columns of each subpanel of Table , where each mechanism is
investigated separately. We note that, while demand-side drivers play the most important
role in explaining optimism bias at both short and long-horizon, supply-side drivers, and in
particular macroeconomic uncertainty, have the strongest explanatory power for the slope of
the term structure of optimism.

These findings could potentially be driven by some of our empirical design choices. To
assess the robustness of the results to different plausible choices we repeat the analysis in

the Appendix, Section [A3] There we also present the result of the multivariate regressions

35A 10 percentage point increase in both short-term uncertainty and long-term uncertainty, which cor-
responds to roughly 1 standard deviation of both long-term uncertainty and short-term uncertainty, raises
horizon bias by one standard deviation.

36 A 10 percentage point increase in both short-term skewness and long-term skewness raises horizon bias
about one quarter of a standard deviation above its long-run mean.
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for each of the four macroeconomic variables we have considered. The results remain in line
with our evidence in Table [3] In sum, this section further strengthens the linkage between
motivated beliefs and biases in macroeconomic forecasting, and provides prima-facie evidence
of how different aspects of theories of motivated beliefs contribute to biases in the forecast of

future macroeconomic states.

6 Discussion and Conclusion

Using survey data in the US and abroad we document that the optimism bias in macroeco-
nomic expectations increases with the forecasting horizon. We label this empirical regularity
the horizon bias. In our data, horizon bias is unlikely to result from strategic considerations.
Moreover, we show that information rigidities, bounded rationality and cognitive mistakes are
unlikely to account for the evidence of horizon bias.

We establish theoretically that horizon bias can arise in theories of motivated beliefs (Bén-
abou and Tirole| (2016)), and show empirically that many theory-based drivers of motivated
beliefs help explain variation in optimism bias and horizon bias over time. All in all, this paper
offers evidence of horizon bias in macroeconomic expectations, and it provides both theoretical
and empirical evidence that micro-founds such horizon bias in theories of motivated beliefs.

We believe the evidence in this paper has many potential applications. For instance,
horizon bias could reconcile the finding that the slope of the term structure of equity premia
is downward-sloping (Binsbergen, Brandt, and Koijen| (2012)) and time-varying. Both the
average slope of the term structure and its variation over time are difficult to explain with asset
pricing models (Binsbergen and Koijen| (2017)), where the emphasis is on whether the term
structure of discount rates can account for these empirical regularities. However, differences
in expectations of cash flow growth at short and long horizon could potentially reconcile these
findings. The evidence presented in this paper suggests that over-optimism about long-term
cash flows compared to short-term cash flows could help explain the negative average slope of
the term structure. Moreover, the theories of motivated beliefs that offer a micro-foundation
for horizon bias could also offer new predictions on the drivers of the time variation in the
slope of the term structure.

Horizon bias could also help make sense of how expectations are formed in other asset mar-

kets, such as the housing market. In this respect, survey evidence by Case and Shiller (2003)

30



points to an upward sloping term structure of optimism for house price growth in the early
2000, when individuals living in four major cities in the US forecasted an annualized growth
over a period of 10 years to exceed price growth over the next-12 month by up to 50 percent.
However, in the aftermath of the 2007-2009 financial crisis, house price expectations appear
to display more optimism at short horizon compared to long horizon (e.g., [Kindermann, Le
Blanc, Piazzesi, and Schneider| (2020)). This result may be consistent with a well-understood
mechanism, namely, learning about the data generating process. However, the results in this
paper suggest that a more nuanced view of this evidence is also possible. In particular, in
our multi-period models of motivated beliefs, horizon bias can experience “inversions”, in that
when the objective distribution of returns from a potential investment exhibits excessive neg-
ative skewness, optimal expectations will turn optimism into pessimism, and pessimism will
be increasing with the forecasting horizon. Thus it is possible that, in addition to having
learned about payoffs in the real estate market, investors who have lived through the financial
crisis have learned that the downside events in this market can be so pronounced to warrant a
post-crisis switch to pessimistic expectations and an “inverted” horizon bias.E] Whether and
how motivated beliefs contribute to belief formation in the housing market, as well as in other
markets or contexts, is an open question which we leave to future research.

Finally, we believe that our results can offer new insights into theories of forecasting under
asymmetric loss. The fact that forecasters’ incentives can generate asymmetric loss is well
understood in this literature. However, in the seminal work on asymmetric loss of Elliott and
Timmermann (2008), such incentives have a narrow definition, in that “forecasts do not have
any intrinsic value and are only useful in so far as they help improve economic decisions.”
In contrast to this view, the extant literature on motivated beliefs portrays the mind as
a consumption organ [Schelling (1988)) and indicates that beliefs have a direct and powerful
affective impact on an agents’ utility Bénabou and Tirole| (2016]). Thus, theories of asymmetric
loss can be extended to accommodate such an affective value of beliefs. These are only some
of the potential applications of the idea of horizon-specific biases in belief formation. We leave

the investigation of these and other venues to future research.

37"Moreover, the fact that post-crisis pessimism about house prices is more pronounced among homeowners
than among renters is potentially an indication that motivated beliefs are at play, with the market participants
who are more exposed to a decline in house prices (i.e., the homeowners) forming endogenously beliefs that
are more pessimistic.
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Table 1

Horizon Bias

We use panel data on macroeconomic expectations from the Federal Reserve Survey of Profes-
sional Forecasters. We focus on four macroeconomic variables, namely real GDP growth (GDP),
industrial production growth (IP), growth in corporate profits (PROF), and the unemployment
rate (UNEMP). Data is at the quarterly frequency. Growth rate forecasts are annualized. For
each variable we report short-term forecasts (Fsr), long-term forecasts (Frr), and horizon bias
(HB). Short-term forecasts in quarter ¢ are forecasts of the outcome of interest for the quarter
in which the survey is conducted. Long-term forecasts are forecasts of the outcome of interest in
quarter t+4. Three distinct measures of horizon bias are reported. H Bjy,;; is the difference between
long-term forecast errors and short-term forecasts errors, where forecast errors are the difference
between the ex-ante forecast and the ex-post realization of the macroeconomic variable of interest
according to the historical vintage estimate of that variable. H Bgyqpe is defined similarly, with
the only difference being the use of estimates of realized macroeconomic activity as of the most
recent vintage date. Finally, H Bgi: is a measure of horizon bias that is obtained as the differ-
ence between long-term forecast and short-term forecast. This metric for horizon bias is based on
the observation that if the macroeconomic process being forecasted is stationary, then there should
be no unconditional difference between the short-term and the long-term realized outcome, and
hence an unconditional measure of horizon bias does not depend on the actual realizations of the
macroeconomic variable of interest. In parentheses are t-statistic double clustered by forecaster
and time. More details on data construction are in Section 3. The sample period is 1968-2018.

Macro Variable FST FLT HB]m‘t HBStable HBStat
GDP 2.420 3.178 0.826 0.829 0.746
[13.49] [37.51] [2.90] [2.74] [4.13]
N 7462 7280 7192 7192 7262
1P 2.602 4.031 1.362 1.444 1.407
[7.33] [25.19] [2.02] [2.10] [3.67]
7060 6929 6849 6849 6912
PROF 7.484 8.996 1.909 1.986 1.496
[7.14] [18.30] [0.62] [0.77] [1.25]
N 5592 5654 5461 5461 5483
UNEMP 6.229 6.095 -0.12 -0.119 -0.135
[50.27] [53.71] [-1.68] [-1.67] [-4.02]
N 7534 7373 7372 7372 7372
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Table 2
The Drivers of Horizon Bias - Summary Statistics

Summary statistics for the variables used in our analysis concerning the time-series variation in
horizon bias. I(REC) is an indicator variable that is equal to 1 during NBER recessionary periods,
and 0 otherwise. Npgdnews 1S @ count variable for the number of quarters characterized by a decline
in economic activity over the past year. EGt — 5,t — 1 measures economic growth in the fourth
quarters prior to the forecast. U}q/T and UET are Jurado, Ludvigson, and Ng (2015) conditional
macroeconomic uncertainty estimates for the quarter and year ahead, respectively. p(Ezpansiongr)
and p(Expansionpy) are SPF forecasters’ cross-sectional average probabilities of growth in real
GDP over the next quarter and 4 quarters ahead, respectively. Memoryyrn11 1S a macroeconomic-
experiences variable in the spirit of Malmendier and Nagel (2011). More details on these variables
are in Section B

Variable N Mean STD Min Max Source
I(REC) 201 0.134 0.342 0 1 NBER
Npadnews 196 5.000 2.117 1 10 Federal Reserve
UET 201 0.803 0.099 0.683 1.199 Sydney Ludvigson
oY 201 0.928 0.07 0.848 1.189 Sydney Ludvigson
p(Expansiongr) (%) 201 80.487 24.657 1.000 100 Federal Reserve
p(Expansionpr) (%) 197 84.997 5.934 67.5 100 Federal Reserve
EGi_5:-1 199 0.003 1.674 -7.527 4.645 Federal Reserve
Memoryynit 201 0.070 0.012 0.045 0.087 Federal Reserve
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Table 3

Determinants of Time-Series Variation in Horizon Bias

Time-series regressions of short-horizon forecast errors (F' Egp, Panel A), long-horizon forecast errors
(FELr, panel B) and horizon bias (H B, Panel C) on a set of explanatory variables measured as of
the forecast date. Short-horizon forecasts are the annualized “nowcast” forecasts of macroeconomic
outcomes in the quarter in which the survey is held. Long-horizon forecasts are the annualized
forecasts of macroeconomic outcomes 4 quarters from the forecast date. For brevity, the table presents
results for the principal component of the forecast errors of real GDP growth, industrial production
growth, growth in corporate profits, and the unemployment rate. Forecast errors are calculated as
the difference between the cross-sectional average mean forecasts and the ex-post realized outcome.
Following Coibion and Gorodnichenko (2012, 2015), these ex-post realizations refer to the vintage
date that is closest to the date in which a forecast was generated. Further details on the data and
the methodology are in Section [5 and robustness checks are presented in Appendix [A3] Inference
is based on Newey-West (1987) standard errors with 4 lags (i.e., one year). The sample period is
1968-2018.

Panel A: FEgp

Mechanism Variable (1) (2) (3) (4) (5) (6)
. I(REC) 1.178 1.164
Demand Side 14.99] 13.551]
: Npadnews 0.023 -0.012
Info Avoidance 0.572] 0.253]
EGi 51 -0.052 0.133
Mermory [-0.817] [1.779]
Memoryynii -6.199 -2.297
[-1.196] [-0.401]
ol 12.450 8.786
Uncertainty [3.201] [2.687]
olr -14.763 -13.727
[-2.495] [-2.877]
p(Expansiongr) -0.011 -0.009
oo [-3.125]  [-1.751]
p(Expansionyr) -0.009 -0.006
[-0.614]  [-0.435]
N 201 197 200 202 198 194
Adj. Rsq (%) 15.709  -0.281 0.307 8.921 6.739 19.737
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Table 3

Determinants of Time-Series Variation in Horizon Bias (Continued)

Panel B: FErp

Mechanism Variable (1) (4) (5) (6)
. I(REC) 0.691 0.171
Demand Side [1.799] [0.354]
. Npadnews -0.117
Info Avoidance -2.401]
EGi_51-1 0.083
Mermory [1.458]
Memoryynii -12.141
[-1.748]

olr -3.148 -6.685
Uncertainty -0.707] [-1-399]
ol 9.715 15.619
[1.436] [2.204]

p(Expansiongr) -0.010 -0.005
Skewness [-2.583]  [-0.779]
p(Expansionyr) 0.016 0.026
[1.132] [1.964]

N 195 195 195 193
Adj.R? (%) 4.867 14.17 6.143  23.893

Panel C: HB

Mechanism Variable (1) (4) (5) (6)
. I(REC) 0.127 -0.373
Demand Side 0.334] 0.747]
. Npadnews -0.092
Info Avoidance 1.822]
EGi 5411 -0.005
Memory [0.071]
Memoryynii -9.280
[-1.346]

o¥r -7.787 -9.542
Uncertainty [1.787] [-2.107]
olr 14.686 19.525

[2.176] 2.919]

p(Ezpansiongr) -0.004 -0.001
Skewness [-1.17]  [-0.136]
p(Expansionrr) 0.018 0.025

[1.119] [1.744]

N 195 195 195 193
Adj.R?* (%) -0.336 10.083 1.672 15.956
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Macroeconomic Expectations: Horizon Bias and the Forecasting Horizon

We define F'Ey ., as the forecast error in the prediction at time t of macroeconomic outcomes
to be realized in quarter ¢ + h. We then construct a horizon-specific measure of horizon bias as
HB; iy = FE +n — FEi1m, m <h. The figure shows the full-sample average horizon bias for
horizons 1 < h < 4. Like in Table[I] we set m = 0, i.e., we use nowcasts as short-term forecasts. The
graph reports variation in horizon bias with the forecasting horizon for real GDP growth (GDP),
industrial production growth (IP), growth in corporate profits (PROF), and the unemployment rate
(UNEMP). Horizon bias is based on forecast errors that are obtained using the historical initial-
release estimates of macroeconomic outcomes.
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A Horizon Bias: Robustness Evidence

A1 Horizon Bias in Consensus Expectations

In Table [T) we show evidence of a systematic increase in optimism bias when the forecast
horizon increases. We name this empirical regularity the horizon bias. Our baseline evidence
relies on micro-level data on belief formation. Whereas that evidence points to the widespread
nature of horizon bias, the evidence could be also driven by a small subset of individuals who
are prone to a large horizon bias, with the vast majority of forecasters not really exhibiting
such a bias. Moreover, recently [Bordalo, Gennaioli, Ma, and Shleifer| (2020) have showed that
micro-level belief formation can have very different features compared to the belief formation
process that governs consensus expectations. The natural question is whether horizon bias
survives aggregation. We hence repeat the analysis of Table (1] for consensus expectations.
To this end we form a time-series of cross-sectional average expectations (Table , Panel
A), and a time-series of cross-sectional median expectations (Table[AT], Panel A). The results
are very similar to the ones of our main table. This result suggests that both micro-level
and consensus expectations are subject to horizon bias, and reinforce the notion this bias is
widespread.

A2 Horizon Bias: Alternative Construction, Sub-Sample evidence,
and International Evidence

. The evidence of horizon bias presented in the paper is based on a few choices that are largely
dictated by data availability. First, what we define as “long horizon” does not refer to a very
long horizon, as it uses forecasters’ prediction of year-ahead outcomes. Second, the short-
horizon forecasts used in our main tests are the so called nowcasts. Using nowcasts allows one
to measure horizon bias with the largest possible spread between short and long horizon data.
However nowcasts could capture biased perceptions of contemporaneous economic conditions,
as opposed to expectations of future macroeconomic outcome. Furthermore, horizon bias
could be a feature of the data that only characterizes forecasts in a particular portion of our
sample. Finally, it is possible that horizon bias is mainly a feature of professional forecasts in
the US, while it is absent in other countries.

To address the aforementioned concerns we perform some additional tests. Table|A2|shows
that the evidence of horizon bias presented in Table [1| is similar in the early portion of the
sample (1968-1993, Panel A) and in the later part (1994-2018, Panel B). Thus horizon bias is
unlikely to be the result of some very specific event or very special economic conditions.

Table changes the definition of short-term forecasts, as it replaces nowcasts with fore-
casts of annualized growth between quarter t-1 and t+1 (for real GDP, industrial production,
and corporate profits) or with forecasts of the outcome of interest at the end of quarter t+1
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(for unemployment). This change in the definition of short-term forecasts does not alter the
conclusion that the term structure of macroeconomic optimism is upward-sloping on average.

Table investigates whether the findings of horizon bias in the US extend to other
countries and to forecasting horizons beyond one year. To this end we replicate the evidence
in Table[T] for macroeconomic forecasts collected as part of the European Central Bank Survey
of Professional Forecasters (ECB-SPF). Here, due to data availability, we concentrate on
forecasts of future real GDP growth and future unemployment rate in the Euro Area, and
we construct forecast errors using estimates of macroeconomic states that are based on the
most recent vintage date. The table show that the evidence of horizon bias indeed extends to
forecasters outside of the US. In addition,the short-term forecasts in Table [A4] are predictions
of 1-year ahead macroeconomic states, and the long-term forecasts in the table refer to a
horizon of 4 to 5 years into the future. Thus, finding evidence on horizon bias in the ECB-SPF
suggests that horizon bias extends to horizons beyond one year. In sum, the additional results
in this section indicate that horizon bias is a pervasive and robust feature of macroeconomic
expectations.

A3 Time-series Variation in Horizon Bias:
Robustness Checks

The results provided in Table [3| indicate that optimism bias and horizon bias in macroeco-
nomic forecasting are linked to theory-based determinants of motivated beliefs. In the Table,
the results are obtained using: (i) the principal component of forecast errors for four distinct
macroeconomic variables; (ii) historical-release data on macroeconomic outcomes; (iii) “now-
cast” as short-term forecasts; (iv) the time-series of cross-sectional mean expectations. In this
section we ask whether the evidence in the paper hinges critically on any of these aspects. To
this end, Table replicates the results of the multivariate regressions of Table [3] In each
of the Panels, the Table assesses whether our results are sensitive to one of the four choices
outlined above. In Panel A, we generate the evidence in Table [3| separately for real GDP,
industrial production, corporate profits, and the unemployment rate. The regression results,
presented alongside the principal component result that was already showed in Table 3| indi-
cate that similar conclusions about the linkage between motivated beliefs and macroeconomic
forecasts hold for individual macroeconomic variablesP?|

Panel B of Table [A5] repeats the analysis using median forecasts as opposed to mean
forecasts, so as to reduce concerns that our results may be driven by a very skewed distribution
of forecasts with a handful featuring extreme predictions. The results are virtually unchanged.

38Tt should be noted that, for GDP growth, growth in industrial production, and growth in corporate
profits, the sign of the estimated regression coefficients is expected to be the same as the one obtained with
the principal component. For regressions of unemployment rate forecasts, where optimism bias and horizon
bias are captured by lower, as opposed to higher, forecast errors, the coefficient signs are expected to be
opposite to the ones in Table [3] This is precisely what the table shows evidence of.
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Similarly, calculating forecast errors based on the most recent estimates of macroeconomic
activity (Panel C) does not materially change our results. Finally, when we replace nowcast
forecasts as our short-term forecast with forecasts of next-quarter outcomes (Panel D), the
results are qualitatively similar, although they become weaker, particularly in the horizon bias
estimates. This is to expect, given that in these regressions the short and the long horizon
predictions refer to outcomes that are closer in time. Overall, the analysis confirms the
relevance of drivers of motivated beliefs for horizon bias and optimism bias in macroeconomic
forecasting.
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Table A1l

Horizon Bias in Consensus Expectations
We aggregate microeconomic expectations data from the Federal Reserve Survey of Professional
Forecasters to create quarterly time-series of forecasters’ consensus expectations. These consensus
beliefs are either measured using cross-sectional average expectations (Panel A), or are proxied for
using the beliefs of the median forecaster in a quarter (Panel B). We then repeat the analysis of
our main Table [I] More details are in Section [2] t-statistics, in brackets, are based on Newey-West

(1987) standard errors with 4 lags (i.e., one year). The sample period is 1968-2018.

Panel A: Time-Series Means

Macro Variable FST FLT HB[mt HBStable HBStat
GDP 2.338 3.059 0.784 0.802 0.693
[9.396] [27.148] [2.515] [2.467] [2.600]
N 201 196 194 194 196
1P 2.496 3.825 1.392 1.423 1.296
[5.424] [16.180] [1.944] [1.966] [2.337]
N 201 196 194 194 196
PROF 7.201 8.291 1.370 1.477 0.795
[5.689] [11.661] [0.541] [0.551] [0.535]
N 201 196 195 195 196
UNEMP 6.209 6.149 -0.080 -0.079 -0.115
[28.353] [31.258] [-0.746] [-0.736] [-2.172]
N 201 196 194 194 196
Panel B: Time-Series Medians
Macro Variable Fgp Frr HBjpit HBgabie HBsiat
GDP 2.351 3.157 0.863 0.881 0.772
[9.376] [26.832] [2.761] [2.705] [2.918]
N 201 196 194 194 196
1P 2.480 3.880 1.465 1.496 1.370
[5.414] [18.440] [2.048] [2.068] [2.569]
N 201 196 194 194 196
CPROF 5.340 7.800 2.595 2.703 2.030
[4.76] [12.23] [1.025] [1.011] [1.509]
201 196 195 195 196
UNEMP 6.204 6.143 -0.088 -0.087 -0.123
[28.291] [31.282] [-0.824] [-0.814] [-2.321]
N 196 201 196 196 196
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Table A2

Horizon Bias: Split-Sample

We repeat the micro-level tests of unconditional horizon bias of Table [I] over two subsam-
ples.  These are 1968-1993 (Panel A), or 1994-2018 (Panel B). In brackets are t-statistic

double clustered by forecaster and time.

More details on the data are in Sections [2

Panel A: Sample 1968 - 1993

Macro Variable Fgp Frr HBijpit HBgabie HBsit
GDP 2.474 3.617 1.258 1.239 1.125
[7.146] [26.882] [2.378] [2.313] [3.269]
N 3480 3416 3399 3399 3399
1P 2.814 4.907 1.870 1.917 2.052
[4.179)] [20.256] [1.582] [1.685] 2.814]
N 3420 3368 3351 3351 3351
PROF 7.822 10.96 3.680 4.036 3.076
[4.542] [16.684] [0.739] [1.146] [1.576]
N 3200 3198 3139 3139 3139
UNEMP 6.656 6.464 -0.217 -0.214 -0.184
[39.327] [42.687] [-1.982] [-1.994] [-3.286]
N 3574 3497 3497 3497 3497
Pane B: Sample 1994 - 2018
Macro Variable Fsr Frr H Brnit H Bsiapie H Bstat
GDP 2.380 2.797 0.440 0.462 0.412
[16.135] [51.197] [1.785] [1.508] [2.868]
N 3946 3828 3793 3793 3827
1P 2.417 3.215 0.875 0.990 0.797
[8.974] [32.538] [1.290] [1.255] [2.957]
N 3608 3529 3498 3498 3529
PROF 7.044 6.471 -0.484 -0.785 -0.6
[8.292] [12.327] [-0.183] [-0.213] [-0.679]
N 2370 2432 2322 2322 2322
UNEMP 5.862 5.782 -0.026 -0.026 -0.090
[33.759] [35.297] [-0.285] [-0.274] [-2.360]
N 3924 3840 3839 3839 3839
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Table A3

Horizon Bias: Alternative Definition

We repeat the micro-level tests of unconditional horizon bias of Table [1| over an alternative def-
inition of short and long-term forecasts. Specifically Fgr is the forecast of annualized growth
between the quarter prior to the forecast date, i.e.,t — 1, and the quarter after, i.e., ¢t + 1.
Frp is the forecast of annualized growth between ¢ + 1 and t + 4. In brackets are t-statistic
double clustered by forecaster and time. More details on the data are in Sections [2] and [A] .

Macro Variable Fst Frr H Bt H Bgiaple H Bgiat
GDP 2.568 3.072 0.453 0.487 0.497
[16.817] [34.400] [2.008] [2.308] [4.075]
N 7462 7282 7195 7195 7265
IP 2.978 3.900 0.857 0.995 0.902
[10.612] [23.228] [1.636] [2.027] [3.566]
N 7055 6928 6848 6848 6911
PROF 7.095 8.584 2.174 2.071 1.493
[8.278] [17.289] [1.032] [1.117] 1.810]
N 5590 5654 5463 5463 5485
UNEMP 6.236 6.095 -0.124 -0.126 -0.141
[50.980] [53.710) [-1.960] [-2.042] [-6.106]
N 7533 7373 7373 7373 7373
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Table A4

Horizon Bias: International Evidence

We repeat the micro-level tests of unconditional horizon bias of Table [1] using the European Cen-
tral Bank Survey of Professional Forecasters. We consider two sets of macroeconomic expectations,
namely the ones about real GDP growth (GDP) in the Euro Area, and the one about the unem-
ployment rate in the Euro Area. Based on data availability, we define forecasts as follows. Fgr is
the short-term forecast is an average of the forecaster’s prediction for the calendar year in which the
survey is taken and the subsequent year. The long-term forecast, Frr , is the forecaster’s prediction
for the fourth or the fifth calendar year following the year in which the forecaster submitted his
prediction, based on data availability. Forecasts of growth refer to non-overlapping periods, and are
annualized. Having defined forecast errors as the difference between the forecast and the realized
outcomes based on the most recent vintage estimate, H Bg;qpie is the difference between the forecast
error at long horizon and the forecast error at short horizon. H Bg:s: is an alternative metric for
horizon bias, that is constructed as the difference between long and short term forecast. In brackets
are t-statistic double clustered by forecaster and time. More details on the data are in Sections[A].

(1) (2) (3) (4)

FST FLT HBStable HBStat

GDP 1.432 1.979 1.039 0.560
[13.455] [44.040] [7.637] [5.416]

N 4131 3226 2969 3217

(1) (2) (3) (4)

UNEMP 9.239 7.979 -1.464 -1.267
[55.517] [66.825] [-6.347] [-16.054]
4040 2898 2343 2897

49



91C¢' LT FGETE 96'¢  €86'€T  TIL'S  9G6'GT  ST¥FEE  FIPE  IFSTIT  I6VEl
6T V61 V61 6T €61 €61 V61 V61 61 e6T
v16'1]  [816'1-]  [ego0]  [ee6° 1] [eevT]  [pwLTl  [610@ ] [18L0)  [9ggT]  [L¥°1
9200 ¢T00-  TO00 9200  ©20'0  S200  €30°0- 10°0 ¥20°0 200
[sco'1-]  [6900] [eeeT]  [eco]  [18¢0-] [9eT0-]  [e900-]  [L60°0] [esz0] [26T°0]
L00°0- 0 I100-  ¥00°0-  €00°0-  T000- 0 1000 200°0-  T000-
[eveel  [eve1]l  [eeoe]  [ocrel  [eeoe] 6162l (9T [agee]  [e6eT]  [ggv
PI6°02  69L°S-  GOF'TT  GTee  SL9ET  GTY'6T 9806~  SGO'ET  LPT'ST  9T0'LT
9v%c] (6270l  [e9LT1-] [w6ve] [oLe1-] [L0T@]  [667°0]  [€89°1-] [606'T-] [S0L T
RET'TT- 80T g6GL-  9SF'E€T-  WIE9-  CFS6- 90T LTLL-  LTL6-  LSSL-
Fre1]  [gogol  [est1-)  [6v°1-]  [180°T- [9veT]  [g6L0] 8T Tl [120'T-)  [98%°T
ZOT'TT- 9099  FOT'S-  €8%°6-  GIT'9-  8T6- 6579  G0T'9-  GT6'9-  T1C'S-
2eg0]  [6g11l  [veet)  [8v0]  [9gvol  [12001]  [pvrT [118°0] [sgeo-]  [L1€°0)
6200  9%0°0-  6S0°0  L£00-  FZO0  G00'0-  L80°0-  T190°0-  LT0O0- €00
[c69'1-]  [8o6°1]  [61eT]  [8ge]  [oeg1]  [eest]  [8LT] [g9go-]  [60¢ T [e17C
80°0- 660°0 2e0'0  20T'0-  990°0- T60°0- 600  STO0-  €L00-  FOTO-
916'0-] [eoee] [sert1-] [12e1-] [8v91-]  [2v20-]  [w6Te]  [866°0-]  [L9%°T-]  [98670]
70 Ge0'T-  C19°0-  @6S0-  L09°0-  €L€°0-  CI0T-  FPFO-  F9L0-  9SF0-
Od  dNANN  J0Ud d1 dan Od  dNANN  J0Ud d1 da»
(c) (%) (€) (2) (1) (%) (%) (€) (2) (1)

9SeaTaY 9[qels ‘suedIN SI,:d [oued

9SeaTaY TeTHIUT ‘SUeSN ST,V [Pued

(%) 2 Py
N

(LTuorsundrsy)d

(LSuorsundxsy)d

Lo

&\,Mb
VININfaowd gy
| |

smaupDq 7

(OFI1

o[qeLIRA

‘RT0%-8961 St porad ojdures oy ], "S19)s®IOIO [RUOISSOJOI] JO AOAING OATIOSIY
[eIopa] o1} WOJ ST suorjezI[eal }s0d-Xo UO BIRD SE [[oM Se RJep 1SBIDI0] "(Ieak aUo 9°T) sSe[ § [IIM SIOLD pIepue)s (L]6T)
1S9\ -KoMBN] O paseq ST 9duaIaJu] [¢ morpoeg ur pur[gy] uoroeg Ul are s[rejap Ioylang ‘sjseomou 0} pesoddo se seuoo)no
Io11enb-)xou JO S1SLI9I0J SOSTL 41 Jer) Ul ‘S)SRISIOJ ULID-)IOYS JO UOIIUYLD dAljRUIS)R U sydope Jng ‘sisA[eur urewr o)
sojeorder 1oYIny (] [PURJ "SUOISSIIFOI INO UL SO[RLIRA 9PIS PURY 1JO[ S} S SISRIDI0J URIPOUL [[}IM SISBIQIOJ Ueawl soor[dox
Jnq ‘sisATeure Ie[ruuls © suriojod () [ourd (9)ep 98RIUIA JUOODI JSOUI ST} JO SB SOJRUIIISO *9'T) SOUI0DINO DIUIOUOIDOIIRUL
JO sojewI}se o[qels SuIsn AQ Selq UOZLIOY SOINSeoW Ing ‘Y [ourd Jo SISATeur oyj) sjeodor g [oued -1oded o) ur porpnjs
SOUIOD)NO DIWOUOIVOINRW [eNPIAIPUL o1} 09 [¢] o[qR], Ul pojussord 9dULPIA® oY) SPUAIX0 Y [oued ‘sppued IMoj sey d[qe],
O], "9Jep )SeIAIOJ oY) JO Se paInseswl so[qelies Alojeur[dxs Jo 19s ® UO (g [J) SRI( UOZLIOY JO SUOISSAIZAI SOLIS-dWIL ],

S309Y) SSOU)SNqOY :Selg UOZLIOF] Ul UOIjeLIep SOLI9G-oWI], JO SIUeUIULIdId(]

GV OIqeL

50



eeT'0z  TG0LC  L86'S  TGLTIT  9TE6T  9L8'CGT  €9E'ee Q96T €0STT  €29ET
6T V61 761 e6T €61 e6T V61 V61 €61 e6T
[18zel  leste] w91l [soet]  [gore]  [prerl [etet]  [goot]  [tovil  [18e°T]
€0°0 920°0- €200 8200 9200  ¥€0'0  Tg0'0- €100  %e0'0 6100
[2o01-]  [psrTl [aLzod]  [8geT [g9L0-] [tTo0-]  [we00]  [veeo] [e1e0-] (68070
L00°0- L0000 T00°0-  800°0-  900°0- 0 0 200’0 2000-  T00°0-
[8gze]  [1291]  [9grel  [LL8T]  [coee]  [288T) (oot [9gew]  [cvew]  [817°T
8T9'T¢  TOS'0T-  8LE6T  €E86T  6GG°07  G6£6T  GOO'0T-  LG8CT  T2LLT  TI6°9T
l9gLg]  [p80]  [96ve] [eeee] [€99T] [9c0c ] [199°0]  [c09°T-] [8e8T]  [8¢9° T
geoTI-  Ieve  SR0'el-  TI€STT- 60L°0T-  GE6- 116 T60°L-  68€°6-  GILL-
[tes't-]  [o80l  [9ze1-]l [peet] [r1et] [tzr1]  [egro]l (1680 [696°0-] [1eT1-
L6'6- ev0’L  €6TL- €978~ €90°6-  LE0'S-  GL8C 2OV~ 889~  G60'L-
(289'0-]  [89 1]  [ert] [eozT] [e9e0-] [910°0-]  [6TT T (622707 [oLTO-]  [p9€0]
8€0°0-  180°0-  860°0- 800  8T00-  T000-  GG0'0-  6S0°0-  €I00-  ¥Z00
[cere] (6681  [6L8°07 [e96°1-] [6cee] [66LT1-]  [LvlT]  [eeeo]  [6v1-]  [960°C]
c0T'0- €010 ¥E€0'0-  L600-  TIT0-  T160°0- 600 €10'0-  TL00-  Z0T0-
ko 1-] o0 1-]  [pert] [18¢e]  [2ere ] [9120-]  [toge]  [Be60]  [SLFT (2670
8F8'0-  L6€°0-  8LG0- 8GET-  G00'T-  G9¢°0-  180'T-  CIF0-  16L°0-  6EF0-
Od  dNANN  J04d d1 dan 0Od  JdINANN  J0OUd d1 da»
(¢) (%) (€) () (1) (g) (%) (€) (2) (1)

oses[oy [enIU] ‘(SAIjeUIs)Y) SURSIN SI:( [Pued

(%) 4 Py
N

(LTuorsundzsy)d

(LSuorsundxsy)d

&Mb

&\mb
VINNfaowo g\
| |

smaupDq 7

(OaI1

o[qeLIRA

osEO[OY [RIYU] ‘SURIPOIN SL:D [PURd

(ponurjuoy)) s3oaY) SSaU)SNOY :Selg UOZLIOF] Ul UOIjeLIRA SOLISG-9WI], JO SJURUIULIIID(]

GV 9IqeL

51



B Horizon Bias and Rational Expectations

B1 Horizon Bias and Strategic Considerations

In this Section we ask whether forecasters’ strategic considerations can generate the horizon
biasﬁ For instance, Michaely and Womack (2005) describe the compensation and career
advancement of sell-side analysts who work in the brokerage departments of the largest in-
vestment banks in the U.S. They note that these analysts’ compensation does not only depend
on the reputation they build by issuing accurate forecasts. Rather, these analysts often re-
ceive bonuses and promotions when they systematically issue optimistic forecasts that help
the corporate finance division of the bank gain new customers or retain existing ones. Even
when analysts aim for accuracy, they can find it optimal to issue a somewhat more optimistic
forecast rather than a less optimistic one, as corporate managers reward optimistic forecasters
with better access (Francis, Hanna, and Philbrick 1997; Chen and Matsumoto 2006), and
punish pessimistic forecasters by “freezing them out”.

To see what implications these strategic considerations have for horizon bias, we consider a
simple model with a risk-neutral analyst with perfect foresight about the future realization of
a firm’s profits. The analyst’s compensation is based on both his reputation for accuracy and
the career benefits that excessively optimistic forecasts of firms’ profits entail. The analyst
chooses the optimal strategic level of optimism bias in short and long-horizon forecasts, £5T*
and e27” | respectively, by solving the following problem:

max Et [RST (1 — OéSTSSTQ) + RLT (1 — OéLTa’fLTz) + PST (SST> + PLT (€LT>} —01€ST2—028LT2

eST (LT

(B.1)

where Rgr and Ry capture the reputational benefits of accuracy in short and long-term

forecasts, Psp and Prp are the career benefits of issuing positively biased forecasts at short

and long horizon, and C and C5 represent the personal cost of disguising the analyst’s actual
forecast by issuing biased predictions.

We solve this simple model and obtain:

ST — Psr
2(Ci+asTRsT)
{ LT — ___ Por (B.2)
2(Ce+arTRrT)

39Gee |Scharfstein and Stein| (1990), Ehrbeck and Waldmann| (1996)), and [Frankel, Kothari, and Weber] (2006)
are classical examples of work on strategic considerations affecting forecasts.
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. . . . . . . * * .
Horizon bias arises due to strategic considerations if eX7" > 97" i.e.,

Prr S Pgr
(Co+ arrRrr) (Cy + asrRsr)

(B.3)

Even though it is possible that forecasters’ strategic considerations lead to horizon-specific
benefits and costs, and thus can generate horizon bias, we argue that such strategic consid-
erations are unlikely to be behind the results we document for the Survey of Professional
Forecasters (SPF) in the US and in the Eurozone. First, the forecasters interviewed in these
surveys submit their forecasts under the condition of anonymity (e.g., Elliott, Komunier and
Timmermann 2005). The survey organizers pride themselves for having maintained this con-
dition intact for many decades (Garcial (2003), Croushore and Stark (2019)). This means that,
within the context of the model above, Ry = Rpr = 0, i.e., these forecasters do not gain
reputation benefits from issuing forecasts that cannot be observed by third parties. Moreover,
the forecasts issued in these two surveys concern the macroeconomy. As such, expressing op-
timism in these forecasts does not help forecasters please any firm, nor advance their careers,
i.e., Ps7 = Prpr = 0. In other words, the forecasters in the surveys that we analyze lack the
incentives to issue forecasts strategically. As a result, 57" = ¢/ =0, i.e., it is very unlikely
that horizon bias in these surveys is due to strategic considerations.

53



B2 State-dependent Information Rigidities and Horizon Bias

Can time-varying information rigidities account for the evidence of unconditional horizon bias
presented in Table [I]? To investigate this formally, we consider a model of sticky information
(Mankiw and Reis (2002)) with a time- varying rigidity parameter, A;. As in Equation (4),
we write the time-t forecast of outcome z;,; to be realized h periods later as:

Etilmt =(1-X\) Z )\gEt—th—i-h (B.4)
j=0

Where information rigidity is time-varying. We assume a standard AR(1) law of motion for
process {m;},

Tee1 = (1 — p) + pme + €141 (B.5)
where p is the long-run mean and the process, p is the root, and ;41 ~ N (0,0?). Based on
the above, one can write horizon bias as follows:

HB;' = (Ftilhlt - 7Tt+h) - (Fti-11|t - 7Tt+1> =

\ (p B ph) (m— 1) = A (1= A) 5 [(wt — 1) (pj+2 _ pj+h+1)] (B.6)

When ), is constant, it is easy to see how Equation (B3) reiterates the result in the paper
(Section that information rigidities cannot generate horizon bias unconditionally, i.e.,
E {H B2t } = 0. On the other hand, when information rigidities are time-varying, horizon bias
need not to be equal to zero on average. Having defined {7;} as the unconditionally demeaned
outcome of interest, one can write

E[HB}| = (p—p") B[] + i E[(N? =N mos (072 = )] (B.7)

=0

To learn whether horizon bias is unconditionally positive or negative in this model, and
how large it is, one needs to specify the covariance structure of A, and z,=; for 5 > 0. To
this end, we choose to focus on one macroeconomic variable in particular, namely real GDP
growth, for which we can rely on insights from |Coibion and Gorodnichenko (2015). They
show that A; is highly negative correlated with macroeconomic uncertainty, measured as the
5 - year trailing standard deviation of real GDP growth in the US (henceforth ;). Based on
this, we model the information rigidity time-series as

A = a — boy (B.8)

where the parameters a and b, both positive, are chosen to match the observed dynamics of \;.

In particular, we use CG (2015) estimate of the full-sample average value of a A Y in the forecast
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of GDP growth (0.5) to back out the average value of the information rigidity parameter in
the sample (0.333). We then assume that when o, reaches its maximum historical level in
the sample period (0.079), rigidities are absent, as \; drops to 0. This renders the following
equation for \;

Ay = 0.194 — 6.9380; (B.9)

Using the time-series of real GDP from the Federal Reserve, we can now obtain sample esti-
mates for E [z,_;\] for all values of the lag parameter j. We then plug them into Equation

B.7. This renders a negative estimate of £ [H B2t } . Thus time-series variation in information
rigidities stemming from variation in macroeconomic uncertainty cannot easily explain the
evidence of horizon bias in Table [

We also consider a second quantification of the unconditional horizon bias generated under
time-varying information rigidities. To this end, we rely on another insight from CG ( 2015 ),
namely that information rigidities progressively decline following the beginning of a recession,
to reach a minimum 8 quarters after the recession start, and return to normal level 16 quarters
after a recession has begun. We hence propose a second equation for time-series variation in
information rigidities:

16 16
—8
A\ = max (0.457 —0.457) %[ (Recsgart),_; +0.914 ) TI (Recstart )y ,0.001) . (B.10)

j=1 7=9

where I (Recggart), ; is an indicator variable that is equal to 1 if a recession has started less
than j quarters ago, and the coefficients 0.457 and 0.914 are chosen to match the unconditional
value of information rigidities in forecast of GDP growth documented in CG (2015). Based
on this second parametrization of \; we estimate again Equation (B4). Here too we find that
the expected horizon bias stemming from information rigidities is negative. Overall, it does
not appear that an upward sloping term structure of optimism stems from the time-series
variation in information rigidities of that has been uncovered in prior literature.lﬂ

40To obtain this estimate, we need to truncate the infinite summation of Equation (B4) to 20 lags (i.e., 5
years). The result that a negative horizon bias obtains is robust to the selection of another macroeconomic
uncertainty metric, such as the one proposed by |Jurado, Ludvigson, and Ng| (2015)).

41Unreported simulation results indicate that E[\;Z;] is the dominating element in Equation (B4), thus
the sign of F [H B! ] is largely determined by the contemporaneous covariance of x; and \;. The negative
horizon bias obtained in the first setting above can hence be explained with the positive, albeit weak, correlation
between o, and x;(13%) that is observed in the data, which implies a small negative correlation between \; and
Z;. Similarly, the second setting delivers a negative horizon bias since the rigidity proxy obtained in Equation
(B6) is mildly negatively correlated (12%) with the real GDP growth.
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C Optimal Expectations and Horizon Bias

D1 Model

In this section, we show that agents will exhibit the horizon bias, or be more optimistic at
long horizons relative to short horizons when they invest in the short horizon asset, in an
extension of the model proposed by [Brunnermeier and Parker| (2005]).

We define 74 as the true probability of a given state. We define 75 as the probability an
agent assigns to a given state s. The optimal portfolio choice is denoted «*.3 is a constant
time discount factor. Specifically, we consider the same portfolio choice problem discussed in
Brunnermeier and Parker| (2005). In period one, the agent chooses her portfolio share, «, such
that she maximizes her expected utility. Specifically, the agent solves the following problem

max 5 ZSS:1 7sU (cs)
st. ¢, =R+ aZ, (C.1)
ce >0

where R is the gross return of the risk-free asset and Z; is the excess return above the risk-
free return in state S. U is an increasing concave function with infinite marginal utility at
0. There are S states. The S states are organized such that for Z,.; > Z,,7; < 0 < Zj,
and Z, # Zy for s # s. Optimal expectations imply that consumption will never equal zero
- given that there is infinite marginal utility at zero, the agent will adjust probabilities such
that consumption will be nonzero in the associated state. After setting up the Lagrangian we
know that the optimal portfolio is characterized by

0= ZS:%SU’ (R+a*Zy) Zy = o* ({7.}) (C.2)

We then consider a model that relies on this optimal portfolio choice. Our model is an
extension of [Brunnermeier and Parker (2005). Brunnermeier and Parker| (2005) consider
agents that decide how much to invest in an asset that pays off and is consumed in the 15
period. We add an additional period such that agents decide how much to invest in a period
1 asset that can only be consumed in the 1%° period, and a period 2 asset that can only
be consumed in the 2"¢ period. Therefore, the agent’s portfolio choice for the 1% period
and the agent’s portfolio choice for the 2" period can both be characterized by equation
(1.2). For comparison purposes, we assume that the true distribution of the 1°* period asset
and the true distribution of the 2°¢ period asset are the same. That is, Tos = Mg = T
and Zys = Z15 = Z,. |Brunnermeier and Parker (2005) assume that individuals’ well-being
is a time-average of felicities in period 0 and period 1. We extend their model such that an
individual’s well-being is a time-average of felicities in period 0, period 1 and period 2. In
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period 0, the agent’s felicity is the subjectively expected discounted utility flow in the next
two periods. In period 1, the agent’s felicity comes from anticipated utility in the 2"¢ period
and from actual consumption in the 1% period. The agent’s 2"¢ period utility flow is based on
actual consumption in the 2" period. In other words, agents look to optimize their well-being
(WB) by solving the following problem, where S; = S is the total number of states in the 1%
period, Sy = S is the total number of states in the 2"? period, and {7,} = {Ta1, Ta2; - - - Ta.5}
is the sequence of investor beliefs across all states in period a :

WB =35 #,U(R+a" ({f1}) Z) + B2 X5, ®o U (R+a* ({7a}) Z,) +
max o | YT mU (R + o ({7)) Z2)
"} | 255 U (R+ o ({72)) Z,

+

+ BT U (R+ o ({7})Z)

~—

(C.3)

In other words, agents maximize their well-being by arriving at expectations that make
them happiest in expectation. This hedonic editing of their beliefs involves a trade-off between
greater anticipation utility and suboptimal realized utility (from making suboptimal choices).
We can rewrite the optimization in (1.3) as two optimization problems since {7}, {72} are
disjoint in the maximization problem. Specifically, (1.3) is equivalent to finding the optimal
to the following two problemd}

S
max lWBl =0 Z_: mMsU(R+ o ({m}) Zs) + B Z U (R+ o* ({71}) ZS)] (C4)

™

and

S
mAa}}c [WBQ =262 o U (R+ o ({72}) Z) + 5° Z U (R+ o ({72}) ZS)] (C.5)

™2 s=1

We note that in each period there must be a state s’ such that the payout in the state Zy
is negative and another state s” such that the payout in that state Z, is positive. Otherwise,
the agent would short or invest, respectively, as much as possible. This would result in a
contradiction from (1.2) since consumption would then equal 0 in the first state or the last
state. We also assume that the agent thinks all states have a positive probability. Therefore,
we can consider the first-order condition associated with moving d# from s’ to s” E| We next

'For notational purposes, we do not need a subscript on a*, because a given probability distribution will
yield the same a* for the long-term asset and the short-term asset. We can see this from the fact that the
only thing that will change in (1.1)’s optimization for the long-term asset and the short-term asset is that the
objective will be multiplied by a constant.

2Another way to think about this is that we're setting the probability of state s’ equal to Ty — t, and
setting the probability of state s’ equal to T, + t and examining how a* changes with ¢.
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show that, for a* > 0, % > (. Consider equation (1.2) and consider moving d7 from s’ to s”
It follows that

S
0= (U’ (R —+ a*ZS//) Zs” — U/ (R + OC*ZS/) Zs’) am + Z 7TSU” (R + Oé*ZS) ngoz* (06)
s=1
which implies that

do* = (U/ (R —+ OJ*ZS//> Ly — U’ (R -+ a*Zs/) ZS/)
dr S5 R U (R+ arZ,) Z2

(C.7)

But, since we assume U is concave and increasing, this implies that % > (. Specifically, the
numerator will be negative since the first derivative of U is positive, and the denominator will
be negative since the second derivative of U is negative.

Define {%}OE } as the sequence of optimal expectations for all states that solve (1.4). Assume

o ({%}OE}) > (. Consider a change at the optimum of moving dm; from s to s”. At the

optimum, we know that % = 0. Assume that we have the same belief distribution for

the long-term asset, {ﬁ%OE } = {ﬁ%OE } Consider how W By changes at this belief distribution

with a movement of d7y from s’ to s” - 7?%2’5 is the perceived probability of the period 2 asset

being in state S under the {%%OE } probability distribution and ¢ is the actual probability

of the period 2 asset being in state S. since we assume the true probability distribution is the
same for the period 1 asset and the period 2 asset, my s = s = 75 and Zy s = 715 = Z.
Additionally, since we assume {ﬁ}OE} = {ﬁ%OE } , we know that ﬁ%(;E = %%QE
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owm ((m08)) _ g [ U (BT ({70}) Zer) = U (R + 0" ({R'")) Ze) +
2 <{ 2 }) f52( 25 1(ZiOE[Z,{(?O_;}OS Z({ )%ZE}L*ZQ’S) ZQ,SG@ )
(VR ({m07)) 2) - USRM ({?”E})Zs'%)

Zf . /2\S1OEU/ (R—i—a* 10E1) 7 ) 7 diQ

({7
)

(U (R+or ({(72F)) Zo) U (v or ((729%)) 2) +
o (e (o)) 2) 2.
38w (Rt o ({71F)) 2,) 2,5

(P (50 2 (o s (3100
= 5 ( 332 ZS T /2\510EU/ (R+ o ( AlOE}) Zs) Zs om1 D }))
W v (o) 2 o

_52( (R—i—oz ({ 10E (CS)

where the last equality follows from (1.2), our belief choice of {71OF ¢t = ¢ 71OF } , and the

definition of the optimum. The final inequality follows from the fact that U is an increasing

function and our assumption that a* ({ﬁ}OE}ir > 0 Define a9¥ = o* ({ 10E}) and a*(m) =

E If we assume that ¥, { oL } is a unique local optimum in the positive region for o* (7,)

such that 0 < offf < a* (7,) < af¥, then it follows that 8‘2%31 = 8?/7/7? > 0 for all o* such
that 0 < o/ < a* (7,) < aPZF| Therefore, we know that

OW B, (R+a” ({7u}) Zor) —U (R + 0" ({7}) Zo) +
or, ({Ta}) = (E 21 RasU (R + " ({Ta}) Zo) 2958 + 2 mU' (R + o ({Ra}) Zs) Zs % ) .

do*

= U(R+a* ({7 Z)) —U R+ o ({Fo}) Zo) + ZWQSU’ (R+a* ({7a}) Z) Z S >
—ff% U (Rt a” (7)) 2) 2,

But, we know that

3From [Brunnermeier and Parker| (2005), we know that if the investment has a positive expected value,
RE (0 and there exists an equilibrium with a'©F > off¥,
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Zss U (R + o ({Ra}) Zs) Zs = Leszo<o U (R+ o ({7a}) Zs) Z
+ ZsBZs =0 7TSU (R +a” ({ﬁa}) Zs) Zs (C9)
<Yzl (R+0fP2,) 2+ S pgasoml (R+ 0l 2,) 2, =0

where the inequality comes from the fact that 0 < a®¥ < o* (7,) . Combining (1.6), (1.8), and
(1.9), we know that

do*

—_— 1
e >0 (C.10)

U(R+ o ({Ta}) Zor)=U (R + " ({Ta}) Z +Z7AT“U' (B+ o ({7a}) Zs) Zs

s=1

B B

Calculating = 2 {7.}) = 8W 2 ({Ta}) :
8W32 8WBl (R4 o ({7.}) Ze) —U (R+ " ({7a}) Zs) +

({7a}) = o ({7a}) + ( 52, 79U (R + o ({Wa}) )Z do* >

GWB
B 8/\ . ({ a})
(C.11)

where the first inequality follows from (1.10) and the fact that /3 is a positive constant. since

OF

W By increased with dr from a starting point of {7r , and is also increasing for all o* such

that 0 < offf < a* (7,) < af¥, it follows that af¥ < afF E| This means that when investors
allocate a positive amount to the short-term asset, there exists an equilibrium where they will
allocate an even greater amount to the longterm asset.ﬂ

We next show that this implies that investors are more optimistic at long horizons relative
to short horizons. From the earlier first order condition (1.2), we know that:

s
Zﬁ "(R+a*({m}) Zs) Z,=0 (C.12)
This can be rewritten as:
s s
Z 7?17SU’ (R4 o ({m}) Zs) Zs + Z 7?178U’ (R+ o ({m})Zs) Zs =0 (C.13)
$27s<0 $37Zs>=0

4From Bénaboul (2015), we know that there exists an equihbrlum with 9% > oftF.

5 A similar proof shows that when a{’” < 0, there exists an a§¥ < a{F.
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But, we know from before that a5 > af. This implies that:

i 71U (R +a” ({Fe}) Zs) Zs + i 71U (R4 o* ({F2}) Z) Z, < 0 (C.14)

s 7Z:<0 $37s>=0

From the earlier, first order condition, we also know that

5
Z %Q,SU/ (R =+ a* ({7/%2}> Zs) Zs =0 (015)
s=1
This implies that:
s
> (Fos =) U (R+ " ({a}) Zo) Zs > 0 (C.16)
s=1

which implies that agents are more optimistic at long horizons relative to short horizons.

D2 Horizon Bias and Skewness

In the previous section, we demonstrated that investors will exhibit the horizon bias when
they have a positive investment in the short horizon asset. In this section, we will show that
for an asset with a sufficiently negative skewness, the investor will switch from a long position
to a short position in the short horizon asset, and the investor will exhibit the opposite of the
horizon bias - the investor will be more pessimistic at long horizons relative to short horizons.

Like Brunnermeier and Parker| (2005), we consider an example to highlight this intuition.
We assume a positive expected excess return to asset Z equal to p,. The two states are defined
as such:

State  Probability — Excess Payoff
1 m=1—my Zi=pu,— Jz\/lfim (0_17)
2 2 Zy = p= + 021/ 122

2

When the probability of the good state is small, the asset is positively skewed. When
the probability of the good state is large, the asset is negatively skewed. We know from
the previous section that, if the agent shorts the short-term asset, then the agent shorts the
long-term asset to an even greater degree.

We prove that there exists a level of negative skewness for which the agent will short the
short-term asset by constructing a lower bound for well-being when shorting the asset, an
upper bound for well-being when long the asset and showing that for a sufficiently low level of
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negative skewness this lower bound for well-being when short the asset will be higher than the
upper bound for well-being when long the asset. We again assume that the true distribution
for the short-term asset and the long-term asset are the same. Based on (1.3), an agent’s
well-being in the described two-state world can be defined as

W (7} 7hm) =
Sm+a) U (Rea (7)) 2)+ @-m-)U(R+o (7)) 2)]+  (c18)
;y (m+2@)U(R+a* ({#2)) 2) + 3-m - 27) U (R+ 0" ({7)}) 22)]

where #° represents the agents belief about the likelihood of state a for an asset that pays off
in period b and 7, is the true probability of state a. We first assume that the investor is short
the asset, and the asset is sufficiently negatively skewed s.t. the investor will also be short
the long-term asset. since the investor is short the asset, we first assume an optimistic belief
7t = #] = #2 > m;. This is not necessarily an optimal belief so W (7}, 71; 1) is a lower bound
for well-being when short the asset. Taking the limit of (2.1) as m; — 0, or as skewness goes

to negative infinity, we see:

lim W (71, 71;m) = 36| (7)) lim U (R +a” ({71}) Z1) + 2 = 7)) U (R +a" ({F1}) p) | +

15 [(2@7}3@01](3 +ot (7)) 1) + (3-8 U (R+a* ({73} )| = o0
(C.19)

The last statement follows since Z; — —oo as m; — 0.

We also consider well-being when the investor is long the asset as skewness approaches
negative infinity. If we go long the short-term asset, we know that we will also go long the
long-term asset (from the previous section). Additionally, we know that 0 < o* < _Z—If from
(1.1). From (2.2), and choosing the optimal ax separately for each individual state, we know
that

W (w,75m) <18 [(m+F)UMR) +(2—m — 7)) U (R- 22)| +
102 2 R*Z ' (CZO>
12 [(m+2m) UR) + (3—m — 2n}) U (R — B22))]
Taking the limit as m; — 0, we can see that
limy W (7, 75 m) < 58| RO UGR) + (2= &) Jim U (R = 52) | + o
152 | @R UR) + (3 - 27) lim U (R = 52)| = L3120 (R)) + 4PBUR) <00




This implies that there exists a level of negative skewness such that we will short the short-term

asset and be short the long-term asset to an even greater degree.

Finally, we show that this implies agents are more pessimistic at long horizons relative to

short horizons. From the earlier first order condition (1.2), we know that:
s
S m U (R+a*({m}) Z) Z, =0
s=1

This can be rewritten as:

S S
Yo wm U (R+a*({m}) Zs) Zo+ Y. mU (R+a*({7i}) Zs) Zs =0
$27s<0 8$DZs>=0

But, we know from before that o < aj. This implies that:

S S
S w U (R+a* ({7}) Zs) Zo+ Y. 71U (R+a* ({72}) Zs) Zs > 0
$237s<0 s37Zs>=0

From the earlier, first order condition, we also know that
s
Z TosU (R+ o ({7a}) Zs) Zs =0
s=1

This implies that:
5

S" (Ros — F1s) U (R+ " ({Fa}) Zs) Zs < O

s=1

(C.22)

(C.23)

(C.24)

(C.25)

(C.26)

which implies that agents are more pessimistic at long horizons relative to short horizons when
they are short the short-term asset. The proof to demonstrate that there is a level of positive
skewness for which the investor will exhibit horizon bias (from the previous section) is similar.
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D Wishful Thinking and Horizon Bias

An agent who lives for three periods derives utility at time ¢ from consumption at time t, ¢,
plus the anticipation of consumption at times t 4+ 1 and ¢ + 2. Consumption over the next two
periods is determined by the current level of consumption and the one-step and two-step ahead
per-period stochastic growth rates of consumption, g;1; and g;1o. Consumption is assumed
to be strictly positive in all periods.

We define u(c) as the agent’s utility from consumption, such that u(c) > 0 Ve > 0,
u'(c) > 0Ve >0, and u (¢) <= 0Ve > 0. The wishful thinker’s expected utility from
current and future consumption is

Up =u(c) + 5/g u(ce(1 + ge41)) f(ge+1)dgera+
o (D.1)
32 /gt+1 /gt+2 u(ce(1+ grr1) (1 + ger2)) f(9er1, Ger2)dgir2dgea

where the functional f(.) denotes the wishful thinker’s subjective distribution of future
consumption growth, and £ is a time-discount coefficient such that 0 > 3 > 1. Equation (D.1))
suggests that the agent could increase his anticipation of future utility from consumption by
selecting a subjective probability distribution of future consumption growth that assigns larger
(smaller) probability to states of higher (lower) growth/[T]

To discipline the agent’s selection of subjective beliefs, we introduce a cost of belief dis-
tortions that is modeled in the spirit of Hansen and Sargent (2008) and (Caplin and Leahy
(2019), as a Kullback-Leibler divergence of the wishful thinker’s chosen distribution f(.), from
the econometrician’s non-distorted probabilistic assessment, which we denote with the func-
tional f(.). Thus, the cost of distorting beliefs takes the following form:

. 1 f(gi11)
Ci =5 [ﬂ [ F iy g

(D.2)

(
"’52/ / f(gt+179t+2)lnMd9t+2th+l
gt+1 J g2 f(gt—i-h gt+2)

!The model could in principal be extended to incorporate an investment decision that shifts consumption
across time and states of the world. However, this addition to the model would not only make it more difficult
to provide a solution of the wishful thinker’s problem in closed form, but it would also introduce similarities
between our analysis here and the analysis of horizon bias under optimal expectations in Appendix [1.3.1]
Since here we aim at investigating the specific implications of wishful thinking for horizon bias, we prefer a
simpler setting where the only trade-off the agent faces when forming beliefs is the key one in [Caplin and
Leahy| (2019)).
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The first term in Equation (D.2) captures the cost of distorting the beliefs of one-step
ahead consumption growth. The second term of the Equation captures the costs of distorting
beliefs 2 periods into the future.ﬂ The parameter 6 determines how costly it is to engage in
wishful thinking. 6 will be small (i.e., ceteris paribus, a larger C;) when it is too difficult to
engage in practices such as information avoidance or self-deception and denial of incoming
information, that help maintain one’s optimistic views about the future.

For the purpose of the discussion below, we follow |Caplin and Leahy| (2019) and assume
that the wishful thinker’s beliefs are consistent with the laws of probability, and in particular
f(gix1,9e42) = f(ge1) f(gir2]gir1). Thus, we can write the wishful thinker’s program as
follows:

Mazx Ut—C't:

F(gt+1),f(gt+21gt+1)

{U(Ct) + 5/ u(ci(1+ gey1)) f(grr1)dgesa+

gi+1

52/9 /g u(ci(1+ ger1) (1 + git2)) f(9er1) f(Ger2|gea1)dGer2dgisn
t+1 t+2

1 f(ge41)
7 [5 - f(gt+1)ln7(gt+l)dgt+1+
f(

52 /gt+1 /gmf(gt+1)f(9t+2|gt+1)lnf<z:1

)f(9t+2|9t+1) ]}
= dgi+2dgi 1
)f(9t+2|gt+1) Grea@ies

(D.3)

To specialize Equation (D.3|) to study how wishful thinking can distort macroeconomic
expectations, we now impose some additional structure that is natural in this setting. We
assume that the econometrician’s model for g;;1 and g, is as follows:

Gt+1 = Mg +YGt + €141

: (D.4)
Jt+2 = Pg + VGi+1 + €142

where g refers to the unconditionally demeaned per-period growth rate,e;, ; ~ N(0,02) Vj >
0 and cov(€éprs, €145) = 0 Vi, s, and |y| < 1. In other words, the econometrician believes
growth in consumption to evolve as a standard stationary AR(1) process with mean f,, per-
sistence v, and normally distributed and serially uncorrelated innovationsﬁ Therefore, We
can restate these beliefs in terms of f(g;11) and f(giy2|gis1):

2Like in (Caplin and Leahy (2019) the cost of distorting beliefs concerning outcomes that are realized h
periods into the future is expressed as the cost of a sequence of beliefs up to horizon h.

3With normally distributed growth innovations, consumption can sometimes become negative. On the
other hand, for sufficiently small values of o, the likelihood that this occurs is small.
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f(ge41) ~ N (Ng + 3t 052)

e (D.5)
[(G142|gt41) ~ N (Mg + Y9t+1, Ue)

Next we hypothesize that the wishful thinker believes the law of motion of g;,; and g;1o
to be:

Jtr1 = pg + gt + Bst, + €141

: (D.6)
Gtv2 = fg +Ygry1 + Bst .y + €42

Like the econometrician, the wishful thinker also believes that consumption growth to
have an autoregressive behavior, and agrees on the parameters governing such AR(1) law of
motion, as well as the distribution of the innovations in consumption growthﬁ However, the
wishful thinker deviates from the econometrician’s model due to the presence of terms Bgr,
and Bgr,,,. These two terms reflect the wishful thinker’s bias in beliefs of one-step ahead
growth at time ¢ and ¢ + 1 respectively. These are to be determined endogenously as part
of the wishful thinker’s maximization problem. So, the relevant wishful thinker’s probability
distributions are

f(gt—H) ~ N (ﬂg + ’ygt + BSTt7 0-62) (D 7)
f(gt+2’gt+1> ~ N (Ng + 7Gi1 + BSTt+1? 062)

Having imposed this simple, yet reasonable, structure, we are able to restate U; and C} in
the wishful thinker’s decision problem as a function of Bgr, and Bgr,_;:

4In principal, nothing prevents the wishful thinker from selecting from a wide range of possible laws of
motion for consumption growth, or using different model parameters. However, deviating entirely from the
econometrician’s model entails a cost which can be very large. In the wishful thinker’s world, the costs of
choosing beliefs is linked to how easy it is to refute the wishful thinker’s choice. Since the parameters of
an autoregressive model are easily estimated with data that is publicly available, the cost of avoiding such
data and choosing different parameters can be large. Moreover, the AR(1) law of motion is a rather simple
and standard model of macroeconomic growth. Thus, If the wishful thinker chose to believe in an entirely
different law of motion and a different probability distribution for the innovations of the growth process, the
costs of justifying it to himself or to others could be too high to bear. One way to restate all the above
is that, to the extent that experts mostly agree on the law of motion of consumption growth, and use the
same data to estimate model parameters, there is little divergence of experts’ opinion to allow the wishful
thinker to disregard such a united front of expert opinions. Finally, we impose that the wishful thinker believes
innovations in consumption growth to be normally distributed for mathematical convenience.
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U = u(cr) + 8 {U(Tﬂ) + e (Gn) (VG + BSTJ]
+ 2 [U(Ct+2) + Gt (32) (7(1 4 7) i + (1 + ) Bor, + BSTt+1)}

C—B_’_BQ (BSTi>2—|—52 BSTt+1 ’
DY’ O 20 o,

(D.8)

where &7 = (1 + py) and &2 = (1 + p,)? and the equation for U; is obtained after
linearizing the wishful thinker’s utility function with respect to ¢;y1; and g;1» around the
long-run mean of consumption growth, z,.

Solving the maximization problem yields:

9 2 , ’
By, = Bfeﬁgct B (@) + B2(1 + po)u (@72) (1 + 7)) (D.9)

* N
Bgr,,, = bocu (Cir2)

To see under what conditions wishful thinking generates the horizon bias, we now express
the wishful thinker’s expectations of gi+1 and g2 at time ¢ as a function of Bg,, and By, .

Using Equation , we obtain:

E""(gi41) = pg +v9: + Bér,

~ N . (D.10)
EN T (gigs) = Hg + VG + Bsr, ., 785,

where EW7(.) indicates the wishful thinker’s expectations operator. Equation (D.10)) nests
the econometrician’s rational expectations of growth as a special case. Such case arises when
B%r, = Bgr,,, = 0, a solution to the wishful thinker’s problem that obtains when the costs of
wishful thinking are too high (i.e., % tends to infinity), or there is no uncertainty over future
consumption growth, i.e., 0> = 0. Based on the above, we can write an equation for horizon
bias under wishful thinking:

ppw = [P (@) —7)] ll +8 ( 1 ()

14+ 1—7
(D.11)

Given the assumptions of non-satiation, strictly positive consumption, and stationarity
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of the growth process, the first term in brackets in Equation [D| is positive in all periods.
Therefore, what determines the sign of horizon bias is the second term in brackets in Equation
Dl

Rearranging this second term, we obtain the following condition for a positive horizon bias:

Proposition 1: Under wishful thinking, horizon bias in growth expectations arises if

u'(Cri2) - 1—v
W (1)~ (L4 pg)(1+ 57?)

Proposition 1 is easily satisfied in practice. First note that, empirically, 1, > 0 i.e., on
average economic growth is positive. Given positive long-run economic growth, the left hand
side of the inequality in Proposition 1 is bounded to be lower than 1 due to decreasing marginal
utility of consumption. Therefore, the model can deliver a positive horizon bias if and only if
the right side of the inequality in Proposition 1 is lower than 1. This obtains for 0 < § < 1
and for 1 > v > 0, i.e., a non-negative persistence of economic growth, which is observed in
practice

Corollary 1: If the condition in Proposition 1 holds, horizon bias grows more positive when
consumption growth uncertainty increases, i.e.,

OHBWT

2
0o’

>0

Corollary 2: If the condition in Proposition 1 holds, horizon bias grows more positive when
the cost of wishful thinking declines, i.e.,

OHBWT

50 >0

°In fact, for pu, > 0 the range of values of v for which the horizon bias condition can be satis-
fied is broader, since the right hand side of the inequality in Proposition 1 is lower than 1 when v <

1 —1—-/1-4B(1+pg)pg —1+4/1-48(1+pg) g
’ 2(1+pq)B 2(1+pg)B
horizon bias can obtain even for processes with mild negative correlation. Moreover, when p, is sufficiently

high, horizon bias can also obtain for processes with very large negative autocorrelation.

max or v > min(1 . An inspection of this condition reveals that
( ) or vy (1, P
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