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Essay I (with Davide Cipullo): This essay introduces macroeconomic forecasters as new
political agents and suggests that they use their forecasts to influence voting outcomes.
The essay develops a probabilistic voting model in which voters do not have complete
information about the future economy and rely on professional forecasters when forming beliefs.
The model predicts that optimal forecasters with economic interests (stakes) and influence
publish biased forecasts before a referendum. The theory is tested using data surrounding the
Brexit referendum. The results show that forecasters with stakes and influence released more
pessimistic and incorrect estimates for GDP growth subject to the leave outcome than other
forecasters.
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method computes the timing effect and the forecaster’s ability (performance) simultaneously.
Simulations demonstrate that evaluations that do not adjust for the differences in information
may be misleading. The method is also applied to a real-world data set of 10 Swedish forecasters,
and the results show that the forecasters’ ability ranking is affected by the proposed adjustment.
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Introduction

“Difficult to see. Always in motion is the future.”
— Yoda, The Empire Strikes Back

The future is uncertain. When we think about buying a home, changing job,
voting for a politician, or applying to college, our decision is based on our
expectations about the future. Such expectations are forecasts. We can often
do the forecasting ourselves. Before leaving our homes, we form expectations
about the weather to decide whether we should bring an umbrella. Based on
our knowledge of the season and a glance through the window, we can roughly
assess the probability of rainfall. Other times we need help from experts.
When planning an outdoor party, days in advance, we might tune in for the
news’ weather segment for a multi-day forecast from the TV meteorologist.
Likewise, when deciding whether to subscribe to a mortgage with fixed or
variable interest rates, we might read the recommendation from the newspaper
experts and consult our local bank office.

Forecasting is important. Firms, households, and policymakers constantly
produce forecasts. For example, firms routinely forecast sales to guide their
strategic planning; forecasting plays a key role in marketing decisions; busi-
nesses, households, and governments use many different forecasts in their bud-
geting process. All of us continuously form expectations about the future.
Hence, we are all forecasters. In fact, forecasting is so important that some
have made it their career and livelihood. We call them professional forecast-
ers. We turn to these professionals for expert guidance when making important
decisions. The question is: can we trust them?

In the episode “The Weatherman,” of the TV-series “Curb Your Enthusi-
asm,” the main character, Larry David, accuses the weatherman of having al-
ternative motives. In the episode, Larry’s friend cancels their next day round
of golf due to a rain forecast. When Larry wakes up the following day, he
notices it is sunny and a clear blue sky. Larry then starts to outline his hypoth-
esis: “Predicts rain. Doesn’t rain. It is not the first time this has happened.”
Larry then questions whether the weatherman merely forecasts rain to keep
everyone off the golf course so that he can have it for himself. To investigate
his theory, Larry heads down to the golf course, and lo and behold, he finds the
weatherman on the ninth hole on an otherwise wide-open course. In fact, there
is something to Larry’s observation: “Predicts rain. Doesn’t rain. It is not the
first time this has happened.” In weather forecasting, wet bias is an established
term. The term refers to the often observed phenomenon that weather forecasts
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consistently predict a higher probability of rainfall than occurring. Despite my
sympathy for Larry’s theory, golf incentives are unlikely to be the cause of the
wet bias. However, one potential explanation is, according to Silver (2012),
alternative objectives. The TV meteorologists might expect a greater backlash
from the viewers if it rains when it is not supposed to, compared to predicting
rain when it turns out to be a nice day. Larry’s reaction does, however, suggest
the opposite.

Also economic forecasts can be biased. For example, Charemza and Ladley
(2016) show that central banks’ inflation forecasts have a bias towards the
inflation targets. Hence, central banks tend to predict a return to the target that
is too rapid. A bias can be both intentional and unintentional. In the case of
central banks’ inflation forecasts, the bias can arise due to both. It could be
that the central banks are overconfident in their ability to conduct monetary
policy. In such a case, they will unintentionally introduce a bias towards their
target. The bias can also arise intentionally from an attempt to create a self-
fulfilling prophecy. Suppose firms and households believe the forecast of a
rapid return to the inflation target. In that case, they may act in such a way that
it becomes self-fulfilling to some degree.

As with anything else, there are good and bad forecasts. It is also the case
that some things are easier than others to predict. While meteorologists strug-
gle to predict rainfall days in advance, they can accurately predict the sun-
rise and sunset time. They predict the sunrise/sunset with accuracy within a
minute, and they can do so years in advance. Economic forecasting is not
straightforward. However, as with weather forecasting, it is generally easier to
predict a realization in the next week than a realization years into the future.
One challenge with economic outcomes is that they are a result of human deci-
sions. Hence, an economic forecaster needs to understand and predict human
behavior. This is undoubtedly challenging. In addition, economic outcomes
are affected by nature. For example, a drought in South America lowers the
crop yield, triggering a global rise in food prices. Predicting food prices is
then easier in the short-term than in the long-term since we have a better un-
derstanding of the current crop yield than the crop yields years ahead.

The current ongoing COVID pandemic also demonstrates the challenge
of doing economic forecasts. In January 2020, the consensus 2020 GDP
growth among Swedish forecasters was 1.1%. By April 2020, this figure had
been revised down to −5.6%. Some might think that the January estimates
merely reflect that economists do not understand epidemiology. However, also
the experts failed to see the coronavirus impact. On January 14, 2020, the
World Health Organization tweeted: “Preliminary investigations conducted
by the Chinese authorities have found no clear evidence of human-to-human
transmission of the novel #coronavirus (2019-nCoV) identified in #Wuhan,
#China.” It is then fair to say that it is was challenging to predict the 2020
economic downturn.
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Given that economic forecasting is challenging, most of us rely on profes-
sionals to do the job for us. The professionals can put more time and resources
into their forecasts, and they are likely to outperform most of us even if also
they struggle from time to time. The economic outlook is often presented in
mass media and rests on the work of the professionals. Given that we form ex-
pectations and make important decisions based on forecasts from profession-
als, we must clearly understand these forecasters’ objectives, motives, and
performances. The aim of this thesis is to contribute to this understanding.
Hence, the thesis is about the behavior and performance of macroeconomic
forecasters. The thesis consists of four independent essays. The first two es-
says introduce political incentives in macroeconomic forecasts. The essays
show that forecasters who prefer a particular outcome in an election or refer-
endum will try to influence voters’ beliefs by releasing biased forecasts. The
other two essays study the efficiency and performance of forecasters with a
focus on the role of information content. Specifically, how forecasters use in-
formation from competitors and how crucial it is to consider the timing and
information when assessing forecast performance.

The Essays
Essay I: Biased Forecasts to Affect Voting Decisions? The Brexit Case
The first essay is co-authored with Davide Cipullo and studies the relationship
between macroeconomic forecasters and voters in times of a referendum. In
the essay, we introduce macroeconomic forecasters as new political agents in
a probabilistic voting model, and we suggest that they use their forecasts to in-
fluence voting outcomes. We model a setting similar to the Brexit referendum,
where voters have to decide between remaining in status quo and leaving for
an alternative. We assume that voters have incomplete information when as-
sessing the two alternatives. When forming expectations, voters update their
beliefs relying on macroeconomic forecasts from professionals. Voters who
care about the economy and have individual ideological preferences vote for
the alternative that yields them the highest utility.

Macroeconomic forecasters are assumed to have heterogeneous economic
interests in the outcome of the referendum. Some forecasters prefer one of
the alternatives, and they do so to different degrees. A forecaster who prefers
a specific outcome in the referendum will, due to the information asymmetry,
have incentives to publish biased information in an attempt to swing the voters
to the preferred outcome. One important aspect is that forecasters are not
equally influential: some of them can influence voters more than others.

The decision problem of forecasters becomes rather complicated as they
have a multidimensional objective. They are assumed to minimize forecast er-
rors. They are also assumed to care about consistency over time. In addition,
they have to balance the attempt to influence the referendum result. The de-
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cision is further complicated by the presence of other forecasters, which gen-
erates a common pool problem. In other words, each forecaster must respond
optimally to the best decision made by all other forecasters in the economy.
It is also the case that the decision problem becomes highly nonlinear since
the probability of victory for an outcome in the referendum is endogenous and
dependent on the released forecasts.

The theoretical model predicts that it is optimal for forecasters with eco-
nomic interest (stakes) and influence to publish biased forecasts prior to a
referendum. We test this theory using high-frequency data at the forecaster
level surrounding the Brexit referendum.

In the empirical analysis, the goal is to compare the forecasts for GDP
growth published by forecasters with stakes and influence to those released
by other institutions. To do this, we use three different measures of stakes: be-
ing a financial institution, being located in the City of London, and the stock
market drops the days after the referendum results. In order to determine
the influence, we use several Google-based measures. The empirical strategy
then involves estimating a dynamic difference-in-differences model surround-
ing the Brexit referendum. The results show that forecasters with stakes and
influence released much more pessimistic and incorrect estimates for GDP
growth subject to the leave outcome than other forecasters.

The essay extends two strands of literature. First, the information bias of
political agents and second, the strategic behavior and objective function of
macroeconomic forecasters. The results are of high importance. The propa-
ganda bias reduces the welfare of voters, who, in equilibrium, may not cast a
vote for the preferred choice. The results also have broader implications, as
the paper highlights that we need to consider electoral incentives in macroe-
conomic forecasts more generally.

Essay II: Electoral Cycles in Macroeconomic Forecasts
The second essay builds on the implications from the first essay. Also co-
authored with Davide Cipullo, the second essay documents the existence of
Political Forecast Cycles. There is a large literature on Political Business Cy-
cles and Political Budget Cycles. The early literature by Nordhaus (1975)
on political business cycles provided models where politicians exploit the so-
called Phillips curve by inflating the economy during election years to reduce
unemployment, to gain an electoral advantage. Rogoff and Sibert (1988), Ro-
goff (1990), and others, expanded the literature to variables such as taxes,
government spending, and deficits, resulting in the vast literature on political
budget cycles. This essay extends the concept to macroeconomic forecasts. In
the essay, we ask whether governments release overly optimistic GDP growth
forecasts ahead of elections to gain an electoral advantage. The essay provides
a theoretical rationale and empirical evidence of such behavior.

We consider a model of political selection consisting of voters and one in-
cumbent who faces a random opponent during an election. In the model, the
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ability of politicians impacts fiscal policy that contributes to GDP growth. We
task the government (the incumbent politician) with supplying forecasts about
the economy to the public. We assume that voters observe these forecasts via
mass media and use these observations to form beliefs about the politician’s
ability. However, given that the government is a prime source for forecasts
about the economy, there will be an incentive for the incumbent government
to manipulate the forecasts to influence the voters. The key trade-off is in the
hands of the incumbent, who needs to balance reelection incentives and the
reputation cost of lying.

We use forecaster-level panel data from the United States, the United King-
dom, and Sweden to empirically test key model predictions. We employ a
difference-in-differences approach for each country that allows us to com-
pare government with non-government forecast errors in and out of cam-
paign periods. This allows us to identify whether the government behaves
differently during campaign periods than other forecasters compared to itself
in non-campaign periods. The empirical results confirm key model predic-
tions. Specifically, we document that governments overestimate short-term
GDP growth by 10 to 13 percent during campaign periods. Furthermore, we
find that the bias is larger when the incumbent government is not term-limited
or constrained by a parliament led by the opposition. Consistent with the
model, we also find that the election timing and amount of available informa-
tion determine the size of the bias at different forecast horizons.

The theoretical model highlights an important equilibrium condition. If
voters are rational and discount the bias, the incumbent does not gain any ad-
vantage in equilibrium. Yet, the incumbent faces a utility (reputation) loss due
to her estimates’ low accuracy. If voters instead are naive, then the bias will
be effective and foster the reelection probability, resulting in an incumbency
advantage. Hence, the model clarifies the rationale behind an election cycle
bias both in the case of naive and in the case of sophisticated voters. The bias
arises from lack of commitment if voters are rational and from manipulation of
voters’ beliefs if they are naive and do not expect the incumbent to be biased.
From the politician’s view, the problem is similar to a prisoner’s dilemma sit-
uation, while the voters solve a problem similar to a matching pennies game.

In addition to a loss in voter welfare, biased forecasts could also be dam-
aging to the economy in a broader perspective. Coibion et al. (2018) show
that firms care about macroeconomic variables such as GDP, inflation, and un-
employment. They also show that firms update their beliefs (forecasts) when
presented with forecasts from professionals. Furthermore, Tanaka et al. (2019)
show that firms’ GDP forecasts are associated with their investment and em-
ployment choices. Hence, biased forecasts could result in biased and ineffi-
cient firm and household choices if they fail to account for the bias.
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Essay III: Inefficient Use of Competitors’ Forecasts?
The third essay assesses the extent to which macroeconomic forecasters make
efficient use of forecasts from their competitors. The premise of the essay is a
world with incomplete and private information. In such a world, an important
source of information for a macroeconomic forecaster is the forecasts of the
competitors. It is well established in the forecasting literature that it is optimal
to pool information from many forecasters (see, e.g., Zarnowitz, 1984 and
Hendry and Clements, 2004). The typical empirical finding is that consensus
(average) forecasts are more accurate over time than individual forecasts. This
essay evaluates whether forecasters adopt this well-established result in their
work or not.

The essay takes an empirical starting point using a large panel of forecast-
ers. The results suggest that forecasters do not make efficient use of infor-
mation from their competitors. More specifically, forecasters underuse the
available estimates from their competitors in their estimates for current and
next years’ GDP growth and inflation. The essay then studies several hetero-
geneities and finds that forecasters appear to behave differently at different
horizons. When they are far away from the realization of the outcome, the
attention to competitors is at its minimum. As the realization of the outcome
emerges (i.e., the forecast horizons decreases), forecasters start to increase the
attention to others and start to behave more optimally.

In order to understand these empirical findings, a theoretical model of be-
lief updating is adopted. A baseline model with noisy and private information
supports the underuse interpretation and predicts that it is optimal to pay con-
siderable attention to competitors’ work. However, these interpretations are
based on the baseline assumption that forecasters only try to minimize forecast
errors. Two different extensions to the baseline model are made to consider
alternatives to pure inefficiency.

First, the findings of this essay arguably do not reflect pure cognitive bias.
In particular, overconfidence—which leads to the overweighting of private
information—is unlikely to be the sole explanation for the observed behavior.
A back-of-the-envelope calculation shows that for overconfidence to explain
the observed behavior, forecasters need to think that the precision in the pri-
vate signal that they receive is 100 times more precise than the private signal
received by any competitor. This is deemed to be highly unlikely.

Second, the model is extended so that forecasters have to pay a cost when
revising forecasts. This cost captures a preference for consistency. The exten-
sion introduces a trade-off between minimizing the forecast errors and mini-
mizing the revisions. However, the essay shows that the revision cost model
can only match the observed horizon heterogeneity in the data if it is assumed
that the cost from revisions and the cost from forecast errors have asymmetric
horizon discounting.

These results highlight that the objective function of forecasters seems to
differ from the often assumed objective of pure forecast error minimization.
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Specifically, that the forecast horizon matters for the strategic behavior and
efficient use of competitors’ information. In order to optimally use and evalu-
ate forecasts, users of forecasts need to understand the objective and nature of
the forecasters. The results of this essay contribute to this understanding and
argue that forecasters are either inefficient or minimizing more than forecast
errors.

Essay IV: Adjusting for Information Content when Comparing Forecast Per-
formance
The fourth essay is co-authored with Michael K. Andersson and Ted Aranki,
and is published in the Journal of Forecasting.1 The essay studies the role of
timing and information when assessing forecast performance.

Since many important economic and political decisions are based on eco-
nomic forecasts it is crucial that these predictions are as accurate as possible.
Therefore, evaluations are regularly undertaken to assess the performance of
forecasts and the forecasters. This essay points out that cross-institutional
forecast evaluations may be severely distorted by the fact that forecasts are
made at different points in time, and thus with different amounts of infor-
mation. In the essay, we propose a statistical method to account for these
differences when analyzing an unbalanced panel of forecasters.

The situation that we have in mind is the following. Suppose we have a
set of forecasters that are forecasting each years GDP growth. In addition,
suppose that forecasters are releasing their forecasts during different months
during the year. Comparing the performance of the forecasts released in, for
example, May to the ones released in August would be misleading since the
August forecast had access to a couple of months of more information.

The aim of this essay is to compute and control for differences in infor-
mation content that arise due to timing differences. The method estimates a
timing effect and the forecaster’s ability simultaneously. We perform a Monte
Carlo simulation to demonstrate that evaluations that do not adjust for the
differences in information content may be misleading. We find the simula-
tion helpful since it allows us to test the method in a controlled environment.
However, the method is also applied to a real-world data set of 10 Swedish
forecasters for the period 1999–2015. The panel data is unbalanced and the
results show that the performance ranking of the forecasters is affected by
the proposed adjustment. Consequently, when adjusting for timing and the
information content we change our assessment of the relative ability of the
forecasters. Hence, the proposed method in this essay extends the toolbox
available to evaluate forecast performance.

1Published as Andersson, M. K., Aranki, T., and Reslow, A. (2017), Adjusting for Information
Content when Comparing Forecast Performance, Journal of Forecasting, 36(7):784–794.
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A Primer on Forecast data
In the context of this thesis, a forecaster should in general not be seen as an
individual person. You should rather think of a forecaster as an institution
or firm. Private banks, research institutions, consultant agencies, government
agencies, and labour unions, are some examples of forecasters occurring in the
data used in this thesis. We call them macroeconomic forecasters since they
provide forecasts for macro variables such as GDP growth and inflation.

All the forecast data used in this thesis follow the same structure. The
forecasts refer to current and next years’ annual growth rates. For example, if
we observe the release of a forecast in April 2021, that forecast would contain
an estimate for the 2021 (current) year’s GDP growth rate, and an estimate for
the 2022 (next) year’s GDP growth rate. Hence, at each forecast release we
observe forecasts with different horizons (the current and next year). During a
year, we can observe multiple forecasts released from a forecaster. Hence, we
observe for each targeted outcome multiple forecast at different horizons.

Figure 1 illustrates the structure of the data. In the left panel we see that
a forecast released during the second quarter of 2021 targets two different
outcomes: the 2021 and the 2022 years’ annual growth rates. Suppose now a
forecaster that releases a new forecast each quarter. In that case, there exists 8
different forecasts for each year’s outcome. This is illustrated in the right panel
of Figure 1. Note that we would expect the forecast for the 2022 outcome
released in Q4 of 2022 to be more accurate than the forecast released in Q1 of
2021. This expectation rests on the fact that a forecaster has more information
at the shorter horizon. The horizon is generally thought of as the distance in
time between the release of the forecast and the realization of the outcome.

Q1

2021

Q2 Q3 Q4

2022

Q1 Q2 Q3 Q4 Q1

2021

Q2 Q3 Q4

2022

Q1 Q2 Q3 Q4

Figure 1. Structure of Data
Notes: The top-row boxes represent different forecast release dates, and the bottom-row boxes
represent the different outcomes that is the target of the forecasts.
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Ten Commandments
Phil Tetlock ends his book Superforecasting with Ten Commandments for as-
piring superforecasters (Tetlock & Gardner, 2015). Tetlock’s commandments
provide a useful takeaway of the key themes in his book for how we all can
become better forecasters. The main theme of my thesis is the behavior (or
misbehavior) of macroeconomic forecasters. Hence, the main takeaways of
this thesis can best be summarized in guidelines for the users of forecasts.

Ten Commandments for Users of Forecasts
(1) Use the consensus rather than a individual forecast

Is is generally the case that the consensus (average) forecast is better than the
forecast from an individual forecaster. This is well established in the forecast-
ing literature and further supported by the results in this thesis. Hence, users
of forecasts are advised to use information from several forecasters.

(2) Be aware that forecasters have different abilities

Some forecasters are better than others. Many factors determine the quality
of the forecasts. Some forecasters have more resources than others, and some
have more or better information than others. Hence, when we use forecasts,
we need to assess the quality of our source. For example, it is ex-ante likely
that a Swedish bank makes a better forecast of the future house prices in Swe-
den than a foreign bank.

(3) Use a weighted average if possible

Given that forecasters have different abilities (as stated by the second com-
mandment), you can improve on the first commandment. You can outperform
the consensus (unweighted average) forecast by creating a weighted average
based on the different abilities. However, this relies on you knowing (or accu-
rately predicting) the true abilities of the forecasters.

(4) Remember that the forecast horizon matters

The forecast horizon (i.e., the distance between the release of the forecast and
the realization of the outcome) matters. Forecasts with shorter horizons are
generally better than forecasts with longer horizons. Remember that the hori-
zon might impact the strategic behavior of the forecasters.

(5) Gather as much information as possible

It is usually the case that we make better decisions the more information that
we have. Gathering more data ourselves is beneficial, as is gathering more
forecasts. Having more and better information about the forecasters’ objec-
tives is beneficial, as is having a good understanding of their performance and
ability.
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(6) Do not be overconfident, but remember that most of us are

Overconfidence is “the mother of all biases.” Do not overestimate your own
ability. Seek information from others, but be aware that also your source of
information might be overconfident. Even professional forecasters are likely
to be overconfident and overestimate their forecast ability.

(7) Think of the underlying objectives

Think of the underlying objectives when you observe a forecast. Try to figure
out if the forecasters’ objectives are in line with your own. When thinking of
their objectives, the natural starting point is to assume that they try to minimize
forecast errors. However, there can be more to it. They might, for example,
have consistency concerns (minimize revisions).

(8) Do not be naive

The forecaster might be lying! Do not be naive and think that the forecaster
can not have alternative motives. The forecaster might be trying to influence
your beliefs to their benefit. The weatherman might be manipulating your golf
plans; the central bank might try to manipulate your inflation expectations;
and the government might try to influence your voting decision.

(9) Be aware of the perils of commitment solutions

Try to find a way for the forecaster to not act on alternative motives, but be
aware of the perils of different solutions. Outsourcing is a potential but not in-
fallible commitment device. Consider, for example, the problem when politi-
cians outsource the forecasting task to another agency. If the managers or
workers of that agency are appointed, paid, and otherwise dependent on the
politicians, they might act to please their superiors.

(10) Strike a balance between following commandments and living life

Following commandments might be exhausting. You need to balance the cost
of following commandments with the benefit of forming better expectations.
Some forecasts are more important than others. Your weather expectations
for your normal workday is likely to be less important than those for your
wedding day. Do the hard work and invest the resources where they matter the
most and yield the highest return.
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1 Introduction
Several issues of great economic relevance have recently been addressed using
referenda: the referendum held in the United Kingdom to leave the European
Union, the referendum held in Greece on the agreements with the EU institu-
tions to solve the debt crisis, the referendum held in Italy on a major change
to the national Constitution, and the referendum held in Catalonia on the in-
dependence from Spain. Many of the debates leading up to those referenda
focused on the potential effects on economic growth, using estimates pub-
lished by professional macroeconomic forecasters. Economic forecasts can be
easily communicated to and understood by voters, even if advanced compe-
tence, modeling, and equipment are required to produce a forecast. Voters can
use the forecasts to obtain information about economic variables, such as GDP
growth, before turning to the ballot.1 In many public debates, economic fore-
casts are taken as a given, without considering that the institutions publishing
the forecasts may be promoting their interests.

In this paper, we introduce macroeconomic forecasters as political agents
and argue that they may exploit their information advantage to influence the
voting process. Our approach combines a simple theoretical framework, which
shows how forecasting institutions can profit from the asymmetry of informa-
tion with respect to voters, and an empirical analysis, which uses a panel of
forecasters surveyed every month before and after the Brexit referendum. Dif-
ferent forecasters face different incentives. First, a forecaster has incentives to
favor one of the outcomes at the expense of the other if they have an economic
interest to defend, and the referendum outcome threatens this interest. Second,
a forecaster can have an impact on the outcome of the decision-making pro-
cess only if she is influential enough. The model predicts, and the empirical
results confirm that forecasters with stakes in and influence over the referen-
dum decision released more pessimistic and more incorrect estimates of GDP
growth rate than the other institutions.

We set up a probabilistic voting model in which voters do not have com-
plete information about the potential states of the economy after a referendum
and therefore rely on professional forecasters to form beliefs. In the model,
the voters’ decision rule is to support the outcome that yields them the high-
est utility (Lindbeck & Weibull, 1987). Still, voters’ beliefs on the potential
states of the economy depend on published forecasts rather than on the states
themselves. Forecasters’ economic interests (stakes) in the outcome are het-
erogeneous, and some can influence voters’ beliefs more than others. Fore-
casters with stakes and influence face a trade-off between the accuracy of their
forecast and the attempt to influence the referendum result. Accuracy is mea-

1The relationship between voters and macroeconomic forecasters can be understood in the light
of Downs (1957). Rational agents lack incentives to invest in collecting costly information
before voting because the probability of casting the decisive vote to swing the election outcome
is negligible.
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sured by the forecast error, whereas the information asymmetry provides the
opportunity to influence the voters. In equilibrium, forecasters with stakes and
influence release intentionally biased forecasts to make swing voters change
their voting decision. The model predicts the presence of an extensive as well
as an intensive margin of propaganda bias. Forecasters with positive stakes
and influence are more likely to release incorrect forecasts than other forecast-
ers, and the size of the propaganda bias is increasing in both parameters. After
the vote, forecasters face a trade-off between accuracy and consistency of their
estimates, so that the propaganda bias is observable in the subsequent releases
after the vote.

We test our theory using high-frequency data at the forecaster level col-
lected in connection with the EU membership referendum (also known as the
Brexit referendum) held in 2016 in the United Kingdom. In the empirical
analysis, we compare the forecasts for GDP growth published by forecasters
with stakes and influence to those released by other institutions. We use three
different measures of stakes: being a financial institution, being located in the
City of London, and the stock market drops the days after the referendum re-
sults. In order to determine the influence of each forecaster, we use several
Google Trends and Google News measures.

The Brexit referendum is ideal for testing our theory for at least two reasons.
First, the economic consequences are difficult to predict for voters since no
country had previously experienced a retreat from the EU. Second, several
forecasters have economic interests threatened by Brexit. Third, we document
that voters were actively searching for information about the economic effects
of the referendum approaching the vote.

We document that forecasters with stakes and influence released short-run
GDP growth rate estimates subject to the Leave outcome that were between
0.6 and 0.8 percentage points lower than the estimates released by other insti-
tutions. The actual outcome for GDP growth in 2017 shows that these fore-
casters were more incorrect than other institutions and that the propaganda
bias explains up to 50 percent of the short-term forecast errors. We also find
that the difference between the groups of forecasters comes primarily from
pessimistic forecasts on investments and trade exposure. In addition, we test
the implications of our model at the intensive margin. The results confirm the
theoretical prediction of increasingly more pessimistic forecasts when either
stakes or influence increases. The empirical setup at hand does not allow to es-
timate the impact of the propaganda bias on the voters’ decision, which would
require the comparison with a counterfactual world in which forecasters re-
lease unbiased estimates. However, daily-level survey data from the British
Election Study show that the release of pessimistic pre-referendum reports af-
fected voters’ beliefs about the issues at stake, and increased the interest in the
referendum and the willingness to vote.

The propaganda bias is estimated in proximity to the referendum, while
forecasts released by different institutions converge within a few months after

23



the vote. The convergence is consistent with a two-fold interpretation. First,
after the result was realized, there was still scope for forecasters to influence
the implementation of a hard or soft Brexit. Second, they might have decided
to adjust their forecasts slowly to preserve their credibility, in line with the
trade-off between accuracy and consistency after the vote postulated in the
theoretical model.

Mass media are a key channel through which voters receive relevant infor-
mation, including forecasts. However, we address and rule out the possibility
that our results are driven by voters’ selective exposure to information consis-
tent with their prior beliefs and by forecasters’ biased beliefs on the economic
effects of the referendum on the economy. First, we exploit the variation
across newspapers in the number of estimates published by each forecaster
in the sample. The results exclude that forecasters whose forecasts are more
likely to be read by a pro-Remain or progressive audience are the drivers of
our findings. Second, we compare our main results with comparable periods
after the vote and with other major shocks to the UK economy to assess that
forecasters with stakes and influence do not tend to underestimate GDP growth
in connection with negative economic shocks.

This paper extends two strands of literature. First, earlier literature has
shown that special interest groups (see, e.g., Baron, 1994; Besley & Coate,
2001; Grossman & Helpman, 1996) and media (see, e.g., DellaVigna et al.,
2014; Enikolopov et al., 2011; Qin et al., 2018) are active players in the polit-
ical economy and may release biased pieces of information in order to affect
individuals’ beliefs and, in turn, voting behavior (Durante et al., 2019; Martin
& Yurukoglu, 2017). Our theoretical model and empirical results suggest that
also macroeconomic forecasters exploit their information oligopoly to influ-
ence voters’ beliefs. Second, the strategic literature on the behavior of fore-
casters, Laster et al. (1999) develop a theoretical model in which forecasters’
payoffs are based on two criteria: their accuracy and their ability to generate
publicity. There is a trade-off between the two as efforts to attract public-
ity compromise accuracy (see also Croushore, 1997; Marinovic et al., 2013;
Ottaviani & Sørensen, 2006). Our theoretical model proposes an alternative
trade-off and shows that the strategic behavior of macroeconomic forecast-
ers can also be generated by a propaganda bias coming from the attempt to
influence voters.

The propaganda bias may reduce the welfare of voters, who, in equilibrium,
may not necessarily cast a vote for the preferred choice compared to a world
with unbiased forecasters. Naive voters are predicted to make systematic vot-
ing errors in line with the outcome preferred by macroeconomic forecasters,
while sophisticated voters make the correct choice in expectations but are in-
correct for particular realizations of stakes and influence. If voters are rational,
the propaganda bias generates an Pareto inefficient equilibrium in this infor-
mation market since forecasters in expectations pay an accuracy cost without
systematically influencing the referendum result.
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2 Theoretical Framework
We consider two types of agents: voters and forecasters. Voters have to choose
between two alternatives, A ∈ {L,R}, each of which is associated with an eco-
nomic outcome yA. L represents the decision to leave the status quo, and R the
decision to remain. We start by presenting a simplified version of our the-
oretical model, in which we assume one forecaster and that both voters and
the forecaster correctly observe yR while they do not have complete informa-
tion on yL. While the forecaster receives unbiased, noisy information about
yL, voters have to rely on a noisy media report on the released forecast. This
framework represents a standard model of asymmetric information: voters are
prospective and care about the economy in the future but need professional
forecasters to form beliefs before voting. Forecasters have the opportunity to
exploit the information asymmetry by strategically releasing biased informa-
tion if they have an economic interest to defend that is at stake during the
referendum.

This simple version is helpful to follow the intuition behind the model,
familiarize with the notation, and get an intuitive solution. We later extend the
model in several dimensions and solve it with the help of numerical methods:
first, we assume that voters and forecasters do not have perfect information
on yR either; second, we consider several forecasters, that are heterogeneous
in stakes and influence; third, we extend the timing of the model allowing
forecasters to release multiple updates before and after the vote to follow the
dynamic evolution of the propaganda bias; fourth, we extend the objective
function of macroeconomic forecasters. In the basic model, the forecaster
trades-off accuracy with the attempt of influencing the referendum results. In
the extended version, forecasters also care about the consistency over time in
the forecasts that they release.

The model presented in this paper considers a referendum in which voters
decide whether to remain in a status quo or leave for an alternative. However,
an analogous intuition would apply to a setting of general elections in which
the incumbent politician faces a random opponent.

2.1 Basic Model
Voters

Consider a continuum of voters with total mass 1, with linear preferences over
policy outcomes represented by W (y) = y. Following the well-established
probabilistic voting model (Lindbeck & Weibull, 1987), we assume that voters
make their decision based on the state of the economy and their ideological
preferences. Individual i prefers alternative L over alternative R if and only if

yL ≥ yR +σi, (1)

25



where the ideology parameter σi captures all preferences at the individual level
in support of R that are orthogonal to W (·). We assume that σi is uniformly
distributed over the interval

[− 1
2φ ,

1
2φ
]

with density φ > 0.
We assume that the agents in the economy do not observe yL, although they

know that yL ∼N
(
μL,τ−1

L

)
. The forecaster receives a noisy, private signal

ỹL = yL + ε , where ε ∼N
(
0,τ−1

ε
)

is a random error, and releases a forecast
FL =�

(
yL|ỹL

)
+b, where b is an additive bias that the forecasters can attached

to its estimates released to the public.2 Voters observe, via mass media, a noisy
measure of FL from the forecaster:

F̃L = FL + e (2)

where e∼N
(
0,τ−1

e
)

is a media transition error capturing the friction between
the information released by the forecaster and the signal received by voters.
Therefore, voters’ decision rule in (1) can be expressed as

�

(
yL|F̃L

)
≥ yR +σi, (3)

where �
(
yL|F̃L

)
is the posterior belief about yL consistent with Bayesian up-

dating. Formally,

�

(
yL|F̃L

)
= (1− γ)μL + γ

[
F̃L−�

(
b|F̃L

)]
, (4)

where �
(
b|F̃L

)
is the voters’ expectations on the propaganda bias attached

by the forecaster. The parameter γ =
ωτ−1

L
ω2(τ−1

L +τ−1
ε )+τ−1

e
, captures the relative

influence of the forecaster on the voters’ posterior belief about yL. Hence, the
forecasters influence is a function of the precision in the prior, τL, the precision
in the signal, τε , and the precision in the media report, τe.3

Voters that are indifferent between the two alternatives are denoted swing
voters. According to (3), they are defined by the relationship

σ̃ =�
(

yL|F̃L
)
− yR.

By ranking voters according to their ideological parameter, all individuals with
σi ∈

[− 1
2φ , σ̃

]
will then vote in favor of alternative L. We define πL to be the

share of votes in society in support of L, and pL = P
(
πL > 1

2

)
is, by extension,

the probability that L wins in a binary competition. The share of votes that L

2The forecaster’s expectations about yL is �(yL|ỹL) = (1−ω)μL +ωA, where ω = τε
τL+τε

.
3ω = τε

τL+τε
comes from the forecaster’s Bayesian updating over yL.
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receives in the population is

πL =
∫ σ̃

− 1
2φ

φ di = φ
(

σ̃ +
1

2φ

)
=

1
2
+φ

{
γ
[
FL + ε−�

(
b|F̃L

)]
+
(

1− γ
)

μL− yR
}
,

while the probability that L wins is given by

pL = P
(

γε− yR +
(

1− γ
)

μL > γ
[
�

(
b|F̃L

)
−FL

])
= 1−G

(
γ
[
�

(
b|F̃L

)
−FL

])
, (5)

where G
( · ) is the cumulative distribution function of the gaussian random

variable γε− yR +(1− γ)μL ∼N
(− yR +(1− γ)μL,γ2τ−1

e
)
. Therefore, the

probability that L wins depends on FL instead of the true yL, providing the in-
centive for the forecaster to influence the voting outcome if she has economic
interests at stake during the vote.

Forecaster

Assume a forecaster can either face an economic loss under L or be indifferent
between the two alternatives. The forecaster minimizes the following loss
function with respect to FL, given μL, the observed signal ỹL, and voters’
strategies:

min
FL

pL
{

ηC+
1+ γ

2

[
FL−�

(
yL|ỹL

)]2}
, (6)

where FL ∈ [
FL,FL

]
is the forecast subject to alternative L, C > 0 represents

a cost associated with alternative L, pL is the probability of leaving the status
quo and the parameter η ≥ 0 captures the stakes of the forecaster on the ref-
erendum outcome.4 We model the loss function of forecasters in the spirit of
Laster et al. (1999), modifying their trade-off between accuracy and publicity
into a trade-off between the accuracy of the released estimate and the will of
favoring the preferred outcome in the referendum. If the forecaster faces a loss
in the event that L wins, then it has a direct economic interest in the referen-
dum result and hence has stakes, while if the forecaster is indifferent between
the two alternatives, then it has no stakes in the referendum result, and only
aims to minimize the forecast error.

4In the occasion of a referendum, forecasters, may either have stakes in support of one of the
alternatives or being indifferent between the two alternatives. We assume for simplicity that
η ≥ 0 so that forecasters can either have preferences in support of R or being indifferent between
the two alternatives. The sign of η determines the sign of the propaganda bias, but not its
presence.
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This simple loss function, which entails a linear incentive for bias and a
quadratic incentive for accuracy, shows that the problem at hand is not as
straightforward as it seems. First, the forecaster can influence both the prob-
ability of paying the cost attached to L, ηC, and the probability of paying the
accuracy cost, 1+γ

2

[
FL−�(yL|ỹL

)]2, which is endogenous to the referendum
outcome. Second, more influence increases the marginal impact of FL on pL,
but also the cost that the forecaster pays if she releases incorrect estimates.

Assuming an interior solution, the first-order condition with respect to FL

takes the form

γg(·)
[
ηC+

1+ γ
2

[
FL−�

(
yL|ỹL

)]2]
+
(
1+ γ

)[
FL−�

(
yL|ỹL

)][
1−G(·)

]
= 0, (7)

where g(·) is the probability density function of the random variable having the
cumulative distribution function equal to G(·). The model is closed by taking
voters’ expectation over (7) to derive the expected propaganda bias �

(
b|F̃L

)
.

From (7), we derive the following proposition.

Proposition 1. Existence of political equilibrium with unbiased forecasts
Under the assumptions of the model, FL = �

(
yL|ỹL

)
is part of a political

equilibrium if and only if η = 0 or γ = 0.

Proposition 1 predicts that the forecaster releases its best estimate for yL

approaching the referendum only if she has no stakes or no influence. This
result is not surprising since a forecaster who does not prefer one alternative
over the other or cannot influence voting behavior does not face a trade-off
between accuracy and the referendum outcome, and only aims to minimize the
forecast error. The optimal bias, for any η > 0, γ > 0 is implicitly determined
by (7) and takes the form

FL−�
(

yL|ỹL
)
=− f

(
η ,γ,C,μL,yR

)
< 0. (8)

The optimal bias derived in (8) implies the following proposition.5

Proposition 2. Existence of political equilibrium with a propaganda bias
Under the assumptions of the model, necessary and sufficient conditions for
FL ∈ [

FL,�
(
yL|ỹL

))
to be part of a political equilibrium are η > 0 and γ > 0.

Proposition 2 predicts that in a political equilibrium a forecaster with stakes
(η > 0) and influence (γ > 0) will publish biased estimates for alternative

5The forecasters’ objective function is cubic in FL and hence is convex only in a subset of
its domain. Among the two solutions of (7), we select the one satisfying the second-order
conditions with respect to FL.
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L approaching the referendum. The bias appears in the form of pessimistic
forecasts for alternative L as forecasters with stakes are assumed to prefer
alternative R.

Intuition and Mechanisms

This basic theoretical framework is tractable and straightforward. Neverthe-
less, it provides sufficient insights about the incentives that the asymmetry of
information gives to the forecaster in this strategic game. A forecaster who re-
leases biased estimates solves the trade-off between accuracy and the attempt
to influence the outcome of the voting process by taking double advantage of
its strategy. The optimal choice of FL takes into account that if R prevails,
the propaganda bias is costless in terms of ex-post accuracy. Indeed, the bias
reduces the probability of paying the economic cost C in the event alterna-
tive L wins, but it also reduces the probability of paying the accuracy cost
1+γ

2

[
FL−�(yL|ỹL

)2]. The strategic manipulation of the forecast is very ap-
pealing for the forecaster, who can take the opportunity to influence the voters
at no cost. Voters, instead, face a utility loss compared to a world with un-
biased forecasts if the propaganda bias is decisive to swing the referendum
result.

The forecaster biases its estimates independently on voters’ information on
its stakes and influence and regardless of how voters form their expectations
about the bias. In the case of rational voters, the propaganda bias reduces
the welfare of the forecaster since it reduces its accuracy without influencing
the expected referendum result. If voters are naive (i.e., if they expect the
forecaster to not bias), the propaganda bias reduces the welfare of voters since
they are induced to change the voting strategy systematically towards R.

This model imposes that η ≥ 0 so that the forecaster either prefers R or
is indifferent between the two alternatives. If, instead, η ≤ 0, (i.e., that the
forecaster is in favor of alternative L), then the propaganda bias would result
in an overestimation of yL. For instance, the latter would be consistent with the
findings in Giles (2019), who documents that the HM Treasury, lead by a pro-
Remain minister, released very pessimistic forecasts approaching the vote and
that, conversely, the pro-Leave Economists for Brexit released very optimistic
forecasts before the referendum.

2.2 Extended Model
In this version, we model the announcement periods, the referendum cam-
paign, and the post-referendum periods. At the beginning of the game, the
political economy is subject to a status-quo with an associated economic out-
come, and J forecasters and voters are informed that a referendum will take
place between the status quo and an alternative. During the campaign pe-
riod k, the two alternatives are discussed, and voters have to choose between
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A ∈ {
L,R

}
, each of them associated with an economic outcome yA. As in the

basic version, L represents the decision to leave the status quo for the alterna-
tive, while R is the decision to remain.

We assume that voters do not observe yA, although they know that yA ∼
N

(
μA,τ−1

A

)
, such that τL = ρτR with ρ ∈ (0,1), and use forecasts to update

their beliefs over yL and yR before casting the vote. The parameter ρ indicates
that voters have better knowledge about the current state R than about the
alternative L. During periods 1 to k−1, each forecaster (indexed by j) releases
a forecast for yR, denoted FR

j,t . During the campaign period k, each forecaster
releases both FR

j,k and FL
j,k. After the vote, forecasters will release only the

forecast subject to the alternative winning the referendum. To simplify the
exposition we now assume that forecasters perfectly observe yL and yR, and
that voters are naive and expect forecasters to release unbiased forecasts.

Forecasters strategically release their forecasts to the public based on three
competing incentives. First, they have incentives in minimizing the forecast
error (i.e., the difference between the forecast and the ex-post realization of
the economic outcome subject to the same state). Second, forecasters aim
to influence voters’ beliefs over the referendum by manipulating the released
forecasts. Third, forecasts subject to the same state need to be consistent over
time for the forecaster to preserve its credibility.

Voters

The voters’ decision rule follows (1). Differently from the basic model, we
assume now that in each period, they observe a noisy measure of FA

j,t from
multiple forecasters

F̃A
j,t = FA

j,t + e j,t , (9)

where the media transition error e j,t ∼ N
(
0,τ−1

j,t

)
, such that τ−1

j,t = βτ−1
j,t−1

with β ∈ (0,1), captures the heterogeneity over time in the precision of the
signal that forecasters send to voters. The assumption that the variance of the
transition error is reduced every period reflects the idea that forecasts become
more precise, as the forecast horizon decrease, approaching the realization of
the outcome.6 We define τ j := τ j,0 such that τ−1

j,t = β tτ−1
j .

Voters aggregate information from different forecasters using Bayesian up-
dating, and form posterior beliefs about the alternative states of the economy

6See, for example, Andersson et al. (2017) for an analysis of the expected size of forecast errors
at different horizons.
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before casting a vote. Formally,

E

(
yL|F̃L

1,k, ..., F̃
L
J,k

)
=

τL

τL +
(

1
β

)k J

∑
j=1

τ j

μL +
( 1

β

)k J

∑
j=1

τ j

τL +
(

1
β

)k J

∑
j=1

τ j

F̃L
j,k

= mμL +
( 1

β

)k J

∑
j=1

γ jF̃L
j,k, (10)

and

E

(
yR|F̃R

1,1, ..., F̃
R
J,k

)
=

τR

τR +
J

∑
j=1

k

∑
t=1

(
1
β

)t
τ j

μR +

J

∑
j=1

k

∑
t=1

(
1
β

)k
τ j

τR +
J

∑
j=1

k

∑
t=1

(
1
β

)t
τ j

F̃R
j,t

= ν
[ 1

ρ
mμR +

J

∑
j=1

γ j

k

∑
t=1

( 1
β

)t
F̃R

j,t

]
, (11)

where m := τL

τL+

(
1
β

)k

∑J
j=1τ j

, γ j := τ j

τL+

(
1
β

)k

∑J
j=1τ j

and ν :=
τL+

(
1
β

)k

∑J
j=1τ j

1
ρ τL+

1−
(

1
β

)k

β−1 ∑J
j=1τ j

,

so that
(

1
β

)k J

∑
j=1

γ j = 1−m.7 Consistently with the basic version of the the-

oretical framework, the parameter γ j is a sufficient statistics to determine the
influence of each forecaster on the voters’ posterior belief.

Naive voters do not expect forecasters to release biased FA
j,t , and hence vote

based on

E

(
yL|F̃L

1,k, ..., F̃
L
J,k

)
≥ E

(
yR|F̃R

1,1, ..., F̃
R
J,k

)
+σi. (12)

Following the same steps as in the basic model, the probability that alternative
L wins is

pL = 1−G
(

m
(ν

ρ
μR−μL

)
−

J

∑
j=1

γ j

[( 1
β

)k
FL

j,k−ν
k

∑
t=1

( 1
β

)t
FR

j,t

])
, (13)

where G
( · ) is the cumulative distribution function of the gaussian random

variable
J

∑
j=1

γ j

[(
1
β

)k
e j,k − ν

k

∑
t=1

(
1
β

)t
e j,t

]
. Analogously to the basic model,

7Notice that the final step of (11) comes from the application of the formula for the geometric
series ∑n

x=1 xn = x−xn+1

1−x .
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forecasters have the leverage to influence the voting result and to favor the
most preferred outcome. The allocation of the propaganda bias between FL

j,t
and FR

j,t depends on the number of pre-referendum time periods during which
forecasters released a forecast for yR, the relative precision of voters’ prior ρ ,
and on the variation over time in the precision of forecaster’s signal determined
by β .

Forecasters

We assume a discrete number of J forecasters who have perfect information
on yL and yR and can face an economic loss under L or be indifferent between
the two alternatives. Each forecaster minimizes the following expected loss
function with respect to FL

j,t and FR
j,t , given yA as well as other forecasters’ and

voters’ strategies:

min
FL

j,t ,F
R
j,t

(
1− pL

) k

∑
t=1

( 1
β

)t(
1+ γR

j

)[α
2

(
FR

j,t − yR
)2

+
1−α

2

(
FR

j,t −FR
j,t−1

)2]
+pL

[( 1
β

)k(
1+ γL

j

)α
2

(
FL

j,k− yL
)2

+η jC
]

+ ∑
A∈{L,R}

pA
T

∑
t=k+1

( 1
β

)t(
1+ γA

j

)[α
2

(
FA

j,t − yA
)2

+
1−α

2

(
FA

j,t −FA
j,t−1

)2]
,

(14)

where FA
j,t ∈ [FA

j ,F
A
j ] represents the forecast released by institution j in period

t subject to alternative A. C > 0 represents a cost associated with alternative
L, pL is the probability of leaving the status quo and the parameter η j ≥ 0
captures the stakes of each forecaster.8 Moreover, α ∈ [0,1] indicates the
relative weight of the incentive for accuracy compared to the incentive for
consistency. In this version of the model, forecasters trade-off accuracy with
the will of favoring the preferred outcome in the referendum, as well as the
consistency of released estimates over time.

Predictions

The numerical solution of the extended model, whose details are presented
in Section A.1 in the Appendix, provides additional insights beyond the pre-
diction of a propaganda bias in the estimates released by macroeconomic fore-
casters with influence over voters and economic interest at stake during the ref-
erendum.9 First, the model indicates how forecasters allocate the bias across

8η j ≥ 0 implies that we assume forecasters do not have a strict preference in support of L. The
sign of η j determines the sign of the propaganda bias at the individual level, but not its presence.
9In Figure A3 in the Appendix, we show how the main predictions of the theoretical model
are affected by the calibration of parameters. These comparative dynamics exercises, on the
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different alternatives when voters do not have complete information about any
of the two. Second, the model predicts whether there also exists an intensive
margin of propaganda bias. Third, the model shows the dynamic evolution of
forecasts after the vote, when forecasters no longer have electoral incentives.

In Figure 1, we report how the bias in FL
j,k and FR

j,k vary as a function of η j
(stakes) and γ j (influence). In both heatmaps, the red areas represent the cases
of largest bias, whereas the combination of parameters for which the model
does not predict any bias are reported in dark blue. The figure shows that, in
equilibrium, forecasters with stakes and influence do not allocate equally the
propaganda bias across alternatives. In the left panel, the estimates released
by forecasters with highest values of stakes and influence are substantially
different from yL, while the right panel shows that the propaganda bias is,
albeit present, very small to what concerns forecasts subject to alternative R.

(a) Alternative L (b) Alternative R

Figure 1. Propaganda Bias in period k

Notes: The figure reports the bias in FL
j,k and FR

j,k as a function of the individual parameters
η j (y-axis) and γ j (x-axis). The parameters are reported on the axes of the graph, whereas
different values of the bias are reported with different colors, as summarized in the legend.
Dark blue represent FA

j,k = yA, whereas red represent the relatively most biased forecasts. Note
that we have adjusted the sign of the bias to have the same color scale in both graphs. All other
parameters have been calibrated as described in Section A.1 in the Appendix.

The intuition behind this result comes from the trade-off that forecasters
with stakes and influence face at time k. Forecasters choose the propaganda
bias optimally at the level that equalizes the marginal benefit (i.e., the impact
on pL scaled by the level of stakes) and the marginal cost. In terms of marginal
benefit, (13) implies that a propaganda bias on FL

j,k is more profitable because
voters weight more the signals subject to L observed in period k than the ones
subject to alternative R. The influence of FR

j,k on the posterior belief is miti-
gated by all signals sent in the previous periods by forecasters, as well as by

one hand, show the robustness of the theoretical predictions, and on the other hand, provide
additional insights useful to understand in depth the incentives that macroeconomic forecasters
with stakes and influence face in connection with an important referendum.
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the much more precise prior that voters have about on R than they do on L.
Marginal cost of propaganda bias, according to (14), is instead higher under
alternative R because forecasters would have to pay an additional cost for a
large revision from the previous release, making it relatively more profitable
to release a biased forecast subject to the less likely alternative.

Figure 1 clarifies the existence of an intensive margin of propaganda bias, in
terms of both stakes and influence. Among institutions with η j > 0 and γ j > 0,
indeed, there is a monotonic relationship between each of the two and the size
of the bias. Forecasters with relatively higher stakes (influence) released more
biased estimates than their colleagues with positive but lower levels of η j or γ j,
holding the other individual parameter constant. While it is not surprising that
higher stakes lead to a more pronounced propaganda bias, influence increases
the marginal benefit, as well as the marginal cost of a biased forecast, and
hence its impact on the size of the propaganda bias was ambiguous at first
sight.

(a) Constant γ j
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(b) Constant η j
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Figure 2. Evolution of propaganda bias over time

Notes: The figure reports the evolution of FL
j,t and FR

j,t over time. Dashed lines represent yL

and yR, while solid lines as well as dotted and dashed-dotted represent forecasts. Black lines
represent variables referring to alternative L, while red lines represent variables referring to
alternative R. In the left graph, τ j is held constant at 0.1, so that γ j is on average equal to 0.04.
In the right graph, η j is held constant at 0.95. All other parameters have been calibrated as
described in Section A.1 in the Appendix.

Figure 2 shows how FL
j,t and FR

j,t evolve over time around the referendum for
different levels of η j and γ j. In the left graph, we hold constant γ j and compare
forecasters with different values of η j. In the right panel, we hold constant η j
and compare forecasters with different values of γ j. In both graphs, the solid
lines, as well as the dotted and dashed-dotted lines, represent forecasts, while
the dashed lines represent respectively yR and yL according to our baseline
calibration. All variables referring to alternative R are reported in red, while
variables referring to alternative L are shown in black. Figure 2 confirms the
predictions presented in Figure 1 and highlights the convergence of FL

j,t after
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the referendum. Even if forecasters with stakes and influence do not have any
electoral incentives after the vote, the presence of an incentive for consistency
over time implies that different forecasters release different estimates for some
periods after the vote.

3 Taking the Model to Data
We test the predictions of our theoretical model using the EU membership ref-
erendum, known as Brexit, held in June 2016 in the United Kingdom. Several
reasons make the Brexit referendum ideal for empirically testing the model.
First, a withdrawal from the European Union would have exposed several
forecasters to substantial losses. Second, it was difficult for voters to antic-
ipate the effects of their choice on the economy since no country had previ-
ously withdrawn from the European Union. Third, the probability of leaving
the European Union was considered low before the vote, making it relatively
more convenient to bias the forecasts conditional on a leave outcome. In this
section, we start by providing relevant details about the Brexit referendum.
Section 3.2 then describes the forecast data, Section 3.3 describes the identi-
fying assumptions, Section 3.4 describes our measures of stakes and influence,
and Section 3.5 present our estimation strategy.

3.1 The Brexit Referendum
In January 2016, the UK Prime Minister David Cameron announced a refer-
endum on the EU membership that would take place on June 23 of the same
year. The referendum was formally non-binding since the Parliament main-
tained the right to make the final decision on the issue. Still, the government
clarified before the vote its willingness to commit to the voters’ preference.

During the campaign, which started in mid-April, the economic effects of
the eventual withdrawal from the European Union, and, potentially, from the
Single European Market (Dhingra et al., 2015; Kierzenkowski et al., 2016),
were a major argument against Brexit. Governmental agencies, forecasters,
media, and European and international public institutions warned the British
citizens about a large economic downturn, especially due to a drop in invest-
ments (Dhingra et al., 2016a) and exports (Dhingra et al., 2016b) if the UK
withdrew from the EU. The voters themselves seemed to be concerned about
the future state of the economy. According to Google Trends summary reports,
the number of online searches for “Brexit GDP,” “Brexit pound,” and “Brexit
economy” increased between 10 and 100 times on a relative scale in the weeks
approaching the referendum date (see Figure A1 in the Appendix). On May
23, the UK government’s ministry for economics and finance (HM Treasury)
released a report (HM Treasury, 2016) containing the estimated immediate
economic impact of a Leave vote. According to the report, a Leave outcome

35



0.028***
(0.000)

0.012***
(0.000)

0.012***
(0.000)

0
.2

.4
.6

.8
1

Understanding Turnout Interest

Before forecast release
After forecast release

Figure 3. Changes in voters’ beliefs after forecast release
Notes: The graph reports the share of respondents in the British Election Study panel (Wave 8)
which a) agree or strongly agree with the following statements: I have a pretty good understand-
ing of the important issues at stake in the EU referendum; b) announce that they would very
likely or likely vote in the EU membership referendum; c) respond that they are very interested
or somewhat interested in the EU referendum. Dark gray bars represent respondents surveyed
before the release negative forecasts conditional on Leave by the HM Treasury on May 23rd ,
while light gray bars represent respondents surveyed after the release. The sample has been
constrained to include only individuals surveyed in a window of ten calendar days around the
HM Treasury release. The difference between the two sample average is reported with standard
errors in parentheses. Standard errors and confidence intervals are robust to heteroskedasticity.
*,**,*** represent the 10%, 5%, 1% significance levels.

would have generated a reduction in GDP between 3.6 and 6 percent within
two years, with higher inflation and unemployment, as well as a depreciation
of house prices and the sterling. We access the British Election Study panel
data to correlate the release of the report with voters’ beliefs on the relevance
of the referendum and voters’ understanding of the issues at stake. In the wave
8 of the British Election Study survey, a subsample of respondents was invited
to complete the survey on each day approaching the referendum between May
6 and June 22. Figure 3 documents that respondents surveyed within ten days
after the publication of the report were more likely to understand the relevant
issues at stake on the referendum, more likely to participate in the election,
and more interested in the debate approaching it than respondent surveyed in
the days before the publication of the report. The evidence reported in Fig-
ure 3, and the Google Trends data reported in Figure A1, suggests that voters
use, and search for, macroeconomic forecasts approaching the vote as a rele-
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vant source of information and that they update their prior beliefs after being
exposed to them.

In the weeks approaching the referendum, the Remain side was leading ac-
cording to 66 percent of the opinion polls, and often with a winning margin of
at least 5 percentage points. Macroeconomic forecasters, as well as bookmak-
ers, were predicting the victory of the Remain side. According to Consensus
Economics (2016a), forecasters were assigning a probability of 63 percent
to Remain, whereas the bookmakers assigned Remain a probability around
85 percent in the final days before the vote (see Figure A2 in the Appendix).
However, the referendum results reversed all predictions. On June 23, a major-
ity (51.9%) of the voters decided to leave the European Union. Prime Minister
David Cameron, who had campaigned to remain in the EU despite the oppo-
sition of several ministers and party colleagues, announced his resignation the
day after the referendum.

3.2 GDP Forecasts
In Figure 4, we present a few examples of forecasts for the long-term impact
of Brexit on GDP available to voters before the referendum. The figure shows
that forecasts were largely heterogeneous, even if most of them agreed that
Brexit would damage the economy. Consistently with the evidence reported
in Giles (2019), we document that the think tank of pro-Leave economists
Economists for Brexit (Minford, 2016) was one of the most optimistic about
the potential effects of Brexit on the economy, while the HM Treasury, led
by a pro-Remain minister, has been among the most pessimistic and incorrect
forecaster.

However, a formal comparison across forecasters of these estimates would
hardly be feasible since these forecasts differ in multiple dimensions. First,
many forecasters provide bounds for the effect of the withdrawal on economic
growth where intervals do not rely on the same set of assumptions about future
agreements between the UK and the European Union. Second, many forecast-
ers report estimates for the net effect of Brexit (i.e., they compare GDP if
Brexit with baseline GDP) without providing additional information on their
baseline forecast. Third, forecasts released at different points in time are het-
erogeneous in terms of available information.10 Lastly, the forecast horizon
considered by each forecaster may very, and long-term estimates do not al-
low to address which forecasters published more accurate estimates than the
others.

10For example, Mansfield (2014), Bertelsmann Stiftung (2015) and Open Europe (2015) was
released before 2016, while the others in Figure 4 was released in 2016. Also, those released
within 2016 was conditional on different information sets, since, for example, Oxford Eco-
nomics (2016) was published in March, OECD (2016) in April and Ebell and Warren (2016) in
May.
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Figure 4. Long Run Effects on GDP
Notes: See cited papers for respective source. The Economists for Brexit is cited as Minford
(2016), NIESR as Ebell and Warren (2016), and LSE/CEP as Dhingra et al. (2016a).

A standard approach in the literature to exploit comparable estimates across
forecasters relies on surveys of professional forecasters. In surveys, all fore-
casters are asked their best estimates for the same target year at the same point
in time, given a common set of assumptions. We use the data collection Fore-
casts for the UK Economy from the HM Treasury (n.d.). The dataset is a
monthly survey of independent forecasters collected by the Treasury and is
publicly available. The collection covers 44 forecasters from January 2012
to April 2018. The sample mainly contains financial institution and research
companies, which are also the forecasters updating their estimates most fre-
quently.11

The dataset neither includes the forecasts produced by the HM Treasury it-
self, nor those released by, for example, the Economists for Brexit pro-leave
think tank as they are not producing forecasts regularly. At the beginning of
each month, each forecaster in the sample is surveyed, and the results are
quickly released online.12 The data contain short-term forecasts for GDP
growth and its components: private and government Consumption, Invest-
ments, Imports, and Exports. Our main focus is on the forecasts for the GDP
growth rate in the year t +1, such that forecasts released in 2016 refer to GDP
growth in 2017.13 The use of short-term forecasts allows us to evaluate the ex-

11See Figure A5 and Table A3 in the Appendix for the distribution of forecasters by industry, as
well for a comparison of the forecasts released before the announcement of the EU membership
referendum.

12Not all forecasters release new predictions every month, but we observe when the latest avail-
able prediction was released so that we exclude the ones that were not updated in the occasion
of a new survey from the empirical analysis.

13All data refer to the changes in annual figures expressed in percent. For the January collection,
the forecasts refer to the year t.
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post accuracy of the released forecast on the basis of the actual GDP growth
rates. Nevertheless, short-term forecasts are also very informative about the
potential effects of Brexit in the subsequent years, as short and long-term fore-
casts are positively correlated.14 Table A4 in the Appendix provides descrip-
tive statistics of the relevant forecasts.

A limitation of the HM Treasury (n.d.) survey is that forecasts collected
each month are contingent on the most likely outcome based on available in-
formation. Hence, we observe conditional forecasts subject to the victory of
Remain before the referendum, while we observe forecasts subject to the vic-
tory of Leave only after the referendum.15 It is important to note that the
forecasts subject to the victory of the Leave alternative should reflect that the
actual withdrawal from the EU would have taken at least two years, according
to the Treaty of the European Union (Art. 50). Therefore, the forecasts are
subject to the referendum outcome and not the actual withdrawal.

3.3 Identifying assumptions
The theoretical model introduced in Section 2 predicts that institutions with
stakes (i.e., η j > 0) and influence (i.e., γ j > 0) release biased forecasts subject
to Leave before the referendum. However, the Forecasts for the UK econ-
omy data only measures the forecasts subject to Leave after the referendum.
Therefore, a difference in forecasts subject to the Leave outcome would only
indicate a propaganda bias if the forecasts released just after the referendum
reflect those released just before.

We take advantage of a special release of a broadly equivalent survey of
professional forecasters to assess the validity of the assumption that forecasts
just after the vote reflect those just before. In the April, May, and June releases
of the Consensus Economics report, surveyed forecasters were asked—besides
the usual request for their central forecast analogous to the HM Treasury (n.d.)
data—to report their conditional forecast subject to Leave anonymously. Con-
sensus Economics and HM Treasury (n.d.) survey approximately the same set
of forecasters. More specifically, only six institutions surveyed by the HM
Treasury are not included in the Consensus Economics report, while Con-
sensus Economics surveys three institutions not included in the HM Treasury
(n.d.). Figure 5 shows that the average forecast subject to Leave as computed
according to the anonymous survey conducted before the referendum in June

14Figure A6 in the Appendix shows that forecasts for GDP growth in the year t +1 and forecasts
for GDP growth in the year t +3 are highly correlated in the subsample of institutions releasing
medium-term forecasts on a quarterly basis. A regression controlling for time and individual
fixed effects yields an R2 of 0.55.

15Table A5 in the Appendix shows by comparing the June and July 2016 surveys how the sample
averages changed substantially at the time of the referendum. More specifically, forecasts for
GDP growth decreased from 2 percent to less than 1 percent.
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Figure 5. Consensus Forecasts for Leave and Remain around the Referendum

Notes: The graph reports the average forecast for the 2017 GDP growth rate conditional on
Remain (red) and Leave (black), published by Consensus Economics in June and July 2016.
The vertical line represents the referendum date, while the dashed horizontal line represents
the actual GDP growth rate in 2017. Source: Authors’ elaboration on data from Consensus
Economics, 2016a and Consensus Economics, 2016b.

is equal to the average forecast subject to Leave collected in the first regular
survey after the vote.16

The validity of our identifying assumption is further reassured by the fact
that forecasters had only seven calendar days between the referendum and the
day in which the HM Treasury began the survey for the July release of the
collection.17 In this limited window of time, it is unlikely that they updated
the estimates or got new information about the economy other than the refer-
endum result. Moreover, it is costly for forecasters to revise their estimates
subject to the same alternative in the very short run. A large revision from a
forecast under the Remain alternative to a forecast under Leave is justified and
does not affect credibility, whereas the publication of a significantly different
estimate from the one previously released that is subject to the same alterna-
tive would reduce credibility substantially. This argument is consistent with
the forecasters’ loss function in the extended model, as well as with the em-
pirical results in Nordhaus (1987), who motivates that forecasters move away
slowly from the last period’s forecast to an emerging reality and the concept
of consistency developed in Deb et al. (2018).

On the contrary, our identifying assumption would be violated if forecasters
with stakes have biased beliefs about negative shocks to the economy that

16We can confirm the validity of our identifying assumption at the individual level for one in-
stitution included in the HM Treasury (n.d.) sample. The Economist Intelligence Unit (2016)
shows that the forecast for GDP growth in 2017 released by the Economist Intelligence Unit in
June 2016 before the vote is analogous to the forecast included in the July 2016 release of the
Forecasts for the UK Economy.

17The July 2016 edition of Forecasts for the UK Economy was published on July 20 and con-
tained information from forecasters surveyed between July 1 and July 13.
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affect their profits. In Section 4.4, we address and rule out this possibility by
comparing the results of our empirical analysis to their counterparts estimated
before and after the 2008 financial crisis and the 2001 attacks to the World
Trade Center in New York.

3.4 Measures of Stakes and Influence
In our model, stakes represent the economic loss that a forecaster faces in the
event the United Kingdom leaves the European Union. We argue that Brexit is
likely to damage financial institutions and the institutions located in the City
of London financial district, more than other forecasters. Hence, we measure
stakes with an indicator equal to 1 if the forecast is a financial institution and
0 otherwise, and alternatively with an indicator capturing whether the institu-
tion is located in the City of London’s financial district. Ramiah et al. (2017)
estimates that the victory of Leave has reduced the stock market prices of the
banking sector by 15.37 percent in the very short run compared to baseline.
Our data show that the financial institutions in our sample faced, on average,
a reduction in stock market prices of 16.37 percent in the two days after the
referendum. In our sample, we observe 22 banks and 25 forecasters located in
the city of London’s financial district, respectively.

Among financial institutions, we use the percentage decline in stock market
prices in the two banking days after the referendum to obtain a variation in
stakes at the intensive margin (see Section A.2 in the Appendix for details).
Forecasters have been very differently exposed to the immediate effects of
Brexit, as reported in Figure 6, which shows stock market losses ranging be-
tween 1.8 percent and 31 percent. Nevertheless, Figure 6 reassures that none
of the institutions listed on financial markets increased its market capitaliza-
tion just after the referendum.

It is not obvious how to measure influence. In the model, influence repre-
sents the weight that each individual forecaster has in the formation of voters’
posterior beliefs. We propose proxies that aim at capturing how known each
institution is and whether it is established in the UK public debate. The first
approach measures influence from the point of view of the public. We use
Google Trends to measure how often the users search for an individual fore-
caster on the web.18 The second approach aims at capturing media coverage.
We retrieve the number of times in which each institution is mentioned in a
Google News search during 2015. In both cases, we create an indicator equal
to 1 if the institution scores above the median forecaster and 0 otherwise to
investigate the extensive margin. We then use the full support of the Google

18Google Trends releases a normalized score on a weekly basis, such that the value 100 is as-
signed to the most-visited forecaster in the week of the largest number of visits. We then
aggregate all summary reports for the year 2015, before the announcement of the referendum.
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Figure 6. Stock Price Decline
Notes: All forecasters surveyed by HM Treasury between January 2012 and April 2018. The
horizontal axis shows a forecaster ID. The figure reports for each financial institution the per-
centage variation in stock market prices between the referendum date and the second market
day after the vote.

Trends and Google News measures (in logs) to proxy for influence at the in-
tensive margin.19

In Section 4.1, we exploit heterogeneity in influence towards media outlets
targeting different groups of voters. For each media outlets, we retrieve the
number of articles that mention GDP forecasts released by an institution dur-
ing 2015, and create an indicator equal to 1 if forecasts are reported more than
the forecasts from the median forecaster, and zero otherwise.

3.5 Estimation
We investigate the existence of a propaganda bias by estimating the following
baseline regression model

Fj,m = θ j +δm +�(η jγ j > 0)
4

∑
k=−5

βk�(m = k)+ ε j,m, (15)

where θ j represents the forecaster fixed effects, δm represents the survey time
effects and k = −5, ...,4 measures the distance in months from the first sur-

19See Section A.2 in the Appendix for details on the group assignment and how the different
definitions are correlated (see Table A6 in the Appendix). Depending on the definition, we
identify between 15 and 17 forecasters to simultaneously have stakes and influence according
to our measures.
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vey after the vote. The indicator function �(η jγ j > 0) allows us to compare
forecasters with stakes (η j) and influence (γ j) to the other institutions in the
sample.

The dependent variable is the forecasts for GDP growth rate in the next
year, where Fj,m is the central forecast released by institute j in survey month
m. β0 estimates the propaganda bias around the date of the referendum, while
β1, . . . ,β4 capture the eventual persistence of the effect after the vote and
β−1, . . . ,β−5 reflect different judgments across groups between the announce-
ment of the referendum and the vote. A negative β0 would be consistent with
the theoretical prediction that forecasters with stakes and influence have inten-
tionally released pessimistic forecasts to influence voter behavior.

In the model, η j and γ j are treated as exogenous parameters, but empiri-
cally they are potentially correlated with omitted variables that also affect the
published forecasts. For instance, influential forecasters might have become
such because they have had better accuracy in the past or forecasters with
stakes might be more pessimistic than others at any period. The panel struc-
ture of our data allows us to control for all time-unvarying characteristics that
are determinant of published forecasts and potentially correlated with stakes
or influence in a dynamic difference-in-differences setup under the parallel
trends assumption, where the treatment (i.e., the referendum result) is at least
partially unexpected by the forecasters and only changes the central forecast
from alternative R to alternative L.20 In order to corroborate that our estimates
are not due to omitted confounders or selection, we also show the results using
a specification excluding the forecaster-specific fixed effects as well as several
robustness checks (see Section 4.4).

Economic forecasts are serially correlated due to persistence and the struc-
ture of annual outcomes, and they are potentially correlated across different in-
stitutions within the same survey date since institutions share information and
models at least partially (see, e.g., Andersson et al., 2017; Davies & Lahiri,
1995). For this reason, we use standard errors robust to two-way clustering
(Cameron et al., 2011; Cameron & Miller, 2015) at the forecaster and the
survey levels.

Our measures of stakes and influence defined in Section 3.4 identify which
forecasters have higher stakes and greater influence in the sample, but they do

20The literature investigating correlations and plausible causal relationships between socioeco-
nomic, historical and demographic characteristics of UK districts and the referendum results
have constantly been increasing in the past few months. For instance, Viskanic (2020) finds that
areas with a higher concentration of Polish migrants are associated with a larger vote share of
the Leave. On the contrary, Becker et al. (2017) do not find any correlation between migration,
trade exposure, and the variation across-districts in support of the Leave side, while individual
characteristics such as per-capita income in the district and education have a much larger ex-
planatory power and a negative effect. Alabrese et al. (2019) find using a large individual-level
survey that the support for Leave is associated with personal characteristics like age, ethnicity,
education, use of smartphones and the internet, and life satisfaction.
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not guarantee that the remaining institutions have no stakes or no influence. If
some forecasters with positive stakes and influence turned out to be in the con-
trol group, then our estimates would suffer an attenuation bias. First, all the
forecasters that the HM Treasury (n.d.) reports in the survey might be influen-
tial. In that case, it should be assumed that γ j > 0 for all institutions. Second,
if all forecasters have stakes, then it should be assumed that η j > 0 for all.
We limit this potential concern by proposing two additional specifications in
which we compare institutions with and without stakes, and institutions with
and without influence. We expect to detect a larger coefficient in absolute
terms in the event of an attenuation bias or, conversely, an attenuated coeffi-
cient.

4 Results
We report the estimation results for the extensive margin of propaganda bias in
Table 1. In column (1), we suppress the forecaster-specific fixed effects, and
columns (2)–(4) report the results from estimating the model in equation (15)
using different measures of stakes and influence. In column (5), we compare
institutions with stakes and forecasters without, while in column (6), we com-
pare influential and non-influential forecasters. The difference in forecasts re-
leased by the two groups of forecasters in the first survey after the referendum
is reported in the first row of the table, while coefficients labeled with (+1),
..., (+4) estimate the eventual persistence of the difference in the subsequent
months, and coefficients labeled with (−1), ..., (−5) capture pre-referendum
differences in forecasts conditional on a Remain outcome.

In column (2) of Table 1, we estimate that forecasters with stakes and
influence published a GDP growth rate forecast that was 0.638 percentage
points lower than the other institutions. The result is larger in magnitude than
the coefficient in column (1), suggesting that the potential selection bias at
work without accounting for the unobserved heterogeneity would have under-
estimated the propaganda bias of forecasters with stakes and influence. In
columns (3) and (4), we estimate coefficients of −0.745 and −0.601, respec-
tively, showing that results are robust to changes in the measures of stakes and
influence. In columns (5) and (6), we estimate a coefficient of −0.755 per-
centage points for the forecasters with stakes compared to their competitors
and of −0.807 percentage points for the institutions with influence.

All specifications strongly confirm the predictions of our theoretical model
about the presence of a propaganda bias, namely that forecasters with stakes
and influence released more pessimistic forecasts for GDP growth subject to
the victory of the Leave around the Brexit referendum. In opposite, we doc-
ument that anticipated coefficients, subject to the victory of the Remain, are
never distinguishable from zero. This evidence is in line with the extended
model, which predicted a negligible propaganda bias subject to Remain.
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Table 1. Estimation of Propaganda Bias in GDP Growth Forecasts

Stakes × Influence Stakes Influence

(1) (2) (3) (4) (5) (6)
Group × Ref. -0.526*** -0.638*** -0.745*** -0.601*** -0.755*** -0.807***

(0.181) (0.168) (0.185) (0.171) (0.204) (0.164)
Gr. × Ref. (+1) -0.613*** -0.598*** -0.529*** -0.597*** -0.743*** -0.451***

(0.146) (0.177) (0.177) (0.176) (0.146) (0.171)
Gr. × Ref. (+2) -0.460*** -0.405*** -0.471*** -0.450*** -0.536*** -0.491***

(0.154) (0.150) (0.148) (0.149) (0.155) (0.152)
Gr. × Ref. (+3) -0.420*** -0.483*** -0.473*** -0.450*** -0.479*** -0.443***

(0.159) (0.149) (0.154) (0.150) (0.151) (0.153)
Gr. × Ref. (+4) -0.121 -0.127 -0.157 -0.125 0.001 -0.370***

(0.145) (0.120) (0.120) (0.120) (0.149) (0.127)

Gr. × Ref. (−1) 0.015 0.001 0.005 0.002 -0.033 0.073
(0.114) (0.092) (0.093) (0.092) (0.111) (0.090)

Gr. × Ref. (−2) -0.050 -0.076 -0.026 -0.074 -0.077 -0.000
(0.114) (0.097) (0.098) (0.095) (0.113) (0.095)

Gr. × Ref. (−3) -0.044 -0.115 -0.067 -0.114 -0.092 -0.017
(0.118) (0.087) (0.090) (0.087) (0.097) (0.092)

Gr. × Ref. (−4) 0.085 0.053 0.081 0.055 -0.004 0.135
(0.144) (0.099) (0.097) (0.098) (0.127) (0.102)

Gr. × Ref. (−5) -0.169 -0.157 -0.168 -0.128 -0.116 -0.079
(0.131) (0.108) (0.110) (0.107) (0.113) (0.117)

Observations 1,643 1,643 1,643 1,643 1,643 1,643
R2 0.679 0.775 0.776 0.775 0.778 0.777
Fixed Effects � � � � �
Survey Effects � � � � � �
Stakes Banks Banks Banks City Banks
Influence GTrends GTrends GNews GTrends GTrends

Notes: The dependent variable is GDP growth rate in period t+1. For each column, the column
title defines the group assignment. The estimated equation is (15). Standard errors robust to
two-way clustering at the forecaster and the survey levels are in parentheses. *,**,*** represent
the 10%, 5%, 1% significance levels.

The estimated propaganda bias is very large, statistically significant, and
precisely estimated. It explains, depending on the specification, up to 50 per-
cent of the forecast error at the time of the referendum.21 In all specifications,
we find that in the subsequent surveys, the two groups weakly converge in
their forecasts as point estimates approach zero after four months in five of the
specifications. This additional evidence is consistent with a two-fold interpre-
tation: first, the decision-making process leading to the withdrawal of the UK
from the European Union did not end with the realization of the referendum
result, potentially inducing forecasters to continue biasing the estimates. In-

21Figure A8 reports the distribution of released forecasts just before and just after the referen-
dum. It shows that in the first survey after the referendum there was a clear cluster of forecasters
with stakes and/or influence in the bottom of the distribution of published scenarios, whereas
this evidence was not in place in the June survey.
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deed, the victory of the Leave side opened new discussions among policymak-
ers about the terms of the negotiation with the EU partners, the opportunity
of remaining or not in the Single European Market (soft or hard Brexit) and
the choice of the new prime minister after the immediate resignation of PM
David Cameron. Second, even when the forecasters who were trying to influ-
ence the policy-making process no longer have had incentives to pursue their
objectives, it might have taken time to converge back to their competitors’
forecast to not lose credibility compared to their competitors, as predicted by
the theoretical model presented in Section 2.

Evidence in support of the parallel trends assumption is presented in Figure
7, in which we plot the average GDP growth rate forecast for the following
year released by the two groups of institutions. The figure shows that for many
time periods prior to the referendum, forecasters with stakes and influence and
those without released on average the same GDP growth rate forecasts (see
Figure A9 in the Appendix for the other group specifications).

0
.5

1
1.

5
2

2.
5

3
Fo

re
ca

st
 (G

D
P 

gr
ow

th
, %

)

Jan15 Jul15 Jan16 Jul16 Dec16
Release month

Control Institutions Stakes x Influence

Figure 7. Pre-Referendum Trends
Notes: The measure of stakes is financial institution (Banks). The measure of influence is
Google Trends. The graph plots the average GDP growth rate forecast for the next year among
forecasters belonging to different levels of stakes and influence. The black line represents the
group with stakes and influence, while the gray line represents the remaining control institu-
tions.

4.1 Alternative mechanisms
In principle, the empirical results presented in Table 1 can be interpreted in
light of two alternative mechanisms to the one shown in the theoretical model,
which focuses on electoral incentives. On the one hand, if voters are more
likely to believe in information confirming their priors and those of them will-
ing to vote for Leave select into different media outlets compared to those
willing to vote for Remain, then market incentives may induce forecasters
reaching different groups of voters to produce alternative estimates. On the
other hand, if forecasters’ beliefs about the future states of the economy are
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affected by their exposure, then our result would reflect differences in beliefs
rather than strategic manipulation to affect voters. In what follows, we elabo-
rate on each of the two alternative mechanisms and provide empirical evidence
against the interpretation of our findings in that light.

Selective exposure. Suppose voters with different idiosyncratic prefer-
ences choose to gather information from alternative media outlets because they
are more willing to believe information confirming their priors. Market incen-
tives induce mass media to publish information aligned with the opinions of
their customers, and in turn, to select macroeconomic forecasts aligned with
those views. In turn, market incentives would also induce forecasters to please
their final readers and media outlets in which their estimates are published
more often.

We consider four major UK general-interest daily newspapers different in
their market shares and their readers’ political views, as well as a daily news-
paper, specialized in the financial sector. Figure 8 reports the share of respon-
dents in the British Election Study panel data considering each media outlet
as the newspaper they read more often by political preferences (Panel (a)) and
by support for Leave and Remain in the occasion of the 2016 EU Membership
referendum. Figure 8 shows evidence of selective exposure based on voters’
political positions and support for Leave or Remain in the EU Membership
referendum (Panel (b)). More specifically, conservative and UKIP voters, as
well as supporters of Leave are more likely to read The Daily Mail and The
Telegraph than Labour and Liberal Democrats (lib-dem) voters as well as sup-
porters of Remain, who mostly read The Guardian. The Financial Times,
whose customers have a special interest in the financial sector, is not popular
across different voters’ preferences.
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Figure 8. Newspaper Exposure by Political and Referendum Preferences
Notes: The graph reports the share of respondents in the British Election Study panel (Wave
10), which mentions each newspaper as the one they read most often. In Panel (a), the sample
is divided based on the party that each respondent is most likely to vote for in the following
general election. In Panel (b), the sample is divided based on the self-reported voting decision
in the EU Membership referendum.
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If the evidence of biased forecasts released by institutions with stakes and
influence were driven by voters’ selective exposure and the related market
incentives to media and forecasters, then we should expect that forecasters
whose estimates are reported more often on The Guardian should release the
most biased forecasts. Conversely, forecasters often mentioned on The Daily
Mail and The Telegraph should not bias their releases. Table 2 disproves this
conjecture. In each column of Table 2, we replace our baseline indicators of
influence with indicators of influence varying at the newspaper level.22 More
specifically, we compute the number of articles in which the estimates for GDP
growth released by each forecaster were mentioned in a specific newspaper
during 2015 and divide the sample at the median value.

Table 2. Estimation of Propaganda Bias: Influence by mass media

Stakes × Influence

(1) (2) (3) (4) (5)
Group × Referendum -0.363** -0.812*** -0.604*** -0.359** -0.773***

(0.176) (0.181) (0.207) (0.183) (0.167)
Group × Ref. (+1) -0.909*** -0.566*** -0.318* -0.746*** -0.915***

(0.166) (0.177) (0.192) (0.177) (0.163)
Group × Ref. (+2) -0.517*** -0.473*** -0.335** -0.475*** -0.452***

(0.136) (0.146) (0.153) (0.144) (0.141)
Group × Ref. (+3) -0.454*** -0.463*** -0.353** -0.483*** -0.510***

(0.153) (0.158) (0.164) (0.154) (0.153)
Group × Ref. (+4) -0.096 -0.125 0.134 -0.047 -0.030

(0.123) (0.123) (0.130) (0.129) (0.130)

Observations 1,643 1,643 1,643 1,643 1,643
R2 0.775 0.777 0.773 0.774 0.778
Fixed Effects � � � � �
Survey Effects � � � � �
Measure of Stakes Banks Banks Banks Banks Banks
Measure of Influence Financial

Times
The Times The Daily

Mail
The

Guardian
The

Telegraph

Notes: The dependent variable is GDP growth rate in period t + 1. The relevant group assign-
ment is Stakes x Influence. In each column, the measure of influence is an indicator equal to 1 if
GDP growth forecasts released by the forecaster were mentioned during 2015 at least as much
as the median forecaster in the respective news outlet. The estimated equation is (15). Standard
errors robust to two-way clustering at the forecaster and the survey levels are in parentheses.
*,**,*** represent the 10%, 5%, 1% significance levels.

The estimated coefficients reported in Table 2 show that the most pes-
simistic forecasts are published by forecasters often mentioned in newspapers
read by a heterogeneous pool of voters—as The Times—or by voters more
likely to have conservative preferences and to vote in support of the Leave.
The table also excludes another channel of selective exposure. If individuals
in the financial sector prefer to read negative news about the potential effects

22See Section A.2 in the Appendix for additional information about data sources and details
about the definition of the measures.
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of Brexit on the economy, then forecasters more likely to have their estimates
reported on the Financial Times should release very pessimistic releases. In
contrast, in columns (1) and (4), the estimated coefficients are substantially
smaller than in the other specifications. The results in Table 2 are corrob-
orated by Figure A10 and Table A7 in the Appendix, which show that the
relative influence of each individual forecaster is homogeneous across media
outlets and that the correlation between the measures used in Table 2 is not
negligible.

Biased beliefs. Suppose forecasters with stakes in the referendum have
biased beliefs about the potential effects of leaving from the EU, while fore-
casters not exposed to Brexit rely on more objective estimates. Then, our
results would reflect differences in beliefs rather than in the attempt to influ-
ence the referendum outcome. To show that our results cannot be explained in
light of forecasters’ biased beliefs in connection with negative shocks to the
economy, we compare the evolution of released forecasts after the referendum
as well as on occasions of other major shocks to the UK economy, unrelated
with electoral incentives.

First, the convergence after the referendum of the forecasts released by dif-
ferent institutions is not consistent with the possibility that forecasters with
stakes have biased beliefs, which would have required the two groups to be-
have differently from each other in the subsequent months after the vote as
well.

Second, forecasts released during the same months of 2017, after the ref-
erendum but before the realization of the Leave outcome, and subject to the
same horizons as the forecasts exploited in the main analysis rule out the pos-
sibility that the convergence is due to the approaching horizons. More specif-
ically, in Figure A11 in the Appendix, we estimate the same regression model
as in equation (15) at different points in time to assess whether there is evi-
dence of similar estimates in other periods. The figures show a large jump in
the estimates at the referendum and the months just following, while the pre-
referendum estimates are centered at zero. Moreover, forecasters both with
and without stakes and influence publish very similar estimates throughout the
year 2017 and especially in the releases subject to the same forecast horizon,
confirming that our results are not consistent with forecasters’ biased beliefs
about the economic effects of Brexit.

Third, we estimate a version of equation (15) in which we compare financial
institutions and other forecasters before and after the unexpected beginning
of the 2008 financial crisis and the 2001 attack on the World Trade Center
in New York.23,24 The results in Table A8 in the Appendix, summarized in

23We identify the unexpected beginning of the financial crisis with the bankruptcy of the Lehman
Brothers Holdings Inc. on September 15, 2008.

24In the time span of our main data (from January 2012 to April 2018), we do not identify any
negative event that can be comparable to the withdrawal from the European Union. Therefore,
we digitize the older publications of the Forecasts for the UK Economy collection from The
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Figure 9, show that in the first survey after each event there is no evidence of
different behavior of institutions with stakes compared to their competitors.
Coefficients are never distinguishable from zero in the first and second survey
after the event, and they are much smaller in magnitude compared to the ones
estimated in proximity to the EU membership referendum.25 Moreover, we do
not observe a significant revision of the forecasts in the first survey after the
events, confirming that forecasters are unlikely to adjust their forecasts during
a very limited window of time after an unexpected shock.

(a) Referendum

Group x Referendum

Group x Ref. (+1)

Group x Ref. (+2)

Group x Ref. (+3)

-1 -.5 0 .5 1
Estimated Coefficient

(b) Financial Crisis

Group x Event

Group x Event (+1)

Group x Event (+2)

Group x Event (+3)

-1 -.5 0 .5 1
Estimated Coefficient

(c) 9/11 Attack

Group x Event

Group x Event (+1)

Group x Event (+2)

Group x Event (+3)

-1 -.5 0 .5 1
Estimated Coefficient

Figure 9. Effect during the EU Referendum and in the Occasion of Other Events

Notes: The measure of stakes is financial institution (Banks). The graphs report estimated
coefficients and 95% confidence intervals from estimating (15), assuming that everyone is in-
fluential, in the occasions of the EU membership referendum; of the bankruptcy of the Lehman
Brothers; and of the attacks to the World Trade Center in New York. The dependent variable is
the GDP growth rate in the period t +1. Standard errors are robust to twoway clustering at the
forecaster and the survey levels. Confidence intervals represent the 5% significance level.

4.2 Intensive Margin
The theoretical model also predicts that among forecasters with stakes in and
influence over the referendum outcome, an increase in either characteristic is
associated with a more pronounced bias. This section tests that prediction.

As described in Section 3.4, we measure stakes using the short-run percent-
age decline in the stock market prices, and proxy for influence using a con-
tinuous version of the Google Trends and Google News variables described
earlier (in logs). In Table 3, we estimate Difference-in-Differences models of

National Archives (n.d.), enlarging the sample back to the year 1998. We investigate forecasters’
behavior around the time of the 2001 terrorist attack by estimating equation (15) in a sample
between the year 1998 and the year 2003, while we explore the reaction to the financial crisis
restricting the sample to observations between the year 2004 and the year 2010. Compared to
the sample used in the main empirical analysis and described in Section 3.4, a slightly different
group of forecasters has been surveyed in the more recent publications.

25In the event of the financial crisis forecasters of both groups released more optimistic forecasts
than the observed realization of the outcome. An “overreaction” of institutions with stakes
should be interpreted as a better forecast, rather than a low-quality one driven by panic.
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the form

Fj,m = θ j +δm +β1η j�(η jγ j > 0)�(m = 0)+β2γ j�(η jγ j > 0)�(m = 0)+ ε j,m,
(16)

where the terms η j�(η jγ j > 0)�(m = 0) and γ j�(η jγ j > 0)�(m = 0) repre-
sent the interaction between the group indicator with the intensive margin
variables γ j and η j at the time of the referendum.

The results in Table 3 confirm the predictions about the existence of an
intensive margin of propaganda bias. In columns (1) and (2), where we esti-
mate the coefficients β1 and β2 in two separate regressions, we detect a large
and negative correlation between the continuous measures of stakes and influ-
ence and the released forecast at the time of the referendum. Specifically, a
one-standard-deviation increase in the stock price loss after the referendum is
associated with more pessimistic forecasts of 0.361 percentage points, while a
one standard deviation increase in influence is associated with a lower Fj,k of
0.252 percentage points.

Table 3. Estimation of Propaganda Bias at the Intensive Margin

Stakes × Influence Stakes Influence

(1) (2) (3) (4) (5)
Group × Ref. × Stock Price -0.361*** -0.316*** -0.330***

(0.094) (0.102) (0.098)
Group × Ref. × log(Trend) -0.252*** -0.067 -0.297***

(0.093) (0.084) (0.092)

Observations 1,643 1,643 1,643 1,643 1,643
R2 0.770 0.769 0.770 0.770 0.769
Fixed Effects � � � � �
Survey Month Effects � � � � �
Measure of Stakes Banks Banks Banks Banks
Measure of Influence GTrends GTrends GTrends GTrends

Notes: The dependent variable is GDP growth rate in period t+1. For each column, the column
title defines the relevant group assignment. Stock Price and log(Trend) have been standardized
to have mean 0 and variance 1. In all specifications, continuous measures of stakes and influ-
ence have been standardized to have zero mean and unit variance. The estimated equation is
(16). Standard errors robust to two-way clustering at the forecaster and the survey levels are in
parentheses. *,**,*** represent the 10%, 5%, 1% significance levels.

In column (3), we estimate the parameters β1 and β2 in the same regres-
sion, as stated in equation (16), and confirm that both variables are negatively
correlated with the forecast for GDP growth rate in the next year, although the
coefficient attached to the continuous measure of influence is not statistically
significant.

In columns (4) and (5), we repeat the exercise interacting the continuous
measures of stakes and influence with the groups defined in columns (5) and
(6) of Table 1, detecting large and statistically significant negative coefficients.
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Additional evidence that the bias is determined also at the intensive margin is
presented in the Appendix. In Table A9 we repeat the exercise done in Table
3 using Google News instead of Google Trends as the measure of influence,
and in Figure A12 we show that there is a negative relationship between the
distance FL

j,k−FR
j,k and the continuous measures of stakes and influence.

4.3 GDP Decomposition
The empirical results show that the forecasters with stakes and influence pre-
dicted a larger downturn in the economy than their competitors. We proceed
by decomposing the effect on the GDP growth rate in its components. This
contributes to the interpretation of the forecasters’ behavior around the time
of the referendum, as it highlights whether biased forecasts were published
based on a precise rationale consistent with the general beliefs about the po-
tential economic effects of Brexit. If forecasters conducted the propaganda
bias in a rational manner, we expect to detect heterogeneous effects in line
with the supposed economic effects of a Leave outcome and consistent with
predictions from standard macroeconomic models. Investments and trade are
volatile and pro-cyclical, while consumption does not react as much, and gov-
ernment expenditure usually increases as a response to economic crises.

According to the expenditure approach, the GDP can be decomposed as
follows:

Y =C+ I +G+(X−M), (17)

so that the GDP growth rate can be expressed as

gY = gCεC +gIεI +gGεG +(gX εX −gMεM), (18)

where C is household consumption, I is investments, G is government con-
sumption, X is exports and M is imports, while g and ε represent respectively
the growth rate of each component and its share of GDP. In Figure 10 we plot
results of estimating equation (15) for each component. The symbols report
the estimated propaganda bias at the time of the referendum (β0 in equation
(15)) for each of the specifications used in Table 1.

The results show that the propaganda bias in investments is very pronounced,
as estimated coefficients are around −2 percentage points, significant at least
at the 10 percent level for most specifications. Consistent with the stylized
evidence that investments are usually much more volatile than GDP, and that
they are supposed to be among the major driving channels of the economic
effects of Brexit (Dhingra et al., 2016b), the estimated coefficients are much
larger than the ones estimated for GDP growth. In addition, our data forecast
the short-term effects of the referendum result, and investments usually react
immediately to changes in the political or economic environment.

Trade is expected to be another major channel of the effect of Brexit on
economic growth (Dhingra et al., 2016a). Looking at the trade components of
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Figure 10. Estimation of Propaganda Bias in GDP Growth Components
Notes: The dependent variables are Household consumption, Investments, Government con-
sumption, Exports and Imports in period t + 1. All specifications include individual fixed ef-
fects and survey fixed effects. The estimated equation is (15), and the reported coefficient is β0.
Standard errors robust to two-way clustering at the forecaster and the survey levels. Gray lines
represent 5% significance level while black lines represent 10% significance level.

GDP, we find large and negative coefficients on export, of similar magnitude
as the growth of investments, while estimated coefficients on imports are not
distinguishable from zero. Overall, the institutions which released biased fore-
casts for GDP growth also predicted lower trade activity than their competitors
due to a pessimistic forecast on export growth.

As expected, the coefficients on household consumption are never statisti-
cally different from zero at conventional significance levels. We detect small
positive coefficients on government consumption, which translate into more
pessimistic forecasts released by institutions with stakes and influence, even
if generating the opposite effect on GDP growth according to equation (18).
This exercise shows that forecasters with stakes and influence conducted their
propaganda bias by reporting much more negative views on investments and
export growth, together with an excessive increase in government consump-
tion to counteract part of the downturn.

4.4 Robustness Checks
We perform a number of robustness checks to validate our empirical strategy
and exclude that our estimates are driven by chance or large variability in a
relatively small sample.

First, we reduce the number of surveys included in the sample to the months
much closer to the referendum. Figure A13 in the Appendix reports the esti-
mated coefficients and confidence intervals for β0 estimated with the support
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of several different windows of time. Estimated coefficients are stable for all
specifications and are not sensitive to the time span of the data.

Second, we show that our results do not depend on the arbitrary thresholds
chosen to determine the most influential institutions in the sample. Specifi-
cally, we move the thresholds used to separate influential and non-influential
forecasters in order to alter the composition of the two groups. The results of
this exercise, as presented in Figure A14, show that a large propaganda bias is
estimated using other thresholds as well and that the coefficients reported in
Table 1 do not represent extreme estimates.

Third, we replicate the main results using alternative measures from Google
News that disentangle the general knowledge of each institution from the in-
fluence of its forecasting activity. The measure used in Table 1 captures the
overall media coverage of each forecaster, thus pooling cases in which each
institution was mentioned in the UK news for several possible reasons.26 In
Table A10, we show that the results hold when we refine the Google News
measure by requiring the words “GDP” and “forecast” to be part of the same
newspaper article as the name of the forecasting institutions.

Fourth, we perform a Monte Carlo simulation with 10,000 draws, in each
of which we randomly assign half of the institutions to a placebo treatment
group, and estimate equation (15). Figure A15 shows the empirical density of
the coefficient estimated at every draw, as well as where in the distribution the
coefficients reported in Table 1 lie. Our results, as expected, always lie in the
lower parts of the distribution, which is symmetric and centered in zero.

5 Concluding Remarks
Voters are seldom completely aware of different political platforms and the
economic consequences of their choices before casting a vote since they lack
incentives to invest in gathering costly information. Traditionally, we think
of special interest groups and media as having some monopoly power and
releasing biased pieces of information in order to affect individuals’ beliefs
and, in turn, their voting behavior.

In this paper, we have introduced macroeconomic forecasters as political
agents and suggested that they exploit their information advantage over the
future states of the economy to influence the policy-making process. First,
we have theoretically analyzed a framework of asymmetric information be-
tween forecasters and voters approaching a referendum. Forecasters are better
informed on the future state of the economy under each of the potential out-
comes of a referendum. Voters care about the economy in the future, but they
have to rely on scenarios published by professional forecasters to form beliefs
before the referendum. Under the assumptions of our model, it is optimal for

26For instance, consider that Barclays has been the title sponsor of the soccer’s Premier League
between 2011 and 2016.
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forecasters with stakes and influence to publish biased scenarios instead of
their best estimate. Second, we have tested the predictions of the model using
the EU membership referendum, also known as the Brexit referendum, held in
the UK in 2016.

The results show that forecasters with stakes and influence released GDP
growth forecasts in the case of a Leave outcome that was more pessimistic
than the forecasts released by other institutions. These results confirm the
theoretical predictions about a propaganda bias in macroeconomic forecasts
released by institutions with stakes and influence. We also find that the pro-
paganda bias is present at the intensive margin, which is consistent with the
predictions from the model.

The predictions of biased forecasts in equilibrium differ from the lobbying
models of campaign expenditures in electoral competitions (see, e.g., Baron,
1994), despite the very similar setup, because of the institutional nature of
referenda. In the models of electoral competition, policy convergence implies
that, in equilibrium, organized groups face no incentives to favor one candidate
over another, as the two will implement the same platform after the vote. The
policy outcome is affected by the presence of special interest groups, but the
voting is not. Instead, in a referendum, policy outcomes are given ex-ante and
are divergent. In equilibrium, forecasters may have a preference for one over
the other.

The propaganda bias might impact the welfare of both voters and forecast-
ers. In the case of the Brexit referendum, in which the Leave side won, the re-
alization of shocks to preferences was determinant in generating the outcome
that forecasters did not prefer. In that case, voters did not face any welfare
loss compared to a world of unbiased forecasters, although the race was more
uncertain because of the bias. On the contrary, forecasters with stakes and
influence ended up paying a high accuracy cost due to the bias and facing the
economic loss attached to Brexit. In addition to those presented in the model,
the propaganda bias might generate additional welfare reductions because of
general equilibrium effects if consumers and investors make consumption and
investment decisions based on the forecasts. If forecasts are biased, then eco-
nomic agents may make incorrect decisions that could, in turn, reduce GDP.

Our results contribute to the political economy literature by proposing eco-
nomic forecasters as an additional player, and to the forecasting literature, by
highlighting an additional strategic behavior underlying forecasts errors. Ac-
cording to our theoretical predictions and empirical results, macroeconomic
forecasters may use their information advantage to influence the decision-
making process and favor their most preferred outcome. We recommend that
voters and policymakers take this into account when forming their beliefs to
avoid systematic mistakes.
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Appendix
A.1 Details on the Numerical Solution of the Extended Model
The extended version of the theoretical framework is solved numerically to
take into account the recursivity in the forecasters’ problem generated by the
dynamics and by their strategic interaction, which also introduces a common
pool problem among forecasters in the economy.

We calibrate the parameters of the extended model with the aim of being
consistent with the main intuitions behind the theoretical framework and the
application of the model predictions to the Brexit referendum. In Figure A3,
we perform a number of comparative dynamics exercises to show how the
predictions of the model vary as a function of exogenous parameters.

As shown in Table A1, the number of forecasters in the economy is set to 44
to reproduce the data collection Forecasts for the UK economy, collected and
released by the HM Treasury on a monthly basis. Consequently, we calibrate
the number of time periods T to 12, hence imposing that the forecasters in
the model release a new estimate each month for a full year. We set k =
6, so that between January and May forecasters only release FR

j,t , while they
start publishing forecasts subject to alternative L from June onwards. The
measure of stakes η j is drawn at the individual forecaster level from a uniform
distribution between 0 and 1, while τ j, from which the measure of influence
γ j is generated, is drawn from a uniform distribution between 0 and 0.1.

yL and yR are respectively calibrated to 1.8 and 2.1. The former figure
replicates the actual GDP growth observed in the UK in the year 2017, after
the victory of Leave in the occasion of the Brexit referendum, while the latter
replicates the average forecast for GDP growth in 2017 reported in the latest
release before the referendum of Forecasts for the UK economy. We make this
choice since we cannot observe ex-post what the GDP growth in 2017 would
have been had the UK voters decided not to leave the European Union. We
also calibrate voters’ prior μA to be correct, so that μA = yA ∀ A ∈ {L,R}.

The parameter α , which represents the relative weight of accuracy and con-
sistency in the cost structure of forecasters, is calibrated to 0.5, while β is
imposed equal to 0.99 to represent that the quality of the signal that forecast-
ers send to voters does not change substantially in precision over time in the
short run.

τL and ρ are set respectively to 0.1 and to 10−3 in order to represent that
voters have a very precise prior subject to R, while their prior information
about alternative L is of much lower precision.

Lastly, C is calibrated to 40 with the aim of calculating an expected prob-
ability of Brexit consistent with Consensus Economics (2016a) and the book-
makers’ odds (see Figure A2 in the Appendix). It is worth to notice that the
calibration of other parameters defines acceptable bounds for C.

Given the parameters, we solve the model by supplying an initial guess of
forecasts for all forecasters and allowing all forecasters to update their fore-
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casts to minimize the individual loss given the guess on the forecast of oth-
ers.27 We then update our guess using the resulting forecasts from the op-
timization problem performed by all individuals and allow all forecasters to
re-optimize given the updated guess. We repeat this process until the fore-
casters no longer wish to change their forecasts, given the forecasts of others.
Due to the randomness of the draws of η j and τ j, we always simulate multiple
economies in order to find the model solution in expectations.

We assume an unbiased forecast as the initial guess in the baseline calibra-
tion. Nevertheless, we performed a robustness check in which we allowed for
different initial guesses. More specifically, we perturbated the initial guess
by adding a random number drawn from a normal distribution. The model
was solved 100 times, and the obtained equilibrium solution is the same in all
cases.

The graphs in Figure 1 are based on 500 simulated economies. In the base-
line calibration, we obtain a pL of 0.22 with voter posteriors that are F̃L = 1.6
and F̃R = 2.1. When we calibrate C = 0, such that all forecasters provide
unbiased forecasts, pL is equal to 0.31 while voters’ posteriors are F̃L = 1.8
and F̃R = 2.1. Hence, the bias in the baseline calibration reduced pL by 9
percentage points.

In the graphs in Figures 2 and A3, we report the mean of 100 simulated
economies for each parameter case. In all graphs we keep the base calibration
reported in Table A1 and only vary the parameter of interest. We fix the η j
and τ j values for one forecaster to be η j = 0.95 and τ j = 0.1. Hence, we show
the forecasts for a forecaster with high levels of stake and influence. A τ j of
0.1 corresponds to an expected γ j of 0.04.

Figure A4 reports the forecasts of a forecaster with η j = 0.95 and τ j = 0.1
in the baseline economy. The solid line reports the median forecast based
on 100 simulated economies while the dotted lines report the 1st and 99th

percentiles. This illustrates how the bias varies depending on the random draw
of the other forecasters’ individual parameters η j and γ j in the economy.

Table A1. Calibration of parameters

T k J yL yR μL μR C β α ρ τL η j τ j

12 6 44 1.8 2.1 1.8 2.1 40 0.99 0.5 0.001 0.1 U
[
0,1

]
U

[
0,0.1

]
Notes: Calibration of the exogenous parameters introduced in the extended model presented in
Section 2.2. See Section A.1 in the Appendix for details on how we solve the model numerically
and a discussion of the parameters.

27We use the Nelder-Mead simplex algorithm as described in Lagarias et al. (1998) in order to
minimize the loss function.
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A.2 Data
Google News, Google Trends, and Influence by Newspaper

Google Trends allows us to retrieve, for each institution, a measure of the
number of Google searches from the public, relative to the most searched
forecaster. We restrict to the UK and only consider searches in the 2015 cal-
endar year (prior to the announcement of the referendum). After downloading
weekly data in which the most searched institution scores 100, we aggregate
on a yearly level and assign the binary measure of influence based on a thresh-
old set at the median value, so that half of the forecasters take the value 1 and
the other half take the value 0 (see Figure A7a). The same variable is also used
for the analysis of the intensive margin.

The number of search results on Google News gives an indication of how
influential an institution is according to the media. If frequently mentioned in
the news, then the institution is more influential than if very rarely mentioned.
We record the number of mentions in a Google News search in the United
Kingdom during 2015. Then, the binary measure of influence is constructed
based on a threshold of 7,000 citations, so that half of the forecasters are above
and half are below (see Figure A7b).

We compute measures of influence by different media outlets, which vary in
terms of the political and referendum preferences of their readers by using the
Dow Jones Factiva newspaper search engine. For each forecaster, we search
for the name associated with the words “GDP” and “forecast,” and export the
number of articles reporting this information during 2015. We then construct
an indicator equal to 1 if the forecaster has been mentioned by each specific
media more than the median forecaster, and zero otherwise.

In Table A10, we consider alternative measures from Google News that
corroborate the robustness of our findings. First, we span several time periods
using the Archive settings of the search engine in order not to restrict the re-
search to only the calendar year 2015.28 Second, we restrict the news search
such that we only consider media releases in which the name of each fore-
caster is accompanied either by the word “GDP” or by the words “GDP” and
“forecast.” This allows us to separate the cases in which an institution is re-
ported in the media because of its forecasting activity from the cases in which
the institution is mentioned for other reasons. In all cases, the binary measure
of influence is constructed based on thresholds dividing the sample into two
groups of equal size.

28The Google News search for Archive settings enlarges the research from the oldest article that
the search engine is able to retrieve up to the date of the current research. The last access to this
research was on December 7, 2017.
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Banks, City and Stock Price

We determine whether a forecaster is a financial institution by referring to
each forecaster’s official web page and relying on how the institution describes
herself. We label those which best can be described as a financial institution
as Banks. We also assert that all the institutions labeled as Banks are quoted
on international financial markets. We also propose an alternative measure of
stakes based on the geographical location of each forecaster. Specifically, we
make use of the group assignment to City or Non-City made by HM Treasury
in its data collection Forecast for the UK Economy under the assumption that
forecasters located in the City of London’s financial district have higher stakes
than the others.

For the investigation of the intensive margin, we have computed for each in-
stitution the percentage decline in the stock market price after the referendum.
Specifically, between the referendum date (since both the London and the New
York stock markets closed before the announcement of the referendum results)
and the second banking day after the referendum results (see Figure 6). We
make this choice based on the stylized fact that the decline in market prices
has been continuous not only on the very first day after the vote (a Friday) but
also on the subsequent Monday. The data source for this analysis is Thomson
Reuters Eikon (n.d.).
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A.3 Figures and Tables
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Figure A1. Brexit and the Economy Approaching the Referendum
Notes: The figure shows the Google Trends summary reports for the search entries “brexit
GDP,” “brexit pound” and “brexit economy” on a daily basis before the referendum. Source:
Authors’ elaboration on data from Google Trends.
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Figure A2. Opinion Polls and Bookmakers’ Odds Approaching the Referendum

Notes: Panel (a) reports the daily averages of all opinion polls recorded by the Financial Times
between January 2015, before the official announcement of the referendum, and June 22, 2016.
Source: Authors’ elaboration on data from the FT Research, n.d. Panel (b) reports the daily
average of the odds released by all bookmakers recorded by the portal Betdata.io from the
announcement of the referendum date until June 22, 2016. Source: Authors’ elaboration on
data from BetData, n.d. In both panels, dashed lines represent the referendum result.
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Figure A3. Comparative Dynamics with respect to the Exogenous Parameters

Notes: The figure reports the evolution of FL
j,t and FR

j,t over time. Dashed lines represent yL

and yR, while solid lines as well as dotted and dashed-dotted represent forecasts. Black lines
represent variables referring to state L, while red lines represent variables referring to state R.
In each graph, one parameter at the time is allowed to vary according to the values reported in
the legends. τ j is held constant at 0.1, so that γ j is on average equal to 0.04, and η j is held
constant at 0.95. All other parameters have been calibrated as described in Section A.1.
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Figure A4. Baseline Calibration

Notes: The figure reports the evolution of FL
j,t and FR

j,t over time. Dashed lines represent yL

and yR, while solid line report the median forecast based on 100 simulated economies while
the dotted lines report the 1st and 99th percentiles. Black lines represent variables referring to
state L, while red lines represent variables referring to state R. τ j is held constant at 0.1, so that
γ j is on average equal to 0.04, and η j is held constant at 0.95. All other parameters have been
calibrated as described in Section A.1.
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Figure A5. Distribution of Sampled Forecasters by Industry
Notes: All forecasters surveyed by HM Treasury between January 2012 and April 2018. The
figure reports the proportion of forecasters in the sample belonging to each of the industries
specified in the horizontal axis.
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Slope =  0.228***
S.E. =  0.034
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Figure A6. Correlation between Short and Medium-term Forecasts
Notes: All forecasters surveyed by HM Treasury between January 2012 and June 2016 which
reported within the same release both short-term and medium-term forecasts. The figure reports
the bivariate regression Ft+3

j,t = α +Ft+1
j,t + ε j,t . Heteroskedasticity-robust standard errors are

reported. *,**,*** represent the 10%, 5%, 1% significance levels. Markers represent the sample
average of Ft+3

j,t within bins of 0.1 percentage points of Ft+1
j,t .
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(a) Google Trends
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(b) Google News
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Figure A7. Google Measures
Notes: All forecasters surveyed by HM Treasury between January 2012 and April 2018. The
horizontal axis shows a forecaster ID. Panel (a) plots the number of searches (in logarithms) that
the general public has done for each institution according to Google Trends. Panel (b) plots the
number of citations (in logarithms) that each institution has reported in Google News. In both
panels, the horizontal line represents the threshold used to assign binary measures of influence
used in the extensive margin analysis.
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(a) June 2016
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(b) July 2016
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Figure A8. Forecast for the 2017 GDP Growth Rate Before and After the Referendum

Notes: All forecasters surveyed by HM Treasury in June and July 2016. The relevant measure
of stakes is to be a financial institution (Banks). The relevant measure of influence is Google
Trends (see Section 3.4 for details). Each marker represents an individual GDP growth forecast
for period t +1. Black non-circle markers represent forecasters with stakes or influence, while
gray circle markers represent the control institutions.
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(a) Banks and Google Trends
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(b) Banks and Google News
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(c) City and Google Trends
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(d) Banks
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(e) Google Trends
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Figure A9. Pre-Referendum Trends for all Measures of Stakes and Influence
Notes: Each graph plots the average GDP growth forecast for period t + 1 among institutions
belonging to each of the different groups under investigation between January 2015 and Decem-
ber 2016. Specifically, black lines represent the group under investigation as defined is Section
3.5, while gray lines represent the remaining control institutions.
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Figure A10. Influence by Newspaper
Notes: The graph reports the natural logarithm of the number of articles mentioning the fore-
casts for GDP growth released by each forecaster in different daily newspapers during 2015.
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(a) Banks and Google Trends
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(b) Banks and Google News
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(c) City and Google Trends
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(e) Google Trends
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Figure A11. Estimated Propaganda Bias at Different Points in Time
Notes: In each graph, we replicate the results in Table 1, columns (2)–(6) by assuming a placebo
referendum at every month between January 2015 and April 2018. All specifications include
forecasters’ fixed effects and survey fixed effects. The dependent variable is GDP growth rate in
period t +1. The line represents the estimated coefficient for β0. The dark gray area represents
the five surveys included in the results presented in Table 1, while the light gray area represents
result estimated for surveys released during the same month of the following year.
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(a) Stock Prices
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(b) Google News
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Figure A12. FL
j,k−FR

j,k as a Function of Stakes and Influence

Notes: Panel (a) reports the bivariate regression FL
j,k−FR

j,k = α +βStockPrice j + u j,k. Panel
(b) reports the bivariate regression FL

j,k−FR
j,k = γ +δGoogleNews j + v j,k. In both panels, FL

j,k
represents the forecast published in July 2016 by each institution and FR

j,k the forecast published
in June 2016. Heteroskedasticity-robust standard errors are reported. *,**,*** represent the
10%, 5%, 1% significance levels. Markers represent the sample average of FL

j,k−FR
j,k within

bins of 0.04 standard deviation units of StockPrice and GoogleNews.
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(c) City and Google Trends
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(d) Banks

-1
.5

-1
-.5

0
.5

Es
tim

at
ed

 C
oe

ffi
ci

en
ts

-40 -30 -20 -10
Surveys before referendum in the sample

(e) Google Trends
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Figure A13. Sensitivity to Changes in the Time Span
Notes: All forecasters surveyed by HM Treasury between January 2012 and April 2018. The
dependent variable is GDP growth rate in period t +1. In each graph, we replicate the results in
Table 1, columns (2)–(6) by estimating with the support of sample that spans a different number
of months. The black solid line represents estimated coefficients, while dotted lines represent
the 95% confidence intervals. All specifications include forecasters’ fixed effects and survey
fixed effects.
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(a) Google Trend
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(b) Google News

-1
.2

-.6
0

.6
1.

2
Es

tim
at

ed
 C

oe
ffi

ci
en

ts

-5 -4 -3 -2 -1 0 1 2 3 4 5
Fewer/More influential institutions

Figure A14. Sensitivity to the Definitions of Influence
Notes: All forecasters surveyed by HM Treasury between January 2012 and April 2018. The
dependent variable is GDP growth rate in period t + 1. In each panel, we estimate (15) by in-
cluding in or excluding from the group of institutions with influence up to five forecasters before
interacting with the stakes measure (Banks). All specifications include forecasters’ fixed effects
and survey fixed effects. Standard errors are robust to two-way clustering at the forecaster and
the survey levels. For all regressions, graphs report estimated coefficients and 95% confidence
intervals.
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Figure A15. Monte Carlo Simulation: Random Assignment to Groups
Notes: All forecasters surveyed by HM Treasury between January 2012 and April 2018. The
dependent variable is GDP growth rate in period t + 1. We perform a Monte-Carlo simulation
with 10,000 draws, in each of which we randomly assign half of the institutions to one group and
the other half to another group. At each draw, we then estimate equation (15). All specifications
include forecasters’ fixed effects and survey fixed effects. We then plot the empirical density
of estimated coefficients. Vertical lines represent the estimated coefficient obtained in columns
(2)–(6) of Table 1. The areas shaded in gray show the 1%, 5% and 10% tails of the distribution.
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Table A2. Timeline of the United Kingdom European Union Membership Referendum

Jan. 22, 2013 •
Prime Minister David Cameron announced that a referendum on EU
membership would be held before the end of 2017, on a renegotiated
package, if elected in 2015

May 22, 2014 •
The UK Independence Party (UKIP) gets 26 percent of the vote in
European elections and becomes the largest UK party in the European
Parliament

May 7, 2015 • The Conservative Party won the majority in 2015 general elections

May 27, 2015 • The European Union Referendum Act 2015 (c. 36) was unveiled in the
Queen’s Speech

Dec. 17, 2015 • The Act is given Royal Assent

Jan. 5, 2016 • PM Cameron says ministers are free to campaign on either side

Feb. 20, 2016 • PM Cameron announced the referendum date (23 June 2016)

Apr. 15, 2016 • Start of the official campaign period

May 6, 2016 • Start of British Election Study panel (Wave 8)

May 23, 2016 • Release of HM Treasury analysis: the immediate economic impact of
leaving the EU

June 22, 2016 • End of British Election Study panel (Wave 8)

June 23, 2016 • The United Kingdom European Union membership referendum

June 24, 2016 • PM Cameron announces resignation after vote for Brexit

July 9, 2016 • A petition calling for a second referendum was rejected by the
Government

July 11, 2016 • Theresa May formally declared leader of the Conservative Party

July 13, 2016 • Theresa May appointed Prime Minister by Queen Elizabeth II

Jan. 24, 2017 • The Supreme Court: the Government needs parliamentary approval to
trigger Article 50

Mar. 29, 2017 • Prime Minister Theresa May triggers Article 50, which starts the clock
on the process of the UK leaving the EU

Jan. 31, 2020 • The United Kingdom left the European Union

Notes: This table reports the key dates of the UK membership referendum, before and after the
vote. Source: Authors’ elaboration on information from https://www.bbc.com/news/politics.
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Table A3. Forecasts Before Referendum Announcement, by Forecaster Type
(a) Commercial Bank

Variable Mean St. Dev. Obs.

GDP 2.038 0.730 350
Private consumption 1.921 0.819 350
Fixed investment 4.874 3.227 350
Government consumption -0.368 0.966 348
Total exports 4.229 1.739 339
Total imports 3.727 1.905 337

(b) Industry / Trade group

GDP 2.242 0.543 42
Private consumption 2.176 0.577 42
Fixed investment 4.992 1.522 42
Government consumption 0.123 0.885 42
Total exports 3.978 1.230 42
Total imports 3.421 1.073 42

(c) International

GDP 2.037 0.569 14
Private consumption 1.882 0.519 7
Fixed investment 9.350 5.445 12
Government consumption -0.970 1.109 7
Total exports 3.488 0.902 14
Total imports 2.831 0.856 14

(d) Investment Bank

GDP 1.862 0.756 163
Private consumption 1.833 0.895 162
Fixed investment 4.005 2.227 162
Government consumption 0.043 1.079 162
Total exports 3.351 1.364 161
Total imports 3.232 1.403 161

(e) Other Financial

GDP 2.001 0.678 93
Private consumption 2.080 0.715 93
Fixed investment 5.072 1.833 93
Government consumption -0.667 0.832 93
Total exports 4.105 1.631 93
Total imports 3.819 1.493 93

(f) Research / Consulting

GDP 1.945 0.685 364
Private consumption 1.850 0.882 364
Fixed investment 4.760 2.334 363
Government consumption -0.055 1.140 362
Total exports 3.264 2.427 320
Total imports 3.014 2.591 320

Notes: All forecasters surveyed by HM Treasury between January 2012 and April 2018. All
variables represent yearly growth rates (%) and refer to year t +1.
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Table A4. Descriptive Statistics

Variable Mean St. Dev. Obs.

GDP 1.792 0.721 1,643
Private consumption 1.724 0.853 1,620
Fixed investment 3.429 3.225 1,626
Government consumption 0.208 1.087 1,618
Total exports 3.556 1.785 1,520
Total imports 2.984 2.044 1,518

Notes: All forecasters surveyed by HM Treasury between January 2012 and April 2018. All
variables represent yearly growth rates (%) and refer to year t +1.
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Table A5. Aggregate Views around the Referendum

June 2016 July 2016

Variable Mean (St. Dev.) Mean (St. Dev.)

GDP 2.092 (0.339) 0.926 (1.041)
Private consumption 2.187 (0.399) 1.004 (1.370)
Fixed investment 4.234 (1.396) -1.288 (4.608)
Government consumption 0.705 (0.706) 0.830 (0.758)
Total exports 3.436 (1.619) 2.808 (1.685)
Total imports 3.269 (1.503) 1.278 (2.610)

Notes: All forecasters surveyed by HM Treasury in June and July 2016. All variables represent
yearly growth rates (%) and refer to year t +1.
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Table A6. Correlation Matrix of the Assignment to Groups

Banks City GTrends GNews Log(Trend) Log(News) Stock Price

Banks 1.00 0.82 0.45 0.36 0.50 0.55 0.79
City 0.82 1.00 0.46 0.37 0.49 0.58 0.71
GTrends 0.45 0.46 1.00 0.73 0.86 0.68 0.43
GNews 0.36 0.37 0.73 1.00 0.59 0.74 0.46
Log(Trend) 0.50 0.49 0.86 0.59 1.00 0.62 0.43
Log(News) 0.55 0.58 0.68 0.74 0.62 1.00 0.53
Stock Price 0.79 0.71 0.43 0.46 0.43 0.53 1.00

Notes: Correlation between the groups described in Section 3.4. All forecasters surveyed by
HM Treasury between January 2012 and April 2018. Banks is an indicator taking the value
1 if the institution self-reports itself as a financial institution on the official website, and 0
otherwise. City is an indicator taking the value 1 if the institution is located in the City of
London according to HM Treasury information, and 0 otherwise. Google Trend is an indicator
taking the value 1 if the institution has a score above the threshold value reported in Figure
A7a and 0 otherwise. GNews is an indicator taking the value 1 if the institution has a score
above the threshold value reported in Figure A7b, and 0 otherwise. Log(Trend) and Log(News)
are the continuous measures of influence associated with GTrends and GNews. Stock Prices
is a continuous variable representing the drop in capitalization of each company between the
referendum day and two days after.
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Table A7. Correlation Matrix: Influence by Newspaper

Financial Times The Times The Daily Mail The Guardian The Telegraph

Financial Times 1.00 0.48 0.49 0.44 0.39
The Times 0.48 1.00 0.35 0.67 0.72
The Daily Mail 0.49 0.35 1.00 0.49 0.35
The Guardian 0.44 0.67 0.49 1.00 0.58
The Telegraph 0.39 0.72 0.35 0.58 1.00

Notes: Correlation between number of times in which the forecast released by each forecaster
has been reported in each of the considered newspapers in 2015. All forecasters surveyed by
HM Treasury between January 2012 and April 2018.
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Table A8. Reaction to Negative Economic Events

Stakes

Financial Crisis Terrorist Attacks

(1) (2) (3) (4)
Group × Event -0.127 -0.092 -0.029 -0.009

(0.189) (0.194) (0.097) (0.106)
Group × Event (+1) -0.173 -0.179 -0.150 -0.105

(0.155) (0.154) (0.098) (0.098)
Group × Event (+2) -0.530*** -0.456** -0.025 -0.031

(0.204) (0.213) (0.095) (0.100)
Group × Event (+3) -0.431* -0.320 -0.021 -0.060

(0.228) (0.237) (0.089) (0.095)

Group × Event (-1) -0.104 -0.031 0.042 0.054
(0.191) (0.201) (0.114) (0.124)

Group × Event (-2) -0.375* -0.390* 0.224** 0.270**
(0.198) (0.204) (0.111) (0.109)

Group × Event (-3) -0.204 -0.308 -0.024 -0.082
(0.191) (0.193) (0.077) (0.081)

Group × Event (-4) -0.108 -0.114 0.122 -0.006
(0.175) (0.178) (0.090) (0.088)

Group × Event (-5) -0.034 -0.096 0.026 0.025
(0.163) (0.174) (0.101) (0.103)

Observations 1,954 1,954 1,632 1,632
R2 0.885 0.885 0.717 0.717
Fixed Effects � � � �
Survey Effects � � � �
Measure of Stakes Banks City Banks City
Measure of Influence

Notes: Columns (1) and (2): All forecasters surveyed by HM Treasury between January 2004
and December 2010. Columns (3) and (4): All forecasters surveyed by HM Treasury between
January 1998 and December 2003. The dependent variables is the GDP growth rate in period
t + 1. For each column, the column title defines the relevant group assignment. All specifica-
tions include forecaster fixed effects and survey fixed effects. The estimated equation is (15),
assuming that everyone is influential. Columns (1) and (2): k = 0 on the occasion of the first
survey after the bankruptcy of the Lehman Brothers Holdings Inc. on September 15, 2008.
Columns (3) and (4): k = 0 on the occasion of the first survey after the attack to the World
Trade Center in New York on September 11, 2001. Standard errors robust to two-way cluster-
ing at the forecaster and the survey levels are in parentheses. *,**,*** represent the 10%, 5%,
1% significance levels.
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Table A9. Propaganda Bias at the Intensive Margin: Influence by Google News

Stakes × Influence Stakes Influence

(1) (2) (3) (4) (5)
Group × Ref. × Stock Price -0.431*** -0.319*** -0.330***

(0.096) (0.107) (0.098)
Group × Ref. × log(News) -0.602*** -0.253 -0.833***

(0.152) (0.155) (0.146)

Observations 1,643 1,643 1,643 1,643 1,643
R2 0.771 0.770 0.771 0.770 0.772
Fixed Effects � � � � �
Survey Effects � � � � �
Measure of Stakes Banks Banks Banks Banks
Measure of Influence GNews GNews GNews GNews

Notes: All forecasters surveyed by HM Treasury between January 2012 and April 2018. The
dependent variable is GDP growth rate in period t+1. For each column, the column title defines
the relevant group assignment. Stock Price and log(News) have been standardized to have mean
0 and variance 1. In all specifications, continuous measures of stakes and influence have been
standardized to have zero mean and unit variance. All specifications include forecaster fixed
effects and survey fixed effects. The estimated equation is (16). Standard errors robust to two-
way clustering at the forecaster and the survey levels are in parentheses. *,**,*** represent the
10%, 5%, 1% significance levels.
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Table A10. Estimation of Propaganda Bias: Alternative Google News Measures

Stakes × Influence

(1) (2) (3) (4)
Group × Referendum -0.745*** -0.413** -0.745*** -0.753***

(0.185) (0.193) (0.188) (0.215)
Group × Ref. (+1) -0.529*** -0.654*** -0.656*** -0.209

(0.177) (0.174) (0.177) (0.206)
Group × Ref. (+2) -0.471*** -0.511*** -0.514*** -0.401***

(0.148) (0.143) (0.144) (0.151)
Group × Ref. (+3) -0.473*** -0.484*** -0.473*** -0.388**

(0.154) (0.149) (0.155) (0.156)
Group × Ref. (+4) -0.157 -0.064 -0.157 -0.409***

(0.120) (0.129) (0.122) (0.129)

Group × Ref. (-1) 0.005 -0.010 0.044 0.071
(0.093) (0.098) (0.096) (0.093)

Group × Ref. (-2) -0.026 -0.137 -0.026 0.090
(0.098) (0.098) (0.098) (0.097)

Group × Ref. (-3) -0.067 -0.117 -0.017 0.074
(0.090) (0.090) (0.092) (0.088)

Group × Ref. (-4) 0.081 -0.008 0.081 0.175*
(0.097) (0.112) (0.098) (0.099)

Group × Ref. (-5) -0.168 -0.112 -0.114 -0.080
(0.110) (0.114) (0.116) (0.111)

Observations 1,643 1,643 1,643 1,643
R2 0.776 0.774 0.777 0.775
Fixed Effects � � � �
Survey Effects � � � �
Measure of Stakes Banks Banks Banks Banks
Measure of Influence GNews Gnews Archive Gnews + GDP GNews + GDP

Forecast

Notes: All forecasters surveyed by HM Treasury between January 2012 and April 2018. The
dependent variable is GDP growth rate in period t +1. The relevant group assignment is Stakes
x Influence. In Column (1), the measure of influence is the Google News measure as described
in Section 3.4. In Column (2), we extend the search to Archive settings. In Column (3), we
require the media release to contain the word “GDP”, while in column (4), we require the media
release to contain both the words “GDP” and “forecast”. All specifications include forecaster
fixed effects and survey fixed effects. The estimated equation is (15). Standard errors robust to
two-way clustering at the forecaster and the survey levels are in parentheses. *,**,*** represent
the 10%, 5%, 1% significance levels.
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1 Introduction
Elections empower voters to select the most preferred politician and ensure
the accountability of elected officials. However, the empowerment is limited
when voters lack sufficient knowledge regarding the traits of competing can-
didates. Often, voters use observable signals to infer crucial information about
candidates before the election. For example, voters can use fiscal-policy out-
comes and economic-performance indicators to learn about the incumbent’s
ability to handle the economy. Since voters lack sufficient information, the in-
cumbent candidate can attempt to raise the reelection probability by adjusting
the tax-collection and public-spending composition before an election. This
is the well-known Political Budget Cycle.1 When a political budget cycle is
rampant and voters fail to consider its repercussions, elections fail to deliver
an effective selection and good accountability of politicians.

This paper documents the existence of Political Forecast Cycles. Policy
outcomes and economic realizations help voters to learn about the incumbent
government. However, elections often occur before the complete realization
of policy decisions’ effects on public goods or economic growth. Therefore, to
thoroughly evaluate the incumbent candidate, voters need to form expectations
about the future effects of policies. Forming such expectations is challenging,
and voters need to seek readily available information.2 Macroeconomic fore-
casts published by governments are publicly available and reported in mass
media. Voters may use these forecasts when forming beliefs about the econ-
omy and the incumbent politician’s ability. When voters interpret economic
performance as a signal of a leader’s ability, the incumbent leader can gain
an electoral advantage by intentionally manipulating the forecasts released to
the public before an election.3 Hence, on top of strategically using fiscal pol-
icy, the incumbent government may also strategically use the policy-outcome
forecasts to gain an electoral advantage.4

We provide a theoretical rationale and empirical evidence of electoral in-
centives in macroeconomic forecasts released by the government. We show,
in a theoretical model of political selection, that governments release overly

1The early literature by Nordhaus (1975) and MacRae (1977) on political business cycles pro-
vided models where politicians exploit the so-called Phillips curve by inflating the economy
during election years to reduce unemployment. Rogoff and Sibert (1988) and Rogoff (1990)
expanded the literature to variables such as taxes, government spending, and deficits, resulting
in the vast literature on political budget cycles.
2Voters do not invest in costly information since the probability of casting the decisive vote is
negligible (Downs, 1957).
3See, for example, Markus (1988, 1992) and Bagues and Esteve-Volart (2016) for empirical
evidence that general economic conditions shape voters’ support for the incumbent.
4The notion of politically compromised forecasts can be further motivated by anecdotal ev-
idence. After the 2010 general election in the United Kingdom, the newly appointed govern-
ment created the Office for Budget Responsibility for the primary purpose of providing unbiased
forecasts and ending government interference with economic and fiscal forecasting (Giugliano,
2015, in the Financial Times).
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optimistic GDP growth forecasts just before general elections. Using high-
frequency forecaster-level data from the United States, the United Kingdom,
and Sweden, we confirm key model predictions. We document that govern-
ments overestimate short-term GDP growth by 10 to 13 percent during cam-
paign periods. Furthermore, we find that the bias is larger when the incumbent
government is not term-limited or constrained by a parliament led by the op-
position. Consistent with the model, we also find that the election timing and
amount of available information determine the size of the bias at different
forecast horizons.

Our theoretical framework adapts the Persson and Tabellini (2002) model
of political selection by allowing the government to release forecasts for GDP
growth to the public. In the model, voters use the forecasts to update their
beliefs about the incumbent’s ability before casting a vote. The incumbent
politician faces a trade-off between the accuracy of the released forecast (due
to reputational concerns) and the incentive to bias the estimates to increase
reelection probability.

The first prediction of the model is that the government releases overly op-
timistic GDP growth forecasts before an election. Hence, the model predicts
the existence of political forecast cycles. Second, we show that the incumbent
government biases its estimates only in the presence of contingent electoral
incentives. For example, incumbents who can run for reelection are predicted
to bias their forecasts more than term-limited incumbents. Third, we show
that the bias depends on the political strength in parliament of the incumbent
government. For instance, a government politically aligned with the parlia-
ment releases more biased estimates than a government facing a parliament
controlled by the opposition. We can also interpret this prediction through
the lens of Jones and Olken (2005). They show that there is a stronger link
between individual leaders and economic growth when there are fewer con-
straints and checks and balances on a leader’s power. In our model, the bias
is larger when the link between the politician’s ability and the economic out-
come is stronger. Fourth, the month of the year in which elections occur pre-
dicts whether the government biases the forecasts targeting the election-year
outcome or the following year’s growth. In our model, biased forecasts for the
election year’s GDP growth are more effective in shaping the voters’ beliefs.
However, they are also more costly for the government than biased forecasts
for the following year’s outcome. When elections are held later in the year, the
marginal cost of bias dominates the expected marginal benefit and the incum-
bent bias its forecasts for future growth rather than for growth in the election
year.

To test the model’s theoretical predictions, we propose an empirical strategy
that allows us to identify cycles using country-level data even in the absence of
sharp quasi-experiments. We exploit the multiplicity of agencies that release
forecasts for a country’s GDP growth on a high-frequency basis to compare
forecasters targeting the same outcome. More specifically, our data allow us
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to identify electoral cycles by combining three different sources of variation.
We compare forecasts released by the government with forecasts released by
other institutions in the same period, forecasts released before the election and
those released after it within the same year, and forecasts released in election
years and those released in off-election years. The countries in our sample
differ in terms of institutions since we include presidential and parliamentary
democracies as well as majoritarian and proportional electoral systems. Also,
the frequency and the timing of elections differ since we include countries
voting every second year, countries voting more seldom, and countries voting
both earlier and later in the year. These institutional differences strengthen our
empirical results’ external validity and allow us to test the theoretical predic-
tions.

For all three countries, we detect large electoral cycles in the forecast bias
for short-term GDP growth. In other words, we detect the existence of political
forecast cycles. In our estimations, we find that the coefficient of interest—
which captures the additional impact of the pre-election months on the bias in
government forecasts—ranges between 0.16 and 0.31 percentage points. As
compared to average GDP growth in our samples (2.5% in the U.S., 1.6% in
the U.K., and 2.3% in Sweden), our results suggest that governments overes-
timate economic performances by 10 to 13 percent ahead of elections.

Consistent with the theoretical predictions, we find that the election timing
matters. Specifically, we find that, in the United States, where elections occur
late in the year, the government releases biased forecasts targeting the follow-
ing year instead of the election year. We find for the United Kingdom, where
elections in our sample take place during the spring, a bias in the forecasts
targeting the election year but not the following year. We find for Sweden,
where elections take place in September, that the government releases biased
forecasts for both the election year’s and the following year’s outcome during
campaign periods.

We take advantage of the presence of term-limits and cases of divided gov-
ernment in the United States to test the other theoretical predictions. Consis-
tent with the model, the results show that the bias is more pronounced when
the president has contingent individual reelection incentives and the party of
the president has the majority in both branches of Congress. Thus, this high-
lights electoral incentives as the primary channel behind the evidence of the
overestimation of GDP growth approaching elections.

The theoretical model also shows that it is inefficient to release biased fore-
casts if voters are rational—i.e., expect the government to overestimate eco-
nomic growth—because it is costly to bias while the probability of being re-
elected does not increase in equilibrium. In contrast, if voters do not expect
the government to release biased forecasts, the incumbent politician will gain
electoral advantage from the bias since there would be an impact on poste-
rior beliefs about the politicians’ ability. Hence, the bias in equilibrium leads
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to an increase in reelection probability only in the case of naive voters, and,
subsequently, the bias results in an incumbency advantage.

The inefficient outcome in the case of rational voters arises since the politi-
cians cannot credibly commit not to bias and are forced to bias since voters ex-
pect them to. The data availability and institutional settings in Sweden and the
United Kingdom allow us to evaluate two possible tools available to the gov-
ernment to commit not to bias. First, we exploit the reform after the 2010 gen-
eral election that outsourced the government’s primary forecasting function in
the United Kingdom from the H.M. Treasury to the Office for Budget Respon-
sibility (OBR). This reform was motivated by the notion of politically com-
promised forecasts and aimed to end government interference with economic
and fiscal forecasting (Giugliano, 2015, in the Financial Times). Our results
show that outsourcing the forecasting function reduced the overall forecast er-
ror compared to the period before the reform. However, it failed to reduce
or eliminate the cyclical bias estimated in proximity to elections—suggesting
that outsourcing does not necessarily represent a credible commitment device.
Second, we exploit the heterogeneity across forecasters in the public sector
in Sweden. Several public agencies provide forecasts that are independent of
those released by the Ministry of Finance. We find that only the Ministry of
Finance releases biased forecasts approaching elections. Other administrative
agencies, which either are independent from the central government or have
mild connections to it, release estimates that do not follow the election cycle.
These results indicate that governments can limit the damage to voters gener-
ated by biased forecasts if other agencies release unbiased information to the
public.

While our model only considers the potential loss to voter welfare, biased
forecasts could also damage the economy from a broader perspective. Coibion
et al. (2018) show that firms care about macroeconomic variables such as GDP,
inflation, and unemployment. They also show that firms update their beliefs
(forecasts) when presented with forecasts from professionals. Furthermore,
Tanaka et al. (2019) show that firms’ GDP forecasts are associated with their
investment and employment choices. Hence, biased forecasts could result in
inefficient firm and household decisions if they fail to account for electoral
incentives.

This paper extends several strands of literature. First, it contributes to the
vast literature that studies electoral cycles.5 Even though the literature pre-
dominantly covers political budget cycles and the underlying conditions, it is

5Empirical evidence of electoral cycles in fiscal policy is well established and can be found in,
for example, Akhmedov and Zhuravskaya (2004), Alesina et al. (1992), Alesina and Paradisi
(2017), Bartolini and Santolini (2009), Brender and Drazen (2013), Drazen and Eslava (2010),
and Repetto (2018); and Shi and Svensson (2006). The literature has also expanded to study
the underlying conditions for political budget cycles: country development (Schuknecht, 1996),
political fragmentation (Perotti & Kontopoulos, 2002), transparency and political polarization
(Alt & Lassen, 2006), media freedom (Veiga et al., 2017), budget process and checks and
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not limited to electoral cycles in fiscal policy. For example, Brown and Dinc
(2005) and Dam and Koetter (2012) provide evidence for electoral cycles in
bank bail-outs, and Müller (2020) identifies electoral cycles in macropruden-
tial regulations. We contribute by establishing that government forecasts fol-
low the election cycle and directly impact the re-election of incumbent politi-
cians. More specifically, we show that releasing biased forecasts is sufficient
for generating an incumbency advantage if voters do not expect the govern-
ment to release biased estimates. Thus, we also extend the literature on the
mechanisms behind incumbency advantages, often observed in the data.6

Second, we highlight a theoretical and empirical connection between elec-
toral incentives and bias in forecasts released by the government. Previous
work has focused on bias in revenue forecasts as a tool to not comply with
balance-budget requirements both in election and off-election years (e.g., Bohn
& Veiga, 2020; Picchio & Santolini, 2020). Others have drawn attention to
cognitive biases worsening the quality of the forecasts in abnormal macroe-
conomic periods (Krause, 2006) and depending on party ideology (Frendreis
& Tatalovich, 2000).7 More broadly, we contribute to research on strategic
incentives of macroeconomic forecaster (e.g., Laster et al., 1999; Marinovic
et al., 2013) by establishing the different trade-offs faced by the government
as compared to private forecasters. This paper generalizes the work in Cip-
ullo and Reslow (2021), which introduces the concept of electoral incentives
of macroeconomic forecasters theoretically and empirically. The analysis in
Cipullo and Reslow (2021) is limited to cases of referenda with substantial
potential consequences for the economy. This paper shows that governments
systematically released biased estimates approaching each election.

The results in this paper also highlight a need for watchfulness in the macroe-
conomic literature. Macroeconomic forecasts are often used in research study-
ing, for example, information rigidity (e.g., Coibion & Gorodnichenko, 2015)
or economic uncertainty (e.g., Altig et al., 2020; Bomberger, 1996). Re-
searchers need to be careful regarding the incentives of forecasters, and con-
sider that some of them, during certain periods, may face electoral incen-
tives. For instance, greater disagreement between forecasters before an elec-
tion might depend on both increased economic uncertainty and divergent elec-
toral incentives.

balances (Saporiti & Streb, 2008), and politician characteristics (Hayo & Neumeier, 2012), to
mention a few.
6The existence of an incumbency advantage has empirically been confirmed in numerous papers
(e.g., Erikson, 1971; Freier, 2015; Gelman & King, 1990; Lee, 2008) There are several com-
monly invoked sources of incumbency advantage: access to resources (such as staff) attached
to legislative office, press coverage, name recognition, and pork-barrel spending.
7See also Krause et al. (2006), who isolates the relationship between political incentives and
government revenue forecasts by comparing the U.S. states in which the forecasting function
is controlled by a combination of politically appointed and merit-selected subordinates, with
states in which the forecasting function is completely controlled by politically appointed staff.
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2 Theoretical Framework
This section proposes a simple model to analyze the incentives that incumbent
politicians face when releasing GDP growth forecasts before an election. For
the purpose at hand, our model builds on the two-period career concern model
from Persson and Tabellini (2002) by allowing for purely office-motivated
politicians and exogenous fiscal policy as well as the forecasting function of
the government.

2.1 Setup
Consider a two-period model of voters and one incumbent politician who will
face a random opponent in an election held during the first period. In the first
period, the incumbent politician implements a fiscal policy and is tasked with
supplying forecasts about the economy to the public. When the incumbent
politician releases the forecasts, she can decide whether to release her best
(unbiased) prediction or release manipulated (biased) information. After the
election, the winner implements a fiscal policy during the second period.

Neither voters nor the incumbent politician perfectly observe the current or
future state of the economy. However, they do know the structure of the econ-
omy and prior distributions of relevant variables. In addition, the incumbent
politician receives noisy unbiased information about the economy. Before the
election, the incumbent politician releases the forecasts, and voters use noisy
media reports on the released forecasts when deciding on whom to support.

The politician in office is office-motivated and receives an exogenous rent
from holding office. This rent is zero otherwise. When the incumbent releases
the forecasts, she faces a trade-off between the accuracy of the forecasts and
the incentive to overestimate the state of the economy to increase the reelection
probability. Voters aim to elect the politicians that yield the highest future
economic outcome, net of ideological preferences, which are orthogonal to
the economy.

In this political economy, the economic outcome comes as a combination
of fiscal policy and an idiosyncratic shock to productivity. We think of GDP
growth as the economic outcome. In each period, the incumbent politician
implements a fiscal policy that comes exogenously as a function of her innate
ability. Formally, the economic outcome is given by

yT = ληP +νT , (1)

where ηP ∼ N (η̄ ,τ−1
η ) is the innate ability of the politician in office, and

νT ∼N (0,τ−1
ν ) is a productivity shock, orthogonal to ηP. The politician’s

true ability is unobserved by all individuals in the economy, including the
politician herself. The parameter λ ∈ (0,1), known to all individuals in the
economy, represents the fiscal-policy transformation from the ability to the
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performance of the economy.8 According to (1), the politician in this model is
not endowed with a tool to manipulate fiscal policy to increase the probability
of reelection. This assumption keeps the model more tractable and allows us to
show that bias in macroeconomic forecasts directly impacts electoral success.
The model consists of two periods, T = {1,2}. We think of a period as a
calendar year. The election is held during period one at time t ∈ (0,1). We
define t such that t → 0 represents the beginning of period one, and t → 1
represents the end of period one. Figure 1 illustrates the timing of the model.

Period One, T = 1 Period Two, T = 2

Election
t ∈ (0,1)t → 0 t → 1

Figure 1. Timing Illustration

2.2 Information
The true state of the economy, yT , is unobserved by voters and the incumbent
politician. However, just before the election takes place, at point t of the first
period, the incumbent receives two private signals about the future realizations
of the economy.9 Formally, the politician observes

ỹT = yT + εT , (2)

where εT ∼N (0,τ−1
εT,t

) is a random error. Hence, the government observes
signals for both periods’ outcomes.10 To model the fact that new information
about the economy increases in precision over time, we assume that τεT,t = τ

1
h ,

where τ > 1 is a scaling parameter and h = T − t is defined to be the forecast
horizon. The forecast horizon measures the distance between the realization
of the outcome and the release of the forecast. The true state of the economy
in a given period T is revealed to both voters and the politician as the period
ends.

8See, for example, Meriläinen (2020) for a study of the links between politician quality and
fiscal policy, Besley et al. (2011) for the link between leader education and economic growth,
and Jones and Olken (2005) who show that changes in political leadership lead to changes in
economic growth.
9To reduce the number of timing parameters in the model, we assume that the signals arrive and
the forecasts are released at the same time as the election is held.

10Note that during period one, the economic policy in period two is not yet realized. Hence, the
signal represents a reduced form expectation regarding the outcome—conditional on unchanged
economic policies, such that it implicitly assumes reelection of the incumbent.
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The shape of the functional form of the signal precision τεT,t accounts for
the fact that the precision in the signals that the incumbent politician receives
increases non-linearly in the forecast horizon when forecasting annual growth
rates. When the election is scheduled at the beginning of the period, then t→ 0
and τε1,t → τ while τε2,t → τ

1
2 . Conversely, if the election takes place at the

end of the period, then t → 1 and τε1,t → ∞ while τε2,t → τ . Hence, at t → 1,
the signal for the current year is received without noise and the government
observes the true state.11

As mentioned before, the incumbent politician is tasked with supplying
forecasts about the economy to the public. The politician first forms expecta-
tions about the economy using prior knowledge and the two signals

E(yT |ỹ1, ỹ2) = m0,T λη̄ +m1,T ỹ1 +m2,T ỹ2, (3)

where m0,T , m1,T and m2,T are optimal weights according to Bayesian updat-
ing.12 The incumbent politician then releases separate forecasts for targets
T = {1,2}, which are potentially biased by an additive factor bT :

FT = E(yT |ỹ1, ỹ2)+bT . (4)

We assume that voters receive forecast information via mass media.13 The
media observes the forecasts and generates a noisy report

F̃T = FT + eT , (5)

such that voters observe F̃T , where eT ∼N (0,τ−1
e ) is a random media error.

Noise in the media report reflects the observation that the media releases news
articles in which the official figures are mitigated in longer pieces of infor-
mation. The media noise also plays the technical role of keeping the model
probabilistic from the politician’s perspective.

2.3 Politician
The incumbent politician chooses an optimal bias in the forecasts by trad-
ing off accuracy of the estimates and the probability of reelection. Formally,
politician I chooses b1 and b2 to maximize her expected utility

max
b1,b2

�

(
pI(·)∣∣ỹ1, ỹ2

)
R− ∑

T∈{1,2}
τεT,t

(
bT

)2
, (6)

11See Figure A1a in the Appendix for an illustration of the signal precision as a function of t.
12Due to the common component λη I , the signal for the period one outcome, ỹ1, is informative
not only for the first period but also for the second period, and vice versa. See Section A.1 in
the Appendix for the weights.

13See, for example, Durante and Knight (2012), Durante et al. (2019), Gentzkow et al. (2011),
and Knight and Tribin (2018) for the media’s role in shaping beliefs as an information channel.
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where pI(·) is the probability that politician I wins the election held in period
1. R > 0 is the exogenous rent for holding office, and bT is the bias that the
politician has the opportunity to add to her forecast for target period T .

We assume that the cost of biasing a forecast for a given target is quadratic
in the bias.14 We also assume that the marginal cost of a forecast error is
decreasing in the precision of the available information. Hence, it is not as
costly to bias the forecast for the second period as it is for the first period since
the available information is more precise for the first period. Therefore, we
add to the cost component of (6) the precision in the signals, τεT,t = τ

1
h , as

a scaling term.15 Figure A1b in the Appendix illustrates the evolution of the
cost structure in (6) as t moves from 0 to 1. The figure shows that the cost is
relatively similar across the two target periods when the horizon is long and
explodes for period one when t approaches 1 since the forecast horizon then
approaches 0.

It is worth noting that the cost function is a reduced-form representation of
a more complex process. One way to think about the cost function is as a rep-
utation cost that negatively impacts future reelection probabilities and outside
options of the politician who releases biased information. The willingness to
maintain a reputation is often thought of as the mechanism that keeps politi-
cians in check (see, e.g., Besley & Case, 1995a).

2.4 Voters
Consider a continuum of voters indexed by i with total mass 1. We assume
that voters have period-by-period linear preferences over policy outcomes rep-
resented by W (yT ) = yT and ideological preferences against the incumbent
σi ∼ U [− 1

2φ ; 1
2φ ] with density φ > 0.16 Hence, the utility of voters can be

represented as

Ui,T = yT −σi. (7)

From (7) we see that voters care about the economy as well as having indi-
vidual ideology preferences. The ideology parameter σi captures all policy
preferences that are orthogonal to the economic outcome yT .

14Note that, according to (4), the bias is analogous with the expected forecast error. Quadratic
loss of the forecast error is a standard assumption and the most common in the forecasting
literature (see, e.g., Granger, 1999; Granger & Pesaran, 2000; Laster et al., 1999).

15The intuition for this assumption is as follows: When t → 1, the politician has perfect infor-
mation about y1, but not about y2. Hence, the cost of releasing a biased forecast should be
approaching infinity for period one, but not for period two. See, for example, Andersson et al.
(2017) for an analysis of the relationship between horizon and forecast error when forecasting
annual growth rates.

16These assumptions about the voters’ utility allow for an electorate that is not too polarized, so
that at least some voters can be persuaded by the forecasts.
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At the time of election, prospective voters decide whether to support the
incumbent from period one or the random opponent based on rational expec-
tations over future economic performance.17 Formally, voter i votes for the
incumbent if and only if

E

(
yI

2|F̃1, F̃2

)
−σi ≥ E

(
yO

2 |F̃1, F̃2

)
. (8)

Given that the productivity shock in (1) is orthogonal to either politician’s
abilities, the unique component of y2 that voters value for their decision is ηP.
Therefore, voters use the forecasts on economic performance released by the
incumbent government in period one as a signal of her innate ability η I . The
voter then decides whether to support the incumbent or vote for the random
opponent with expected innate ability E(ηO) = η̄ . Hence, we can rewrite the
decision problem as

E

(
λη I |F̃1, F̃2

)
−σi ≥ λη̄ . (9)

The decision rule in (9) shows that voters cast their vote based on the compar-
ison between the expected innate ability of the incumbent politician and the
expected ability of the challenger. The expected ability of the incumbent is
formed from observable information. In contrast, the expected ability of an
opponent, drawn at random, is equal to the average ability η̄ .

Voters perform Bayesian updating using the prior distribution of abilities as
well as the observed forecasts F̃1 and F̃2 to infer the ability of the incumbent
politician. Their posterior belief about λη I is given by

E
(
λη I |F̃1, F̃2

)
= γ0

(
λη̄

)
+ γ1

(
F̃1−E(b1|F̃1, F̃2)

)
+ γ2

(
F̃2−E(b2|F̃1, F̃2)

)
,

(10)

where γ0, γ1 and γ2 represent the optimal weighting according to Bayes’ rule.18

In equation (10), E(bT |F̃1, F̃2) represents the voters’ posterior belief about the
biases, consistent with all observables and Bayesian beliefs about unobserv-
ables. Hence, to form rational expectations about λη I , voters must take into
account that they cannot perfectly identify the λη I component in y1 and y2 due
to the productivity shocks νT , and the errors in the signals εT . They also need
to account for the media errors, eT , and the potential bias, bT , in the forecasts.

17Voters are prospective in the sense that the relevant utility outcome for the election decision
regards future policies and economic outcomes. However, they are retrospective in their be-
liefs formation. Voters form beliefs conditional on already implemented policies and a static
incumbent ability.

18See Section A.1 in the Appendix for the weights and Figure A1c for the dynamics of γT
with respect to the timing of the election. In the model, we assume that the voters only use
forecasts published by the government. If voters were to have access to additional information
or other forecasts, for example, from private forecasters, they would weight all the available
information. Hence, the voters’ weight on the government forecasts would be lower, and, in
turn, the politicians’ impact on voters’ beliefs would be lower, but still present. See Cipullo and
Reslow (2021) for a model with multiple forecasters.
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2.5 Equilibrium
Voters that are indifferent about the incumbent and the random opponent are
denoted swing voters, and according to (9) they are defined by

σ̃ = E

(
λη I |F̃1, F̃2

)
−λη̄ . (11)

All individuals who prefer the incumbent, and this preference is stronger or
equal to the preference of the swing voters, will support the incumbent. There-
fore, the equilibrium vote share for the incumbent politician is given by

π I =
∫ σ̃

− 1
2φ

φ di =
1
2
+φ

[
E(λη I |F̃1, F̃2)−λη̄

]
, (12)

while the probability that the incumbent politician wins the electoral competi-
tion is equal to

pI = P
(

π I >
1
2

)
= G

(
E(λη I |F̃1, F̃2)

)
, (13)

where G(·) is the cumulative distribution function of the random variable
λη̄ + γ1e1 + γ2e2 ∼ N

(
λη̄ ,τ−1

e (γ2
1 + γ2

2 )
)
.19 Substituting (13) in (6), and

taking politician’s expectations over (10), the politician maximizes

max
b1,b2

G
(
E
(
E(λη I |F̃1, F̃2)

∣∣ỹ1, ỹ2
))

R− ∑
T∈{1,2}

τεT,t

(
bT

)2
. (14)

The first-order conditions with respect to bT for an interior solution imply that

bT =
RγT

2τεT,t

g
(
E
(
E(λη I |F̃1, F̃2)

∣∣ỹ1, ỹ2
))

> 0, (15)

∀ T ∈ {1,2}, so that it is optimal for the government to release biased forecasts
for both periods when approaching an election. In equation (15), g(·) is the
probability density function associated with the cumulative distribution func-
tion G(·). In a Perfect Bayesian Equilibrium, voters’ beliefs about the bias in
the forecasts are consistent with optimal strategies, and strategies are optimal
given consistent beliefs, such that

E(bT |F̃1, F̃2) =
RγT

2τεT,t

g
(
E(λη I |F̃1, F̃2)

)
. (16)

Finally, the politician’s expectations over (16), which is needed to solve for
(15), closes the model implicitly.

19Hence, the random variable captures the uncertainty that arises due to the media error, eT .
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2.6 Model Predictions and Intuition
This section presents several testable model predictions and further intuition
for how to interpret the model parameters. While some predictions can be
derived directly from equation (15), we also solve the model using numerical
methods to derive additional predictions.20 The model predictions of interest
are as follows.

Prediction 1: existence of bias. The first and main prediction of the model
is the existence of bias. The model predicts that, during campaign periods,
the government will overestimate the forecast for both the election year (pe-
riod one) and the following year (period two) to influence voters’ beliefs. This
overestimation generates an electoral cycle in the forecast bias of the govern-
ment. The prediction follows directly from equation (15) and establishes a
theoretical rationale behind the existence of political forecast cycles.

Prediction 2: electoral incentives. Equation (15) shows that the bias is in-
creasing in R. This prediction is not surprising since R captures the strength of
the electoral incentives of the incumbent politician. Since term limits, which
prevent incumbents from running for reelection, represent a case of reduction
in R (see, e.g., Besley & Case, 1995a, 1995b), the model predicts that term-
limited incumbents will release more accurate forecasts than incumbents who
can run for reelection.21

Prediction 3: divided government. λ determines the correlation between
ability and economic growth. Hence, λ captures how strong the link between
ability and economic growth is and can be interpreted to capture the incumbent
government’s political strength. For instance, λ is higher when the president
is politically aligned with the parliament compared to when the government
is divided. Figure 2a shows that the bias is negligible for low values of λ
(i.e., when the incumbent politician’s ability plays a limited role in shaping
the economy) and the bias increases when λ increases. Therefore, the model
predicts that the bias is reduced if the government is not aligned with the par-
liament. We can also interpret this prediction through the lens of Jones and
Olken (2005). They show that there is a stronger link between individual lead-
ers and economic growth when there are fewer constraints and checks and
balances on a leader’s power.

Prediction 4: election timing. The month of the year in which elections
occur is a crucial ingredient of the model. Both the impact of a forecast on
the voters’ posterior belief about the incumbent’s ability and the marginal cost
of bias depend on the forecast horizon. In the model, the election timing is

20See Table A1 in the Appendix for calibration of parameter values.
21Harrington (1992) shows in an OLG model that infinitely lived parties that care for survival
into office also after the end of the incumbent politician’s career can induce the incumbent to
trade individual incentives for partisan incentives. In such cases, R is lower—not zero—for
term-limited incumbents. If parties do not affect the incumbent politician’s incentives, term
limits move R to zero. Our model, under both assumptions, predicts that term limits reduce the
bias.

99



determined by the parameter t. More specifically, t → 0 represents an election
held in the beginning of the year. t → 1, instead, indicates elections held at
the end of the year. Figure 2b shows that the model predicts that politicians
will strategically bias differently across the two available target periods, de-
pending on t. For small values of t, the bias is comparable between the two
targets. Although the period one forecast has a higher weight on voters’ poste-
rior beliefs about the incumbent’s ability, the cost is also always higher for the
first period than the second period. When t approaches one, the cost of biasing
the forecast for the first period rapidly approaches infinity while the influence
on voters’ beliefs is bounded. Therefore, for large values of t, it becomes rel-
atively more profitable for politicians to bias the forecast subject to only the
longer horizon, even if this has a lower impact on voters’ beliefs.22

(a) Divided Government
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Figure 2. Model Predictions
Notes: Model predictions based on the calibration presented in Table A1. The filled dots rep-
resent the bias in the forecasts targeting the election period (T = 1) while the non-filled dots
represent the bias in the forecasts targeting the following year (T = 2).

2.7 Commitment vs. Manipulation
Suppose voters are rational and expect the government to release biased esti-
mates. In this case, they can account for it in expectations, and the signaling
tool used by the politician will represent a Pareto inefficiency. The bias is
costly and neither increases the equilibrium probability of success nor helps
voters sort out able incumbents in equilibrium. However, politicians who can-
not commit credibly not to bias are forced to do so as long as voters expect
them to overestimate economic growth.

Suppose voters are naive in the sense that they do not expect the government
to overestimate the economy intentionally. In this case, the politician will gain

22See Figure A1 in the Appendix for the signal precision, cost of bias, and impact on voter beliefs
as a function of t.
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electoral advantage from the bias since posterior beliefs about the politicians’
ability would be affected by its magnitude. Compared to a counterfactual
world with no bias, voters then would be worse off because of systematic
voting mistakes, and incumbent politicians would be better off thanks to an
increased reelection probability.

We solve our model for the case of naive voters by imposing the condition
E(bT |F̃1, F̃2) = 0 instead of equation (16). Voters perform Bayesian updating
according to equation (10) but do not account for the bias, while the politi-
cian’s expectations about voters’ expectations are correct. Figure 3 documents
that the probability of reelection is higher for any level of innate ability when
voters are naive compared to when voters are rational. For instance, politicians
with average innate ability have a probability of reelection equal to 50 percent
when voters account for the bias. In contrast, the probability of reelection is
higher under the assumption of naive voters.23

Hence, the overestimation of economic growth generates an incumbency
advantage only if voters do not expect the government to release biased esti-
mates. The bias is present both in the case of rational and naive voters, yet
the mechanisms behind it and the consequences for the electoral competition
change substantially. While the bias arises from lack of commitment under ra-
tional voters, it comes from manipulation of voters’ beliefs if voters are naive.
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Figure 3. Reelection Probability under Rational and Naive Voters
Notes: Model prediction based on the calibration presented in Table A1. The filled dots repre-
sent the bias assuming naive voters while the non-filled dots represent the bias assuming rational
voters. We illustrate the reelection probability for the ability levels (η I) that lie within one-half
standard deviation from the mean of 2.

23For ability levels further away from the average, the gain in the probability of reelection is
attenuated.
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3 Institutional Background and Data
We test the predictions of the theoretical model by exploiting high-frequency
panel data at the forecaster level from the United States, Sweden, and the
United Kingdom. We have data that contains the short-term (current and next
year) GDP growth forecasts from multiple forecasters for all three countries.
The countries included in the sample are primarily selected because they sat-
isfy our data availability needs. We require at least bi-annual releases from
both the government and a pool of non-government forecasters—of which
one release is before and one is after the election day. Multiple countries
strengthen the external validity of our empirical results and allow us to test
the theoretical predictions by including countries that are heterogeneous in
terms of both electoral rules and institutions and the seasonality of elections
and length of electoral cycles. We combine the forecast data with real-time
data on the actual GDP growth realization in each year to measure the ex-post
forecast error.24 In the remainder of this section, we summarize the relevant
information about the form of government and national elections in the coun-
tries included in the sample as well as the sources and main qualities of the
data.

3.1 United States
Background. The United States is a presidential democracy. The union is
composed of fifty states, which elect their representatives to the national par-
liament (Congress) and participate in the election of the president. Elections
at any level are held on the first Tuesday after the first Monday in November
in even-numbered years.

Congress holds the legislative power and is formed by the House of Repre-
sentatives and the Senate. The members of the House of Representatives serve
two-year terms representing the people of a single constituency. The Senate
members serve six-year terms, with staggered elections, so that every second
year, approximately one-third of the Senate is up for election.

Presidential elections take place every fourth year.25 The popular vote for
the president is indirect. Each state is assigned as many delegates to the Elec-
toral College as its number of Congress members, and each state has the au-
thority to determine whether to assign all its delegates to the candidate with
the most votes or proportionally.26 Incumbent presidents are term-limited after

24GDP growth releases are subject to revision, and definition changes over time. Real-time data
make it possible to compare the observed economic growth with the released forecasts as they
represent the first release of the outcome available in each period.

25If the president resigns at some point during the term, the vice president steps in until the
natural end of the term. Since the first contested election held in 1796, the country has never
experienced early presidential elections.

26As of 2019, only Maine and Nebraska assign their delegates based on a proportional system.
Notice that the District of Columbia, which does not elect any voting member of Congress,
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two consecutive terms. The variation in the timing of elections has generated
relatively many cases of Divided Government, in which the party of the presi-
dent does not have the support of the majority of both branches of Congress.

Data. We build our panel of forecasts based on the Livingston Survey col-
lection. The Livingston Survey is a survey of banking, governmental, aca-
demic, and other forecasters. It was started in 1946 by the columnist Joseph
Livingston and is currently published in June and December every year. Our
data report GDP growth forecasts for the current and the next year released be-
tween 1972 and 2018.27 We create an indicator called government that takes
the value 1 for all forecasters labeled as Government in the Livingston Sur-
vey and 0 otherwise. We combine this data with real-time actual GDP growth
rate data from the Federal Reserve Bank of Philadelphia and information we
collected ourselves about relevant political variables. Panel A of Table A2 in
the Appendix presents descriptive statistics regarding our data for the United
States, and Figure A4a provides the forecast coverage by institution type.

3.2 Sweden
Background. Sweden is a parliamentary democracy. The national parliament
(Riksdagen) is composed of one house, elected every fourth year on the sec-
ond Sunday in September.28 Members of the parliament are elected based
on a proportional representation system in small constituencies and an entry
threshold of 4% of the votes.

The head of political power is the prime minister. After each general elec-
tion, the parliament votes on the incumbent prime minister and determines
whether she can remain in power or she has to step down. Every time the
prime minister resigns, the speaker holds consultations with the parties repre-
sented in parliament and appoints a new prime minister, who needs to receive
approval from the majority of the parliament.29

Data. Our analysis builds on real-time data collected by the National In-
stitute of Economic Research (Konjunkturinstitutet), reporting forecasts re-
leased between 1994 and 2018 for the current and next year’s growth by the
most prominent forecasters for the Swedish economy. The collection includes
financial institutions as well as public and international agencies, trade and

is awarded the same number of delegates as the lowest-represented states. Currently, D.C. is
guaranteed three members so that the members of the electoral college amount to 538.

27The collection of the survey has been the responsibility of the Federal Reserve Bank of
Philadelphia since 1990. The relevant forecasts for our study have been collected since 1972.

28Until 2010, general elections took place on the third Sunday of September.
29According to the Constitution, the parliament has four chances to approve the proposed prime
minister before an early election becomes mandatory. The most recent early election took place
in 1958.
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industry unions, and labor unions.30 We combine the forecast data with real-
time actual GDP growth data from Statistics Sweden (1994–1998) and the
OECD (1999–2018).

In Sweden, official forecasts are released independently by multiple gov-
ernmental divisions and agencies, which differ in terms of distance from the
electoral incentives of policymakers. We define the government forecasts to be
those released by the Ministry of Finance and are under the finance minister’s
direct control. The presence of several other government forecasters, such
as the National Institute of Economic Research, the Swedish Public Employ-
ment Service (Arbetsförmedlingen), the Swedish National Debt Office (Riks-
gäldskontoret), and the Swedish National Financial Management Authority
(Ekonomistyrningsverket), allows us to disentangle those who may have stakes
in the election results from those that are without incentives to affect voters’
beliefs.31 Panel B of Table A2 in the Appendix presents descriptive statistics
regarding our data for Sweden, and Figure A4b reports the forecast coverage
by institution type.

3.3 United Kingdom
Background. The United Kingdom is a parliamentary democracy. The na-
tional parliament is composed of the House of Commons and the House of
Lords. The head of the executive power is the prime minister, who is appointed
by the King or Queen. Conventionally, the monarch appoints the person who
is most likely to gather the confidence of the majority of the House of Com-
mons.32

Historically, the length of terms in the United Kingdom was not predeter-
mined by law, even if, in most cases, elections took place every fourth or
fifth year. Since 2011, the House of Commons is elected every fifth year
while membership to the House of Lords is granted by appointment, based on
heredity or official function. The House of Commons is the only house in the
parliament assigned the right to vote in favor of or against the government.

Early elections are called either when it is impossible to form a government
with the confidence of the House of Commons or following an explicit deci-
sion by the incumbent government, which has the formal power to choose the
election date. In this century, early elections were called in 2017 and 2019
since it has been difficult to approve the set of bills necessary to effect the

30The data collection is updated immediately when a forecaster releases a new update, so we can
observe the exact timing instead of a screen-shot determined by a survey date.

31The National Institute of Economic Research is an agency under the Ministry of Finance tasked
to perform independent analysis and forecasts for the Swedish and international economy as a
basis for economic policy.

32In the event of the prime minister’s resignation, or a loss of the confidence from the House
of Commons, the monarch has the opportunity of appointing a new prime minister, whose
government needs the support from the House of Commons.
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withdrawal from the European Union after the result of the 2016 Brexit refer-
endum. In both cases, early elections have been called following a decision by
the incumbent government.

Data. Government forecasts for GDP growth and other macroeconomic
indicators had been released by the H.M. Treasury (the U.K. Ministry of Fi-
nance) until the 2010 elections. Subsequently, the newly appointed conser-
vative government outsourced the task to a newly formed agency (Office for
Budget Responsibility), motivated by the presumption that the Labour party
had previously used the Treasury’s forecasts to boost their reelection probabil-
ity.

Our empirical analysis builds on the monthly survey Forecasts for the U.K.
economy, conducted and released by the H.M. Treasury, observed between
January 1998 and April 2018. The survey publishes forecasts for the current
and next year released by financial institutions as well as research companies,
industrial and public forecasters that are either located in the City of London’s
financial district or elsewhere. We merge this data with the government fore-
casts released by the H.M. Treasury itself, observed between 1998 and May
2010, and forecasts from the Office for Budget Responsibilities between June
2010 to the end of 2017.33 Real-time data on actual GDP growth is collected
from the OECD. Descriptive statistics for the United Kingdom are presented
in Panels C and D of Table A2 in the Appendix, while Figure A4c provides
the forecast coverage by institution type.

4 Empirical Strategy
The theoretical model presented in Section 2 predicts that the incumbent gov-
ernment manipulates the economic growth forecasts just before elections to
increase the probability of being reelected. The main empirical challenge is
that a significant forecast error might depend both on the attempt to influence
voters before the election and on confounders that make it more difficult to
develop forecasts approaching a vote. For instance, a comparison between the
ex-post forecast error that the government makes before and after the ballot
date would be affected by the different forecast horizons, as all pre-election
forecasts would systematically be released when relatively less information
is available. Similarly, a comparison between the forecasts released in elec-
tion years and the estimates published in off-election years would be affected
by the additional uncertainty that the election outcome generates (see, e.g.,
Bloom, 2014; Bloom et al., 2007), as well as by the presence of electoral cy-
cles in real macroeconomic variables (see, e.g., Alesina et al., 1992). Lastly, a

33In the main analysis, we restrict the sample to the observations collected before the decision to
outsource the forecasting competence to the independent OBR. In Section 5.2, we investigate
whether the replacement of forecasts released by the H.M. Treasury itself with the newly formed
independent agency had an impact on forecast errors and their potential election cyclicality.
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cross-sectional comparison between forecasts released by the government and
the ones released by other forecasters would be threatened by the potential dif-
ferences in available information between the government and other forecast-
ers and alternative incentives motivating the forecasting activity of national
governments and private firms.

Our data’s panel structure and high frequency allow us to alleviate the po-
tential endogeneity concerns by simultaneously combining three sources of
variation. In particular, we compare i) variation within a forecaster, across
different periods; ii) variation within each forecasting horizon, across fore-
casts released in election and off-election years; iii) variation within each year,
across predetermined election dates. The dependent variables of interest are
the ex-post forecast errors at different forecast horizons. We define the fore-
cast errors as the difference between the forecast and the real-time realization
of the outcome. The use of the forecast error as the dependent variable is
beneficial in two ways. First, it allows us to address whether the government
releases systematically different estimates than private forecasters during the
pre-election periods compared to differences in off-election periods. Second,
it provides information regarding which institutions were releasing on average
overly optimistic or pessimistic forecasts compared to the ex-post realization
of GDP growth.

We explore whether the government releases biased GDP growth forecasts
during campaign periods with the difference-in-differences model

Ei,h,T = θi +δh +μT +α campaignh,T +β governmenti× campaignh,T + 𝜖i,h,T ,
(17)

where Ei,h,T is the forecast error by institution i for the GDP growth outcome
in year T at horizon h. The forecast error is defined as the difference between
the forecast and the realization, and the horizon is defined as the difference (in
months) between the end of year T and the forecast’s release month. The in-
dicator campaignh,T takes the value one if the forecast is released in the same
year of a national election and before the election day and zero otherwise.
Likewise, governmenti is an indicator taking the value one if the forecaster is
defined to be the government and zero otherwise. θi is the forecaster fixed
effect, while δh and μT are respectively the horizon and the year fixed ef-
fects.34 For each country, we estimate equation (17) using the current-year
forecasts and the next-year forecasts, separately. Current-year forecasts are
those released within the same year to which the outcome refers, while next-
year forecasts are those released during the year preceding the target year of
the forecast.

The coefficient of interest, β , captures the government forecasts’ additional
forecast error during election campaigns compared to other institutions and

34For the United States, many forecasters are included in the sample only for a few years. To
not lose an important source of variation, we estimate a version of (17) for the United States in
which we replace the forecaster fixed effects with industry (type) fixed effects.
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the government itself in non-campaign periods. A positive and significant β
would imply that the government systematically overestimates GDP growth
during campaign periods, given the information available at the time of the
release. We also present the results using the following specification, in which
we replace the individual forecaster fixed effects with a common constant and
a government indicator:

Ei,h,T = θ +δh +μT +α campaignh,T +β governmenti× campaignh,T

+ψ governmenti + 𝜖i,h,T . (18)

The estimation of (18) is informative to show the overall robustness of our
findings and endow the reader with additional information on how the govern-
ment’s forecasts compare with the estimates published by other forecasters in
non-campaign periods.

The validity of the empirical strategy rests on two main identifying as-
sumptions. First, absent the campaign, the difference between the forecasts
released by the government and those released by other forecasters would re-
flect the difference observed by the two groups of forecasters in periods with-
out elections. This assumption reflects the standard parallel trends assumption
of difference-in-differences models. Second, the forecasts released by insti-
tutions in the control group should not be affected by political campaign in-
centives at the time of the release and should reflect the efficient use of the
available information. In Section 6, we perform several robustness checks to
alleviate potential concerns regarding our identifying assumptions.

The literature on opportunistic election timing often assumes that early
elections are timed for partisan advantage by incumbent governments to co-
incide with favorable circumstances, such as peaks in economic performance
(see, e.g., Balke, 1990; Kayser, 2005). Therefore, the empirical literature on
political budget cycles strongly relies on the exogeneity of the election sched-
ule with respect to the fiscal policy implemented by politicians. In the context
of this paper, this is of no concern. Favorable circumstances, such as high
economic growth, do not contest our results. Our analysis’s validity only re-
quires that governments do not call early elections as a consequence of overly
optimistic forecasts, which seems very unlikely. Moreover, as described in
Section 3, two of the three countries included in our sample have not called an
early election during the sample period.

We estimate the model separately for the United States, Sweden, and the
United Kingdom, taking a threefold advantage from showing evidence from
multiple countries. First, these countries vote in different months of the year.
Suppose the predictions of the model find support in the data. In this case,
the governments in each of the countries should bias differently across fore-
cast targets based on whether elections are held at the beginning, in the mid-
dle, or at the end of the year. Second, this allows us to address external-
validity concerns and establish the presence of electoral cycles in the govern-
ment’s macroeconomic forecasts as consistent evidence across institutional
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rules, election frequency, and election timing. Third, data availability differs
across countries in terms of the number of elections, frequency of forecast up-
dates, and the number of observations. Restricting the attention to either one of
the countries would have generated a trade-off between the characteristics.35

In all specifications, the inference is based on two-way cluster robust stan-
dard errors (Cameron et al., 2011; Cameron & Miller, 2015) at the forecaster
and the horizon-by-target year levels. In this way, we account for the poten-
tial autocorrelation in the forecast error of each forecaster as well as for the
cross-sectional correlation of forecasts subject to the same target and available
information.36

5 Results
In this section, we present the results of the empirical analysis. We start by
providing evidence that, in all countries in our sample, the government over-
estimates GDP growth in the months approaching an election compared to
the other forecasters in the economy and the government itself in off-election
years and the months following the vote. We also show that the forecasts for
the current-year and the next-year GDP growth are differently biased depend-
ing on the season in which each country casts its vote.

Table 1 reports the results using the current-year forecasts in columns (1)
and (2), while columns (3) and (4) refer to the estimations using the next-
year forecasts. In columns (1) and (3) we estimate equation (18), while in
columns (2) and (4) we estimate equation (17). The coefficient of interest β—
which captures the additional impact of the pre-election months on the bias
in government forecasts—is reported as the interaction term Government ×
Campaign. In the estimations without forecaster fixed effects, the coefficient
ψ—which captures the average difference in the forecast error between private
and government forecasters—is reported with the label Government. Even if
our empirical strategy is not designed to identify ψ consistently, its size and
sign can still be informative about the government’s behavior, independently
of elections. For instance, the government may in general be overconfident
about its policy’s effects on the economy (e.g., Krause, 2006) or bias the fore-
casts to deviate from balanced-budget requirements (e.g., Bohn & Veiga, 2020;
Picchio & Santolini, 2020).

35For instance, our data for the United States goes back to the 1972 election but contains only
biannual observations, while our U.K. data are monthly but observed only between 1998 and
2010 given our main specification.

36For Sweden, we only have 20 forecasters in the sample, so cluster-robust inference is not
feasible (Donald & Lang, 2007). We account for this data limitation by calculating two-way
cluster robust standard error at the forecaster and the horizon-by-target year levels based on
999 wild bootstrap repetitions at the individual level (Cameron et al., 2008). The two-way
wild bootstrap standard errors turn out, as expected, to be more conservative than the standard
two-way clustered standard errors.
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Table 1. Estimated Election Cycle Bias

Current Next

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

Panel A. United States
Government × Campaign 0.049 0.043 0.274*** 0.265***

(0.069) (0.070) (0.095) (0.094)
Government -0.030* 0.017

(0.018) (0.045)

Observations 3,082 3,082 3,057 3,057
R2 0.454 0.460 0.748 0.750

Panel B. Sweden
Government × Campaign 0.113*** 0.113*** 0.315*** 0.307***

(0.035) (0.037) (0.055) (0.052)
Government 0.017 0.062

(0.035) (0.053)

Observations 1,028 1,028 1,034 1,034
R2 0.663 0.683 0.907 0.915

Panel C. United Kingdom
Government × Campaign 0.172*** 0.156** 0.039 0.015

(0.036) (0.062) (0.148) (0.170)
Government 0.101*** 0.453***

(0.026) (0.055)

Observations 3,471 3,471 3,271 3,271
R2 0.590 0.649 0.855 0.901

Fixed Effects � �
Year Effects � � � �
Horizon Effects � � � �

Notes: The dependent variable is the GDP growth rate forecast error, where the error is defined
as the difference between the forecast and the outcome. In columns (1) and (3) the estimated
equation is (18), while in columns (2) and (4) the estimated equation is (17). In Panel A. United
States, the fixed effects are replaced with type effects. Standard errors robust to two-way clus-
tering at the forecaster and the horizon-by-year levels are in parentheses. In Panel B. Sweden,
the standard errors are based on 999 wild bootstrap repetitions at the individual level. *,**,***
represent the 10%, 5%, 1% significance levels.

Panel A of Table 1 presents the results of the empirical analysis for the
United States, where elections are held every second year in November. We
detect that the government, during campaign periods, releases overly opti-
mistic forecasts for GDP growth in the next year of 0.265–0.274 percentage
points. At the same time, we estimate very small—and statistically indistin-
guishable from zero—coefficients in columns (1) and (2) where we use the
current-year forecasts. We can interpret these findings through the lens of the
model. When elections are held late in the year, it is too costly for the incum-
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bent government to bias the current-year forecasts. Subsequently, electoral
cycles are found only in the forecasts with the longer horizon.

In Panel B, we report the main results for Sweden, in which elections are
held every fourth year in September. When elections occur in the middle of the
year, the theoretical model predicts that the government manipulates both the
current-year and next-year forecasts. In line with that prediction, we find that
the government, during campaign periods, releases overly optimistic forecasts
of 0.113 percentage points for the current-year GDP growth and 0.307–0.315
percentage points for the next-year growth.

In Panel C, we present the empirical results for the United Kingdom, in
which elections in our sample take place during the spring. Prediction 4 of the
theoretical model predicts that, in the case of elections held early during the
year, the government has a large incentive to bias the forecast for the current-
year outcome. This prediction finds support in the data. We document that
the government, during campaign periods, overestimates GDP growth for the
current year by 0.156–0.172 percentage points. However, we do not find any
evidence of significant biased releases targeting the next year. For the United
Kingdom, the manipulation of released forecasts approaching the elections is,
however, accompanied by evidence that the government, in general, is more
optimistic compared to the other forecasters. Specifically, we detect a general
overestimation of approximately 0.10 percentage points in the current-year
forecasts and 0.45 percentage points in the next-year forecasts, as reported by
the coefficients attached to the Government indicator in columns (1) and (3).

The results presented in Table 1 confirm predictions 1 and 4 presented in
Section 2.6. Governments in all countries in our sample release overly opti-
mistic GDP growth forecasts during campaign periods. Moreover, they decide
whether to overestimate GDP growth for the current year or next year based
on the month in which the election occurs.

5.1 Reelection Incentives and Divided Government
We take advantage of our data from the United States, which spans several
years and elections, to test additional predictions from the theoretical model
derived in Section 2.6. In Table 2, we interact the variable of interest from
(17) Government ×Campaign with institutional indicators capturing the pa-
rameters of our model. First, in columns (1) and (4), we investigate if the
bias depends on whether voters are called upon to select only the members
of Congress or also the president. The results show that forecasts are equally
biased approaching both types of elections since the estimated coefficients are
neither statistically nor economically distinguishable from zero. This result
does not come as a surprise since presidents are substantially affected by the
outcome of a mid-term election, even if they are not unseated due to a defeat.
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Table 2. Reelection Incentives and Divided Government
Current Next

(1) (2) (3) (4) (5) (6)

Gov. × Cam. × Presidential -0.026 0.021
(0.102) (0.228)

Gov. × Cam. × Term-Limited -0.158 -0.416*
(0.130) (0.219)

Gov. × Cam. × Divided Gov. -0.035 -0.238
(0.103) (0.256)

Government × Campaign 0.057 0.112 0.068 0.251* 0.431*** 0.424*
(0.084) (0.089) (0.107) (0.133) (0.105) (0.235)

p-value: sum of coefficients = 0 0.729 0.649 0.652 0.091 0.936 0.086

Observations 3,082 3,082 3,082 3,057 3,057 3,057
R2 0.460 0.460 0.461 0.751 0.751 0.751
Type Effects � � � � � �
Year Effects � � � � � �
Horizon Effects � � � � � �

Notes: The dependent variable is the GDP growth rate forecast error, where the error is defined
as the difference between the forecast and the outcome. The estimated equations are versions of
equation (17), in which we add an interaction between Governmenti×Campaignh,T and each
of the indicator variables specified in the table. Standard errors robust to two-way clustering at
the forecaster and the horizon-by-year levels are in parentheses. *,**,*** represent the 10%,
5%, 1% significance levels.

Second, the theoretical model predicts that the electoral bias in government
forecasts depends on the incumbent politician’s electoral incentives. When
R decreases, the incumbent is predicted to reduce the bias in the estimates
released to the public. In columns (2) and (5), we test this prediction by
exploiting term limits that prevent the incumbent president from competing
for a third consecutive term. The results show that the government overesti-
mate next-year GDP growth by 0.4 percentage points when the president is not
term-limited, while the government does not release biased forecasts when the
president is serving for a second consecutive term.

Prediction 3 indicates that the bias is smaller when the politician’s relevant
traits have a limited impact on economic outcomes. In the United States, the
institutional setting generates non-unusual cases in which the president’s party
does not have the majority of seats in one or both branches of Congress. In
such cases, the president and Congress limit each other’s autonomy and can
either compromise to agree on a policy or stop each other’s decision.37 Despite
a loss in precision, the results in column (6) of Table 2 suggest, in line with
the prediction, that government forecasts are relatively less biased when the
president is not politically aligned with both branches of Congress.

37See, for example, Persson et al. (1997), Persson et al. (1998), and Persson et al. (2000) for more
on the separation of powers in a presidential-congressional regime and how this can improve
accountability of elected officials through checks and balances.
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5.2 Outsourcing and Multiple Forecasters
As the theoretical model shows, it is inefficient to bias if voters are rational.
The inefficient outcome arises since the politicians cannot credibly commit
not to bias and are forced to do so since voters expect them to. This section
evaluates different approaches and potential commitment devices to limit the
negative economic effects of electoral cycles in forecasts. Specifically, we
exploit the reform that outsourced the U.K. government’s primary forecasting
function in 2010 and the presence of multiple forecasters in the public sector
of Sweden.

Forecast Outsourcing in the United Kingdom

During the 2010 election campaign, the opposition leader David Cameron
openly criticized the incumbent Labour party for manipulating the Treasury’s
forecasts and advocated for the creation of an independent government budget
office. After winning the election, the new government announced the cre-
ation of the Office for Budget Responsibilities (OBR), to which the govern-
ment outsourced its primary forecasting function. Chancellor George Osborne
was quoted as saying at the creation of the OBR that it would “rebuild con-
fidence” in economic forecasts from the government. Later, Prime Minister
David Cameron recalled “fiddled forecasts and fake figures” before the OBR
was set up—blaming the Labour Party for manipulating the forecasts.

We exploit the introduction of the OBR to evaluate whether outsourcing has
been effective to limit the government’s opportunity to bias its releases using
a triple difference specification. We estimate

Ei,h,T = θi +δh +μT +α0 campaignh,T +α1 campaignh,T × posth,T
+β0 governmenti× campaignh,T

+β1 governmenti× campaignh,T × posth,T
+ψ1 governmenti× posth,T + εi,h,T , (19)

where posth,T is an indicator variable taking the value one if the forecast was
released after June 2010 and zero otherwise. Hence, we extend the dataset
from May 2010 to April 2018, and posth,T indicates the behavior of the OBR
relative to the H.M. Treasury. The coefficients of interest are β1, capturing the
cyclical component of the forecast error after the 2010 reform, and ψ1, which
is informative of whether the introduction of the reform was able to correct
the average over-optimism in forecasts released by the government in general.
We also estimate a version where we suppress the forecaster fixed effect in
(19) and instead include a government indicator to obtain the specification
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presented in (20):

Ei,h,T = θ +δh +μT +α0 campaignh,T +α1 campaignh,T × posth,T
+β0 governmenti× campaignh,T

+β1 governmenti× campaignh,T × posth,T
+ψ0 governmenti +ψ1 governmenti× posth,T + εi,h,T . (20)

This natural experiment addresses one of the key points developed in the the-
oretical model. Suppose voters expect governments to bias their forecasts at
the time of an election. In this case, the bias survives in equilibrium even
if it does not increase the likelihood that the incumbent is reelected. This
Pareto inefficiency arises because politicians cannot commit not to bias their
releases. Outsourcing of the government’s forecasting function to an external
agency can represent a credible commitment if the agency does not have con-
nections to the government’s electoral incentives and does not aim to please
the incumbent.

The results of this policy evaluation exercise are presented in Table 3. The
estimates of β1, presented in the first row in Table 3, show that the outsourcing
did not reduce the additional forecast error during election years. However,
the estimates for ψ1 show that the introduction of the OBR had a significant
impact on correcting the general over-optimism in the government forecasts
(see the Government×Post Re f orm coefficients). Since the reform, the av-
erage error in OBR releases has been more in line with the average forecast
error of private forecasters.

Table 3. Effect of the 2010 U.K. Forecast Reform

Current Next

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

Government × Campaign × Post Reform 0.001 0.000 -0.128 -0.142
(0.059) (0.076) (0.111) (0.116)

Government × Campaign 0.170*** 0.160*** 0.073 0.053
(0.045) (0.056) (0.120) (0.124)

Government × Post Reform -0.113*** -0.156** -0.285*** -0.348***
(0.040) (0.061) (0.067) (0.099)

Government 0.085*** 0.418***
(0.025) (0.055)

Observations 5,551 5,551 5,140 5,140
R2 0.587 0.626 0.830 0.867
Fixed Effects � �
Year Effects � � � �
Horizon Effects � � � �

Notes: The dependent variable is the GDP growth rate forecast error, where the error is defined
as the difference between the forecast and the outcome. The estimated equations are (19) and
(20). Standard errors robust to two-way clustering at the forecaster and the horizon-by-year
levels are in parentheses. *,**,*** represent the 10%, 5%, 1% significance levels.
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The results presented in Table 3 indicate that outsourcing does not imply
a commitment to not bias the forecasts before an election but does improve
the average quality of the releases. Moreover, the outsourcing might have
affected voters’ beliefs about the bias in forecasts. Hence, the outsourcing
might have manipulated voters’ preferences toward the incumbent if the re-
form changed voters’ beliefs about government bias. There are several reasons
why outsourcing may not work as a credible commitment device. The OBR
is highly connected to the government, and executives are appointed by politi-
cians. Executives may bias to please the government to ensure reappointment.
Furthermore, the actual independence of the OBR is not undisputed, and the
Treasury may have sought to meddle with the OBR forecasts (Ralph, 2015, in
The Times).

Heterogeneous Government Forecasting in Sweden

In Sweden, several additional institutions and agencies in the public sector,
whose interests might not coincide with the central government’s electoral in-
centives, release forecasts regularly. The main results presented in Panel B of
Table 1 refer to the bias of the Ministry of Finance compared to all other fore-
casters in the sample. This section repeats the exercise, focusing on the other
forecasters in the public sector (albeit still sorted under the government). The
economic consequences of electoral cycles in the government’s forecasts will
be attenuated if agencies with little or no electoral incentives release unbiased
estimates to the public.

In Table 4, we report the results from estimating equation (17) among gov-
ernment agencies other than the Ministry of Finance.38 In columns (1) and
(3), we compare the National Institute of Economic Research (NIER)—whose
core objective is to produce independent forecasts—to all other forecasters in
the sample. In columns (2) and (4), we compare forecasts released by the
Swedish Public Employment Service (PES), the Swedish National Debt Office
(NDO), and the Swedish National Financial Management Authority (NFMA)
with the estimates released by other forecasters.39 The results presented in
columns (1) and (3) show no evidence of electoral cycles in the forecasts re-
leased by the independent forecast agency NIER. In column (2), the estimated
coefficient for the current year is just slightly attenuated compared to the re-
sults in Table 1. However, it is not statistically different from zero. The results
presented in Table 4 suggest that lower electoral incentives are associated with
less pronounced electoral cycles in the different forecasting functions of the
public sector. Hence, the negative consequences of biased forecasts may be
mitigated if the public sector can also provide unbiased information.

38In this analysis, we drop the Ministry of Finance (MoF) from the sample.
39We analyze PES, NDO, and NFMA jointly due to the limited amount of data.
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Table 4. Heterogeneous Government Forecasting in Sweden

Current Next

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

NIER × Campaign -0.063 0.043
(0.046) (0.054)

PES, NFMA, NDO × Campaign 0.108 0.006
(0.216) (0.083)

Observations 945 945 950 950
R2 0.680 0.680 0.915 0.915
Fixed Effects � � � �
Year Effects � � � �
Horizon Effects � � � �

Notes: The dependent variable is the GDP growth rate forecast error, where the error is defined
as the difference between the forecast and the outcome. The estimated equation is (17), where
the Governmenti indicator has been replaced with the agencies specified in the table. Standard
errors robust to two-way clustering at the individual and the horizon-by-year levels based on
999 wild bootstrap repetitions at the individual level are in parentheses. *,**,*** represent the
10%, 5%, 1% significance levels.

6 Robustness Checks
This section elaborates on some concerns related to our empirical strategy and
performs a battery of robustness checks to validate our results. We start by
validating our use of private forecasters as a suitable control group for the gov-
ernment’s forecasts. Cipullo and Reslow (2021) show that private forecasters
with stakes in and influence over the outcome of a referendum release biased
forecasts to affect voters’ beliefs. In principle, in the case of general elections,
forecasters may have either partisan incentives—for instance, forecasters in
the financial sector may prefer a conservative government for corporate tax
motives—or they may lean in support of the incumbent in light of valuable
connections that have been implemented during the term. In what follows,
we show that, in a setup of general elections, private forecasts do not have
strong electoral incentives and hence represent a suitable control group. First,
to exclude the possibility that forecasters systematically support the incum-
bent government or the challenger candidate, we estimate (17) for the differ-
ent types of forecasters in our data sets. The results, presented in Figure A5 in
the Appendix, show that, for all countries in our sample and forecasters of all
industries, campaign periods are not associated with a change in forecasting
behavior.

Second, we exclude the possibility of partisan bias by estimating how the
forecasts released by different types of institutions evolve during campaigns
depending on the party affiliation of the incumbent government.40 We present

40For the United States, the label Left refers to a Democratic president. For Sweden, the Left
indicator is equal to 1 if the center-left Social Democratic Party (Socialdemokraterna) is in
the governing coalition. We cannot perform this analysis for the U.K. since the observations

115



the results from this exercise in Figure A6 in the Appendix. The results ex-
clude the possibility that our control group systematically supports or penal-
izes incumbents approaching an election because of party affiliation.

Third, we replicate our main results for each country by excluding one fore-
caster at a time from the institutions in the control group. This exercise guar-
antees that our findings do not depend on the presence of potential outliers
among private forecasters. We present the estimated coefficients in Figure A7
in the Appendix. Some individual forecasters are more pessimistic while oth-
ers are more optimistic, so removing them one at a time moves the estimated
coefficients, but not substantially. Therefore, we conclude that our estimated
coefficients from Table 1 are not driven by any outliers since they always lie
at the center of the distribution.

As described in Section 4, one of our identifying assumptions reflects the
standard parallel trends assumption of difference-in-differences models. How-
ever, a formal test is not feasible in our context due to the fuzzy definition of
campaign periods within the election year and the repetition of the campaign
treatment over time. Notwithstanding, we propose three tests to alleviate the
concerns about the fulfillment of the parallel trends assumption.

First, we provide in Figure A8 an estimation where we show the govern-
ment behavior over the entire election cycle.41 More specifically, we interact
the government indicators with a set of dummies capturing all years of the
election cycle as well pre-election and post-election indicators for the election
year. From the figure, we confirm our main results for the U.S. since we find no
significant bias during campaign periods in the current-year forecasts. Further-
more, the bias is the same as for non-government forecasters in off-election
years. In the next-year forecasts, we again confirm our main results of a cam-
paign period bias and no significant different behavior in other periods. For
Sweden, we gain additional insights compared to our main results. In both the
estimation using the current-year forecasts and the estimation using the next-
year estimates, we see clear evidence of a phase-out of the electoral cyclicality
(see, e.g., Cipullo & Reslow, 2021). The bias is also present in the months af-
ter the election, suggesting that the government slowly revises its forecasts to
the unbiased reality. In the estimation using the current-year forecasts, we find
that the off-election year behavior is the same as non-government forecasters.
In the estimation using next-year forecasts, the figure suggests that the gov-
ernment might be slightly more optimistic during the two years following the
election and somewhat more pessimistic in the third year.

In light of the insights from Figure A8, we provide a second test. We show
in Table A3 that the results are very similar by estimating equation (17) with an
indicator equal to one for all forecasts released during the election year instead

included in our sample before the OBR outsourcing refers to years in which the center-left
Labour Party was in government.

41We are unable to perform this estimation for the U.K. since it does not have a well-defined
election cycle.
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of the observations released approaching the election. Compared to equation
(17), the identifying variation in this test suppresses the comparison between
forecasts released just before and just after an election within the same year.
The rationale behind this test is that it is unclear ex-ante whether observations
just after an election are good counterfactuals since they can (as indicated in
Figure A8) reflect a phase-out of the electoral cyclicality. The results presented
in Table A3 show that the estimated coefficients using this specification are
consistent with a phase-out. For the United States and Sweden, which have
elections late in the year, the coefficients are in line with the ones presented in
Table 1. The results for the United Kingdom, as expected, are more attenuated
with this approach, given that the elections are held much earlier in the year.

In our main specification, the campaign is defined as starting in January
during the election year. This choice of starting point is somewhat arbitrary.
Therefore, we perform a sensitivity analysis in which we manipulate the start-
ing point of the campaign. In Figure A9 in the Appendix, we plot the estimated
coefficients for different campaign-starting months for Sweden and the United
Kingdom, ranging from January of the election year to the month before the
election date.42 We do not find any difference between the estimated coef-
ficients in our main specification and the ones reported in Figure A9 for the
U.K. and the forecasts for GDP growth in the next year in Sweden. However,
for Sweden, the estimated coefficients relative to the forecasts for the current
year are slightly more fragile to this test. More specifically, β is significantly
different from zero only if the definition of campaign includes either the entire
calendar year or only the final month before the election. Nevertheless, the
evidence that the largest coefficient is estimated when the focus is restricted to
the final month approaching the election is firmly in line with our suggested
mechanism.

7 Concluding Remarks
Voters are perfectly informed about neither the current and future states of
the economy nor the ability of the incumbent government. Macroeconomic
forecasts are useful to update voters’ beliefs about the economy and the abil-
ity of the incumbent politician. In this paper, we document the existence of
political forecast cycles. Our theoretical framework allows us to study the
relationship between voters and the forecasting function of the government.
The incumbent politician aims to gain electoral advantages by releasing bi-
ased GDP growth forecasts to the public ahead of elections. Rational voters
discount the bias and form expectations about the ability of the incumbent. In
equilibrium, the incumbent politician does not gain any advantage from the
bias yet faces a utility loss due to her estimates’ low accuracy. This Pareto

42We cannot perform this check for the U.S. since our data is biannual and we only observe one
forecast before the election date.
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inefficiency rests crucially on the assumption of rational voters who expect
politicians to bias their releases. Suppose voters instead are naive, as it may be
more conservative to think in the absence of previous rigorous evidence about
this government behavior. In this case, the bias will be effective and foster
the incumbent’s equilibrium reelection probability, resulting in an incumbency
advantage. The empirical results confirm key model predictions and disclose
electoral cycles in government forecasts. Specifically, governments overesti-
mate short-term GDP growth by 10 to 13 percent during campaign periods.
Furthermore, the bias is larger when the incumbent government is not term-
limited or constrained by a parliament led by the opposition. We also find that
the election timing and amount of available information determine the size of
the bias at different forecast horizons.

Biased forecasts pose a problem if voters fail to account for the electoral
incentives. In addition to a potential loss in voter welfare, biased forecasts
could also damage the economy in a broader perspective. Firms update their
beliefs when presented with information about forecasts from professionals.
In addition, firms’ forecasts are associated with their investment and employ-
ment decisions. Hence, the bias can result in inefficient firm and household
decisions.

The direct implications of our results are twofold. On the one hand, voters
should consider that, when releasing forecasts prior to an election, the govern-
ment may try to influence its survival probability. On the other hand, outsourc-
ing the government’s forecasting function may represent a tool to constrain
future governments’ behavior. However, according to our empirical findings,
the practical implementation of such outsourcing is still far from a perfect
commitment device.

The policy implication echoes those from the central bank independence lit-
erature. One of the main points of Rogoff’s theory of the conservative central
banker (Rogoff, 1985) is that independence reduces “political induced” vari-
ability and bias. Separating monetary policy from electoral incentives may
serve to shield the economy from political business cycles by removing pre-
election manipulation of monetary policy as in the Nordhaus (1975) model or
reducing partisan shocks to policy following elections as in the Alesina (1988)
model. Likewise, in the case of government forecasts, the public would benefit
from receiving forecasts also from independent agencies with the sole purpose
of providing unbiased estimates.
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Appendix
A.1 Model
Politician’s economy expectations: weights in equation (4),

m1,T =
var(ỹ2)cov(yT , ỹ1)− cov(ỹ1, ỹ2)cov(yT , ỹ2)

var(ỹ1)var(ỹ2)− cov(ỹ1, ỹ2)2 (A1)

m2,T =
var(ỹ1)cov(yT , ỹ2)− cov(ỹ1, ỹ2)cov(yT , ỹ1)

var(ỹ1)var(ỹ2)− cov(ỹ1, ỹ2)2 (A2)

m0,T = 1−m1,T −m2,T , (A3)

where

var(ỹT ) = var(yT )+ var(εT ) (A4)

= λ 2τ−1
η + τ−1

ν + τ−1
εT,t

(A5)

cov(ỹ1, ỹ2) = λ 2τ−1
η (A6)

cov(yT , ỹT ) = λ 2τ−1
η + τ−1

ν (A7)

cov(y1, ỹ2) = λ 2τ−1
η (A8)

cov(y2, ỹ1) = λ 2τ−1
η . (A9)

Voters’ ability expectations: weights in equation (10),

γ1 =
var(F̃2)cov(F̃1,λη I)− cov(F̃1, F̃2)cov(F̃2,λη I)

var(F̃1)var(F̃2)− cov(F̃1, F̃2)2
(A10)

γ2 =
var(F̃1)cov(F̃2,λη I)− cov(F̃1, F̃2)cov(F̃1,λη I)

var(F̃1)var(F̃2)− cov(F̃1, F̃2)2
(A11)

γ0 = 1− γ1− γ2, (A12)

where

var(F̃T ) = var(m1,T ỹ1 +m2,T ỹ2 + eT ) (A13)

= m2
1,T var(ỹ1)+m2

2,T var(ỹ2)+2m1,T m2,T cov(ỹ1, ỹ2)+ τ−1
e

(A14)

cov(F̃1, F̃2) = cov(m1,1ỹ1 +m2,1ỹ2 , m1,2ỹ1 +m2,2ỹ2) (A15)
= m1,1m1,2var(ỹ1)+m2,1m2,2var(ỹ2)

+(m1,1m2,2 +m2,1m1,2)cov(ỹ1, ỹ2) (A16)

cov(F̃T ,λη I) = cov(m1,T ỹ1 +m2,T ỹ2,λη I) (A17)

= m1,T cov(ỹ1,λη I)+m2,T cov(ỹ2,λη I) (A18)

= (m1,T +m2,T )var(λη I) (A19)

= (m1,T +m2,T )λ 2τ−1
η . (A20)
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Table A1. Calibration of Model Parameters

t λ R η̄ τ τη τν τe

0.50 0.99 3.00 2.00 1.10 0.20 0.70 0.70

Notes: Calibration of the exogenous parameters in the theoretical model. We set η̄ = 2 and
λ = 0.99 to match a benchmark average annual GDP growth of around 2 percent. Based on this
calibration we provide simulated example data in Figures A2 and A3.
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(a) Signal Precision
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Figure A1. Election Timing and Model Dynamics
Notes: Model predictions based on the calibration presented in Table A1. In graph A1b we
assume an arbitrary bias level of b1 = b2 = 0.3. In graph A1d we show b1

b2
= γ1

γ2

τε2,t
τε1,t

.
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Figure A2. Simulated Data
Notes: The graph is based on the calibration presented in Table A1. Each histogram represent
simulated data based on 5,000 repetitions, while each curves represent the underlying probabil-
ity density function. Bars have been normalized to match the PDF.
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(a) Ability Expectations
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Figure A3. Ability Expectations and Reelection Probabilities
Notes: The graph is based on 5,000 simulations using the calibration presented in Table A1.
Graph (a) shows, on the y-axis, voters’ expectations about the ability of the incumbent politician
following (10), and, on the x-axis, the true innate ability of the incumbent. Graph (b) shows, on
the y-axis, the incumbent politician’s reelection probability, and, on the x-axis, the politician’s
true ability.
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A.2 Data

Table A2. Descriptive Statistics

Obs. Mean SD Min Max

Panel A. United States
Forecast Error (Current Year) 3,082 0.05 0.88 -12.21 10.73
Forecast Error (Next Year) 3,057 0.34 1.90 -6.80 11.46
Government 3,082 0.03 0.17 0 1
Election Year 3,082 0.51 0.50 0 1
Campaign 3,082 0.36 0.48 0 1
Year 3,082 1995.45 12.75 1972 2018
Quarter 3,082 2.61 0.92 2 4
Presidential Election 3,082 0.48 0.50 0 1
Term-Limited Incumbent 3,082 0.34 0.48 0 1
President Not Aligned with Congress 3,082 0.70 0.46 0 1

Panel B. Sweden
Forecast Error (Current Year) 1,028 -0.02 0.87 -3.26 4.04
Forecast Error (Next Year) 1,034 0.18 1.78 -5.46 7.54
Government 1,042 0.08 0.27 0 1
Election Year 1,042 0.28 0.45 0 1
Campaign 1,042 0.17 0.37 0 1
Year 1,042 2008.05 7.05 1994 2018
Month 1,042 6.97 3.47 1 12

Panel C. United Kingdom (Pre reform)
Forecast Error (Current Year) 3,471 -0.00 0.67 -2.75 4.35
Forecast Error (Next Year) 3,271 0.41 1.77 -3.69 7.55
Government 3,477 0.01 0.08 0 1
Election Year 3,477 0.18 0.39 0 1
Campaign 3,477 0.09 0.28 0 1
Year 3,477 2003.73 3.66 1998 2010
Month 3,477 6.32 3.57 1 12

Panel D. United Kingdom (Post reform)
Forecast Error (Current Year) 2,080 0.05 0.52 -1.65 2.22
Forecast Error (Next Year) 1,869 0.20 0.92 -3.11 3.02
Government 2,080 0.01 0.09 0 1
Election Year 2,080 0.31 0.46 0 1
Campaign 2,080 0.08 0.27 0 1
Year 2,080 2013.84 2.34 2010 2018
Month 2,080 6.49 3.56 1 12

Notes: See Section 3 for an explanation of the data. For Sweden, the Government indicator
refers to the Ministry of Finance, and, for the U.K., the Government indicator refers to H.M.
Treasury in the pre-reform periods and the Office for Budget Responsibilities (OBR) in the
post-reform periods.
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Figure A4. Forecast Frequency by Institution Type
Notes: Each dot shows the existence of at least one forecast at a given survey release date for
a specific forecaster or type. For Sweden, our main government definition is the Ministry of
Finance (MoF), while Government Others refer to the PES, NDO and NFMA. For Sweden and
the U.K., the vertical lines mark the election dates.
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A.3 Robustness
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Figure A5. Estimated Coefficients for the Control Forecasters
Notes: The dependent variable is the GDP growth rate forecast error, where the error is defined
as the difference between the forecast and the outcome. The markers show the estimated coef-
ficients for β by estimating (17), where the Governmenti indicator has been replaced with each
of the industry-specific markers reported in the label. The government markers correspond to
the results presented in Section 5. 95% confidence intervals are based on standard errors robust
to two-way clustering at the forecaster and the survey levels. For Sweden, 95% confidence
intervals are based on standard errors robust to two-way clustering at the individual and the
horizon-by-year levels based on 999 wild bootstrap repetitions at the individual level.
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Figure A6. Estimated Coefficients for the Control Forecasters—By Identity of the
Ruling Party

Notes: The dependent variable is the GDP growth rate forecast error, where the error is defined
as the difference between the forecast and the outcome. The estimated equations are versions of
equation (17), in which the Governmenti indicator has been replaced with each of the industry-
specific markers reported in the label, and the Governmenti×Campaignh,T has been interacted
with an indicator for the political affiliation of the government. For the U.S., the label Left
refers to a Democratic president and the Governmenti indicator. For Sweden, the Left indicator
is equal to 1 if the center-left Social Democratic (Socialdemokraterna) party is in the govern-
ing coalition. Markers show the estimated coefficients from an interaction between the type of
forecaster (defined by the label) with the campaign variable and the Left variable. 95% confi-
dence intervals are based on standard errors robust to two-way clustering at the forecaster and
the survey levels. For Sweden, 95% confidence intervals are based on standard errors robust to
two-way clustering at the individual and the horizon-by-year levels based on 999 wild bootstrap
repetitions at the individual level.
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Figure A7. Removing One Forecaster at a Time from the Control Group
Notes: Each dot represents an estimation of equation (17) by removing one forecaster at a time
from the group of control forecasters. The estimations have been sorted from lowest to highest.
Solid lines correspond to the main results presented in columns (2) and (4) of Table 1. The
upper limit on the y-axis of each graph represents the estimated coefficient from Table 1 plus
the estimated standard error. Likewise, the lower limit represents the estimated coefficient from
Table 1 minus the estimated standard error.
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Figure A8. Estimation of Election Cycle
Notes: The horizontal axis refers to the election cycle where the election year has been split
into pre-(campaign) and post-election. The “+1 year" then refers to the year after the election
year. The horizontal axis refers to the origin for when the forecast was released, while the
graph titles provide the forecast target (current or next year). The estimated equation is Ei,h,T =

θ +δh +μT +αccamh,T +αp posth,T +βcgovi× camh,T +βpgovi× posth,T +

∑J
j=1 β jgovi×�(election year+ j)h,T + 𝜖i,h,T , where J = 1 for the U.S. and J = 3 for Sweden.

posth,T is an indicator taking the value 1 when the forecast is released within an election year
but after the election, and camh,T is an indicator taking the value 1 when the forecast is released
within an election year but before the election. We are unable to perform the same estimation
for the U.K. since it does not have a well-defined election cycle. The coefficients displayed in
the graphs correspond to the β coefficients in the estimated equation. Standard errors robust to
two-way clustering at the forecaster and the survey levels are reported at the 5% significance
level. In the case for Sweden, the standard errors are based on 999 wild bootstrap repetitions at
the individual level.
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Figure A9. Sensitivity of the Estimates to the Definition of the Campaign Period

Notes: The graphs plot the estimated coefficients and 95% confidence intervals from estimat-
ing equation (17) by alternating the definition of the Campaignh,T indicator to include only
the months between each marker on the x-axis and the election date. Coefficients at period 1
replicate the results presented in Columns (2) and (4) of Table 1. 95% confidence intervals are
based on standard errors robust to two-way clustering at the forecaster and the survey levels.
For Sweden, 95% confidence intervals are based on standard errors robust to two-way cluster-
ing at the individual and the horizon-by-year levels based on 999 wild bootstrap repetitions at
the individual level.
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Table A3. Estimated Election Cycle Bias: Election Year Definition

Current Next

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

Panel A. United States
Government × Election Year 0.026 0.024 0.255*** 0.254***

(0.046) (0.047) (0.062) (0.063)
Government -0.026 -0.019

(0.022) (0.051)

Observations 3,082 3,082 3,057 3,057
R2 0.454 0.460 0.748 0.750

Panel B. Sweden
Government × Election Year 0.125*** 0.134*** 0.337*** 0.346***

(0.026) (0.027) (0.049) (0.043)
Government -0.002 0.019

(0.038) (0.057)

Observations 1,028 1,028 1,034 1,034
R2 0.661 0.680 0.907 0.915

Panel C. United Kingdom
Government × Election Year 0.039 0.033 -0.073 -0.076

(0.050) (0.061) (0.090) (0.115)
Government 0.113*** 0.472***

(0.028) (0.051)

Observations 3,471 3,471 3,271 3,271
R2 0.582 0.641 0.855 0.901

Fixed Effects � �
Year Effects � � � �
Horizon Effects � � � �

Notes: The dependent variable is the GDP growth rate forecast error, where the error is defined
as the difference between the forecast and the outcome. In columns (1) and (3) the estimated
equation is (18), while in columns (2) and (4) the estimated equation is (17), with, in both cases,
the Campaign indicator replaced with an Election Year indicator equal to 1 for each forecast
released during an election year in all estimations. In Panel A. United States, the fixed effects
are replaced with type effects. Standard errors robust to two-way clustering at the forecaster
and the horizon-by-year levels are in parentheses. In Panel B. Sweden, the standard errors are
based on 999 wild bootstrap repetitions at the individual level. *,**,*** represent the 10%, 5%,
1% significance levels.
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Essay III

Inefficient Use of Competitors’ Forecasts?
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1 Introduction
Uncertainty poses a problem for economic agents, who all need to make im-
portant decisions based on expectations about the future. Forming expecta-
tions is not trivial. While the average consumer, investor, voter, and even pol-
icymaker is likely to lack the competence to derive optimal predictions, they
can obtain helpful information from those who have made it their livelihood
to predict the future: professional forecasters. Firms update their expectations
when exposed to forecasts from professionals (see, e.g., Coibion et al., 2018),
and firms’ forecasts are positively and significantly associated with their input
choices (see, e.g., Tanaka et al., 2019). When economic agents use forecasts
in their decision process, they would like those forecasts to be as accurate and
efficient as possible.

Even so, professional forecasters also operate in a world with incomplete
information. Even though they are highly skilled, they have different skillsets
as well as different information sets. Therefore, an essential source of infor-
mation for a macroeconomic forecaster is the forecasts from competitors. The
starting point of this paper is to assess the extent to which macroeconomic
forecasters make efficient use of forecasts from their competitors. If fore-
casts are inefficient, the resulting outcome can be inefficient firm, household,
and policy decisions. Nordhaus (1987) presents a useful concept of weak and
strong forecast efficiency when evaluating efficiency in macroeconomic fore-
casts. This paper augments the weak efficiency concept in Nordhaus (1987) to
include competitor information in addition to the own lagged information. The
paper also deploys a theoretical beliefs updating model with noisy and private
information to better understand the forecasters’ optimal and actual behavior.

The empirical analysis makes use of high-frequency forecaster firm-level
panel data from Consensus Economics. The data used cover ten countries—
Canada, France, Germany, Italy, Japan, the Netherlands, Spain, Sweden, the
United Kingdom, and the United States—and the data span forecasts made be-
tween 1995 and 2017. The dataset is a monthly survey of forecasters who are
asked to provide forecasts for the current and next year’s annual growth rates.
Hence, the forecasts are best characterized as a set of fixed target forecasts
where multiple predictions are made for the same outcome at a decreasing
forecast horizon. The primary analysis focuses on forecasts for GDP growth
and inflation (consumer prices). The data offers a dynamic panel of 591 fore-
casters. Using this data, it is found that forecasters underuse competitor infor-
mation in their forecasts for current and next year’s annual GDP growth and
inflation. The results suggest that forecasters put a sub-optimal high weight
on their own lagged forecast and too low a weight on their competitors’ work.
The empirical results also show that the forecasters behave differently at dif-
ferent forecast horizons. As the forecast horizon decreases, when approaching
the realization of the outcome, the forecasters increase the attention to their
competitors. However, they are still far from an optimal level.
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In line with the empirical analysis, a baseline model with noisy and private
information predicts that, for a forecaster to minimize forecast errors, it is
optimal to pay considerable attention to competitors’ work and, consequently,
put a high weight on the forecasts from others. The suggestion that it is optimal
to pool information from many forecasters has been raised numerous times
and is well-known in the forecasting literature (see, e.g., Elliott et al., 2008;
Hendry & Clements, 2004; Zarnowitz, 1984). The typical empirical finding is
that consensus (average) forecasts are more accurate over time than individual
forecasts. The exercise in this paper should not be seen as a test of whether
or not it is optimal to pool forecasts. Instead, it is a test of whether or not
forecasters adopt this well-known result in their work.1 It is important to note
that, even if forecasters are efficient and optimally use competitor information,
it is still optimal for end-users, such as firms, households, and policymakers, to
pool from multiple forecasters due to private information that each forecaster
holds. Hence, the well-known pooling result should hold regardless.

Two versions of the model are considered: one with fully informed fore-
casters and one with “rule of thumb” forecasters. In the fully informed model,
the forecaster perfectly filters out signals from competitors to produce the (the-
oretically) most efficient forecast. The rule of thumb model is used to impose
limitations on the forecasters’ ability. The forecasters’ rule of thumb is to
use lagged aggregate forecasts instead of filtering out individual signals. This
model, hence, is more in line with the empirical strategy.

The two models differ in efficiency, but both models provide the same pre-
diction regarding relative attention to own versus others’ lagged forecasts.
Both models are noisy information models that introduce a signal extraction
problem for Bayesian updating forecasters.2 The models’ information struc-
ture matches the specific structure of fixed target forecasts used in the empiri-
cal analysis. The baseline models do not have any form of strategic trade-off
and assume that forecasters’ objective is pure forecast error minimization.

In order to explain the observed actual (seemingly inefficient) behavior, the
baseline model is extended. The extensions are made to consider alternatives
to pure inefficiency. First, the paper rules out one pure cognitive bias by con-
sidering forecasters to be overconfident in their ability (signal precision), lead-
ing to a behavior response of overweighting private information. It is unlikely
that overconfidence can be the sole explanation for the observed behavior. A
back-of-the-envelope calculation shows that for overconfidence to explain the
observed behavior, forecasters need to think that the precision in their private
signal is 100 times more precise than the private signal received by any com-
petitor.

1An ongoing example of incorporating the well-known pooling result is the work by Nate Silver
and the FiveThirtyEight polling aggregation website, which focuses on predicting outcomes in
politics and sports. See also the book The Signal and the Noise by Silver (2012).
2In this type of model (see, e.g., Lucas, 1973; Sims, 2003; Woodford, 2001), agents continu-
ously update their information sets and their beliefs via signal extraction.
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As an alternative, an explicit cost from forecast revisions to capture a cred-
ibility loss from making substantial changes is added to the model (see, e.g.,
Ehrbeck & Waldmann, 1996). Given that forecast smoothing is observed in
the data, it is intuitive to consider a backward-looking extension to the model.
The extension introduces a trade-off between minimizing the forecast error
and minimizing the revisions. However, this paper shows that the revision
cost model can only match the observed horizon heterogeneity if it is assumed
that the revision cost and the cost from forecast errors have asymmetric hori-
zon discounting.

The main contribution of this paper relates to the literature on the behav-
ior of macroeconomic forecasters. First, the documentation of the relative use
between forecasters’ own lagged forecasts and those of others and how this re-
lationship differs between horizons. The empirical analysis is related to work
by, for example, Batchelor and Dua (1992), who find that most U.S. forecast-
ers in the Blue Chip panel could have improved their forecasts if they were
less attached to their past forecast and more attached to new information when
making forecast revisions. The analysis is also related to, for example, Lahiri
and Sheng (2008), who estimate a Bayesian learning model with heterogene-
ity aimed at explaining forecast disagreement and its evolution over horizons.
More recent related work includes, among others, Coibion and Gorodnichenko
(2015), Dovern et al. (2015), Broer and Kohlhas (2018) and Bordalo et al.
(2020), who all estimate how forecasters react to new information in general.3

It is important to keep in mind that forecasters can be efficient (or inefficient) in
using competitor information and still under- or overreact to new private infor-
mation, or different forms of new public information, as is found in the papers
cited above. Second, this paper shows in a noisy information framework with
private information that this behavior cannot be explained by overconfidence
alone. It also shows that the introduction of asymmetric horizon discounting
is crucial for revision costs to explain the observed behavior.

The notion of strategic behavior, in addition to forecast-error minimization,
among macroeconomic forecasters is not novel. For example, Laster et al.
(1999) introduces a trade-off problem for the forecasters, where they have
to balance accuracy and publicity. Ottaviani and Sørensen (2006) and Mari-
novic et al. (2013) generate strategic behavior by considering a forecast contest
where forecasters benefit from being the only correct one. Cipullo and Reslow
(2021) propose an alternative trade-off where forecasters trade accuracy with
electoral incentives. Although strategic behavior is well established in the lit-

3Other related papers include Ager et al. (2009), who study accuracy and efficiency of consensus
forecasts, and Isiklar et al. (2006), who study forecast revision to see how quickly forecasters
incorporate news in a cross-country setting. Deschamps and Ioannidis (2013) study forecast
revisions and find that forecasters underreact to new information. In addition, Chen and Jiang
(2006) find that corporate analysts place larger than efficient weights on their private informa-
tion when they forecast corporate earnings.
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erature, this paper highlights that, given the observed horizon heterogeneity,
strategic behavior is likely to be horizon dependent.

The paper is also related to the work on herd behavior by, for example,
Banerjee (1992), but with some differences.4 In the Banerjee (1992) model,
herding is doing what everyone else is doing, even if private information sug-
gests doing something different. In this paper’s framework, forecasters still
put positive weight on private information and do not explicitly aim to herd.
Note that herd behavior, as in the Banerjee (1992) model, would result in the
opposite of what is found in this paper. Herd behavior would display ineffi-
cient overuse of information from others and underuse of own information.

2 Data
This paper utilizes high-frequency forecaster firm-level forecast data from a
monthly survey by Consensus Economics. The data used in this paper cov-
ers ten countries—Canada, France, Germany, Italy, Japan, the Netherlands,
Spain, Sweden, the United Kingdom, and the United States—and span fore-
casts made between 1995 and 2017. The forecasts refer to the current and
next year’s annual growth rates. For example, the forecasters were asked each
month during 2017 to forecast the 2017 and 2018 annual growth rates. The
main analysis is done using forecasts for two variables: GDP growth and infla-
tion (consumer prices).5 In order to calculate forecast errors, the actual realiza-
tions are needed. The outcome data is collected from the OECD database. For
inflation, the latest available numbers are used. For GDP growth, the outcome
is given by the first available release (often referred to as real-time data).6

Table 1 reports firm number descriptive statistics. The sample consists of
591 forecasting firms.7 Some firms produce a forecast for more than one coun-
try. In these cases, the firms are treated as separate entities and are defined at
the country level. Hence, the country label identifies the target outcome of
the forecast. Nevertheless, the correlation between the target country and the
origin country is very high. Many of the 591 firms are not observed during
the entire sample period, and the panel is, therefore, unbalanced. The columns
Mean, Median, Min, and Max in Table 1 report the firm number statistics from
the monthly survey in such a way that the total mean of 19.8 is an indication

4See, for example, Lamont (2002), Gallo et al. (2002), Bernhardt et al. (2006) and Rülke et al.
(2016) for more on herd behavior among forecasters.
5For the U.K., the inflation forecasts refer to both RPIX and HICP (CPI). The RPIX covers the
entire period, but toward the end of the sample many forecasters produce a forecast for both
measures while others change entirely to HICP. All available price forecasts are used.
6GDP is subject to large revisions and real-time data is often used when evaluating forecast
performance for variables subject to revisions. Real-time GDP growth data is constructed using
the OECD revision database.
7Some firm name entries in the raw data have been corrected due to spelling and naming errors.
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that each survey month has on average 19.8 forecasters. The firms in the sur-
vey are almost exclusively private firms such as financial institutions (banks)
and private research or consulting institutions.

Table 2 reports descriptive statistics for the forecasts, while Tables A1 and
A2 in the appendix report descriptive statistics for the outcomes and forecast
errors. From the data, a total of 179,310 observations can be used. From Table
2, we see that the number of observations differs between countries; most
observations are from Germany and the United States, and the fewest are from
the Netherlands. The number of observations for GDP growth and inflation is
similar in total and for each country. The average GDP growth forecast is 1.9
percent, while the average inflation forecast is 1.8 percent. Tables A1 and A2
in the appendix reveal a slight overestimation of both variables.

Table 1. Firm Number Statistics
Country N Mean Median Min Max

Canada 46 14.6 15 8 19
France 57 18.7 18 10 26
Germany 63 26.8 27 19 32
Italy 55 14.5 14 4 21
Japan 72 19.5 19 10 25
Netherlands 42 9.9 9 5 15
Spain 45 14.2 14 5 19
Sweden 42 12.9 13 7 17
UK 94 24.4 24 16 37
USA 75 25.0 25 15 32

Total 591 19.8 20 4 37

Notes: N refers to the total number of firms in the entire sample, while Mean, Median, Min,
and Max refer to firms by survey month. Source: Consensus Economics.

Table 2. Forecast Statistics
GDP growth Inflation

Country Obs. Obs. Mean SD Obs. Mean SD

Canada 14,872 7,457 2.4 1.0 7,415 1.9 0.5
France 18,600 9,331 1.6 1.0 9,269 1.4 0.6
Germany 27,481 13,739 1.6 1.2 13,742 1.6 0.6
Italy 14,336 7,228 1.1 1.3 7,108 1.9 1.0
Japan 18,450 9,409 1.2 1.5 9,041 0.2 0.9
Netherlands 9,586 4,959 1.7 1.3 4,627 1.9 0.8
Spain 13,927 7,011 2.0 1.7 6,916 2.2 1.2
Sweden 12,885 6,469 2.4 1.3 6,416 1.6 0.9
UK 23,663 12,539 2.0 1.2 11,124 2.7 0.8
USA 25,510 12,778 2.6 1.1 12,732 2.2 0.9

Total 179,310 90,920 1.9 1.4 88,390 1.8 1.0

Notes: Forecasters are asked each month to forecast the current and next year’s annual growth
rate, resulting in 24 potential forecast origins (horizons) for each year’s outcome between 1995
and 2017.
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3 Empirical Strategy
3.1 Theoretical Underpinnings
It is well established in the forecasting literature that pooling information from
multiple forecasters is beneficial (see, e.g., Elliott et al., 2008; Hendry &
Clements, 2004; Zarnowitz, 1984). The typical finding is that consensus (av-
erage) forecasts are more accurate over time than individual forecasts. The
takeaway from this result is that economic agents are advised to rely on fore-
casts from multiple sources instead of a single forecaster.

To set ideas, let xt be the target outcome and Fith the forecast for xt made by
forecaster i, at a horizon of h periods before the realization of xt . Given this
notation, the forecast Fith+1 is released one period before the release of the
forecast Fith. Further assume that the forecasters in each period have access
to a private signal Sith = xt + 𝜖ith, where 𝜖ith ∼ N(0,σ2

𝜖 ) is a random error,
as well as some prior knowledge μith. The forecasters release to the public
a forecast given by Fith = E(xt |μith,Sith) = (1−w)μith + wSith, where w is
given by optimal Bayesian updating.8 In a repeated forecast setting where a
forecaster releases multiple forecasts for each xt , the prior can be expressed
as μith = Fith+1. Hence, the prior is the forecast released in the previous pe-
riod. The rationale behind this assumption is that the previous forecast should
summarize all previously known information in an optimal way. A forecast
at horizon h is then given by the forecast at horizon h+ 1 updated with the
new private signal. In the case of infinite many forecasters, the consensus
(average) forecast can be expressed as Fth =

∫ 1
0 Fithdi. In this simple model,

Fth =
∫ 1

0 Fithdi = xt represents a perfect forecast since the noise in the signal,
𝜖ith, cancels out when aggregating over the infinite amount of forecasters.

Even though the assumption of an infinite amount of forecasters is unre-
alistic, it illustrates an understanding of the well-known pooling result. Over
time, consensus forecasts are more accurate than individual forecasts since
the error in the noisy information is mitigated. Hence, Fth is expected to be
a better forecast than Fith. This well-known result prompts third-party users
of forecasts, such as firms, voters, and policymakers, to collect information
from multiple sources. The same advice should also hold for the forecasters
themselves. Going back to the expression of the prior knowledge in the fore-
caster’s updating function, it was assumed above that μith = Fith+1. However,
given that Fith+1 at horizon h is public knowledge, and that we established that
Fth is expected to be a better forecast than Fith, the optimal prior should be
μ∗ith = Fth+1. Hence, the optimal prior should then be a weighted average of
the own lagged forecast as well as the lagged forecast of the competitors.

8In order to simplify the model, it is assumed that there is no public signal. This assumption
does not impact the main takeaway from the example.
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3.2 Estimation
Nordhaus (1987) presents a useful concept of weak and strong forecast ef-
ficiency to assess the efficiency in forecasts. Define strong efficiency to be
if Eith[(xt −Fith)

2|Iith] is minimized, where Iith is all information available to
individual i, h periods before the realization of xt . From the minimization ar-
gument, it also holds that the forecasts are unbiased: Eith[xt −Fith|Iith] = 0.
The overall intuition of efficiency is simple: available information should not
explain the forecast errors.9 Nordhaus (1987) then argues that a weaker con-
cept, where instead of the full information set Iith, only the forecaster’s own
past forecast should be included. Define weak efficiency to be if Eith[(xt −
Fith)

2|Fith+1] is minimized, where Fith+1 is the forecast produced in the previ-
ous period. Weak efficiency is nested in strong efficiency and is, of course, a
much weaker concept. However, an appealing feature about the weaker test is
that it can be hard to define the information set Iith in the case of strong effi-
ciency. Claiming that the past forecast was in the information set is not that
strong of an assumption.

This paper continues to assume, as in Nordhaus (1987), that forecasters
know their own past forecasts and further add the assumption that they know
the past (average) forecasts of their competitors, Zith+1 = 1

n−1 ∑ j 	=i Fjth+1.10

Hence, Zith+1 is the leave-out mean for each forecaster i. This results in an aug-
mented weak efficiency definition of minimizing Eith[(xt−Fith)

2|Fith+1,Zith+1],
which implies that Eith[xt −Fith|Fith+1,Zith+1] = 0. Estimating

xt −Fith = β0 +β1Fith+1 +β2Zith+1 + εith (1)

should then yield β0 = β1 = β2 = 0 to not rule out efficiency.11 β2 > 0 can
be interpreted as underuse of competitors’ information, while β2 < 0 can be
interpreted as overuse of competitors’ information. To understand this inter-
pretation, decompose equation (1) in two equations

xt = γ0 + γ1Fith+1 + γ2Zith+1 + 𝜖ith (2)
Fith = α0 +α1Fith+1 +α2Zith+1 +ξith, (3)

where equation (2) tells us the ex-post optimal behavior that would have min-
imized the forecast error and equation (3) tells us the actual behavior. The
difference between the coefficients in equation (2) and the coefficients in (3)
is the coefficients found in equation (1) such that β = γ−α .

9This has a direct link to the rational expectations literature (Muth, 1961) and the Efficient
Markets Hypothesis literature (Fama, 1970).

10Due to the unbalanced nature of the data, the mean of others—those that are available in
each survey month—is used instead of each separate forecast. n is the number of forecasters,
including forecaster i.

11β0 = β1 = β2 = 0 is necessary for strong and weak efficiency but not sufficient for claiming
strong efficiency.
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The estimation rests on a couple of timing assumptions. Consider especially
the estimation of equation (3). First of all, there can be no reverse causality
since a forecast released in a certain month (the dependent variable) can nei-
ther impact the own released forecast in the previous month nor the forecast
released in the previous month by competitors. Second, the timing of the
estimation also rules out, by assumption, the existence of simultaneity. The
assumption is that there is no information in period h that simultaneously im-
pacts the dependent variable (the current month’s forecast) and the regressors
(the previous month’s forecasts). Hence, the error term in period h is assumed
to be uncorrelated with any of the regressors (dating to the last month) as it, by
assumption, captures new information received in the current month (horizon
h). In contrast, the regressors capture all previously known information.

It is also assumed that a forecast released today cannot impact the fore-
cast released today by another forecaster. The rationale behind this assump-
tion is that forecasters are competitors and are assumed to not share infor-
mation before releasing it to stakeholders and the public. This assumption
rules out the possibility that Fith+1 directly impacts Zith+1 and vice versa. The
impact rather goes via one lag, such that Fith+1 impacts Zith, and Zith+1 im-
pacts Fith.12 Furthermore, the lagged forecast represents all the previously
known information since the past forecasts should summarize all past infor-
mation. Fith+1 and Zith+1 are hence going to be collinear since they are de-
termined, partially, by the same information set. The information set that
determines Fith+1 is {Ith+1,Sith+1} while the information set that determines
Zith+1 is {Ith+1,∑ j 	=i S jth+1}, where Ith+1 is all publicly available information
at the time of forecast release—including all previously released forecasts—
and Sith+1 is the private signal of forecaster i.13 Hence, the information sets
differ by the private information in time th+ 1, resulting in multicollinearity,
with estimations likely suffering from inflated standard errors.

Due to the information structure of annual average growth rates and the
assumption that forecasters have access to each other’s lagged estimates, the
forecasts are likely to be serially correlated and correlated across firms within
the same survey month. To tackle these issues, inference is based on two-way
cluster robust standard errors (Cameron et al., 2011; Cameron & Miller, 2015)
at the forecaster (firm) level and the country-by-survey month level.

12Hence, there should not be any concern regarding reflection problems (Manski, 1993).
13Note that a regression of the form Fith =α+βZith+eith would likely yield β = 1 due to the fact
that all forecasts today are determined to a large extent by the same information set. However,
as Angrist (2014) points out, most often, this cannot be interpreted as a causal relationship.
Individual outcomes are often highly correlated with group average outcomes without a causal
peer-effect. The same would hold in this paper, since, by assumption, forecaster i at horizon h
does not have access to Zith. They do, however, have access to Zith+1.

145



4 Results
Table 3 reports the results from estimating equations (1), (2) and (3). In
columns (1) and (4), the dependent variable is the forecast error, and under
the hypothesis that forecasters use competitor’s forecasts efficiently, the ex-
pectation is for these coefficients to be zero. A positive coefficient on Lagged
Others is interpreted as underuse of the competitors’ forecasts, while a nega-
tive coefficient is interpreted as overuse of competitors’ forecasts. Hence, the
coefficient −0.777 in column (1) is interpreted as overuse of the lagged own
forecast. In contrast, the coefficient 0.735 is interpreted as underuse of the
lagged forecast from others.

Columns (2) and (3) report the estimated coefficients from equations (2) and
(3) using GDP growth forecasts while columns (5) and (6) correspond to the
inflation forecasts. The coefficients in columns (2) and (5) can be interpreted
as the suggested optimal behavior—that is, what they should have done. The
estimates suggest that it would be optimal to put very high attention (0.926) on
Lagged Others while putting very low attention on the own Lagged Forecast
(≈ 0.05). The estimates suggest that the mean of others’ forecasts should get
around 17 times higher weight than the own lagged forecast.

Columns (3) and (6) report the estimated actual behavior where it can be
seen that the own Lagged Forecast gets a very high weight (≈ 0.8), while
Lagged Others gets a relatively small weight (≈ 0.2). The difference be-
tween columns (2) and (3) and between (5) and (6) provide the error found
in columns (1) and (4), respectively. For example, for Lagged Others, for
inflation, 0.926− 0.219 = 0.707, which indicates underuse of forecasts from
competitors. Given the results in Table 3, the forecasts appear to be too per-
sistent, and forecasters do not seem to internalize the importance of pooling
information from others.

Table 3. Decomposing the Efficiency Error

GDP growth Inflation

(1) (2) (3) (4) (5) (6)
Dep. Variable: Forecast

Error
Outcome Forecast Forecast

Error
Outcome Forecast

Lagged Forecast -0.777*** 0.054 0.831*** -0.738*** 0.055** 0.792***
(0.033) (0.037) (0.010) (0.026) (0.027) (0.007)

Lagged Others 0.735*** 0.926*** 0.192*** 0.707*** 0.926*** 0.219***
(0.036) (0.039) (0.011) (0.028) (0.029) (0.007)

Observations 90,920 90,920 90,920 88,390 88,390 88,390
R2 0.055 0.499 0.968 0.100 0.655 0.963

Notes: Estimated equations are (1), (2) and (3). Standard errors robust to two-way clustering at
the forecaster (firm) level and the country-by-survey month level. *,**,*** represent the 10%,
5%, 1% significance levels.
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Table 4 presents a sensitivity analysis regarding the actual behavior esti-
mates presented in Table 3. The sensitivity analysis is performed to ensure
that the estimation results are robust and sound.

First, columns (1) and (3) in Table 4 present results for when forecaster
(firm) fixed effects are added to equation (3). The firm fixed effects control
for any time-invariant differences in general optimism or pessimism among
the forecasters. It is important to note that the estimation refers to a dynamic
panel when firm fixed effects are included. One concern using a dynamic panel
is the so-called Nickell bias (Nickell, 1981). However, given the reasonably
large number of time periods, the estimations’ bias should be neglectable. The
stability of the coefficients presented in Table 4 mitigate the concerns regard-
ing potential bias in the estimates.

Second, there might be some information that is released in a particular
month and observed by everyone. Examples could be actual data published
by the official statistics authorities or policy decision from the government. In
order to control for and capture these public signals, country-by-survey month
fixed effects are included in the estimations presented in columns (2) and (4)
of Table 4. These time effects absorb all information in each period that is
common to all forecasters.

From the estimates in Table 4, it is clear that the estimated actual behavior
is very robust. Nevertheless, the results presented in Table 3 are obtained
using data pooled over countries, years, and forecast horizons. Consequently,
Section 5 investigates potential heterogeneity in the actual behavior.

Table 4. Robustness of Actual Behavior

GDP growth Inflation

(1) (2) (3) (4)
Dep. Variable: Forecast Forecast Forecast Forecast

Lagged Forecast 0.808*** 0.805*** 0.772*** 0.771***
(0.011) (0.009) (0.007) (0.007)

Lagged Others 0.217*** 0.228*** 0.242*** 0.258***
(0.012) (0.010) (0.008) (0.009)

Observations 90,920 90,920 88,390 88,390
R2 0.969 0.978 0.964 0.972
Firm � � � �
Country × Survey Month � �

Notes: Standard errors robust to two-way clustering at the forecaster (firm) level and the
country-by-survey month level. *,**,*** represent the 10%, 5%, 1% significance levels.
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5 Heterogeneity in Actual Behavior?
5.1 Country and Year
Forecasters might behave differently for different countries, and forecasters
might have changed their behavior over time. The graphs in Figures 1 and 2
plot the estimated coefficients for the different heterogeneities. The estimation
is done by restricting the sample selection to each country and year, respec-
tively. The solid lines correspond to the pooled estimates from Table 3 and
act as reference points. From the graphs, there is no evidence of a significant
difference in the behavior between countries, and the behavior is stable over
time.
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Figure 1. Country Analysis
Notes: Solid lines refer to the estimates in Table 3. The 95% confidence intervals are con-
structed using two-way clustering at the forecaster and the country-by-survey month level.
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Figure 2. Year Analysis
Notes: Solid lines refer to the estimates in Table 3. The 95% confidence intervals are con-
structed using two-way clustering at the forecaster and the country-by-survey month level.
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5.2 Variable
From Table 3, the behavior of forecasters is similar using either GDP growth
or inflation forecasts. The obtained dataset from Consensus Economics con-
tains many more variables than GDP growth and inflation, allowing for an easy
extension to also consider the actual behavior regarding additional variables.
Equation (3) is estimated using subsamples based on several other variables.
Tables 5 and 6 present the results and confirm that the behavior is very con-
sistent. For all variables, the Lagged Forecast has a coefficient of around 0.8,
while Lagged Others receives a coefficient of around 0.2.14

Table 5. Variable Heterogeneity, Part 1

Consump. Wholesale Inv. Equip.
Invest.

Indust.
Prod.

Manuf.
Prod.

Mining
Prod.

Corp.
Profits

(1) (2) (3) (4) (5) (6) (7) (8)
Dep. Variable: Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast

Lagged Forecast 0.82*** 0.79*** 0.82*** 0.79*** 0.76*** 0.82*** 0.85*** 0.81***
(0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.02) (0.01)

Lagged Others 0.19*** 0.24*** 0.21*** 0.25*** 0.27*** 0.20*** 0.20*** 0.23***
(0.01) (0.02) (0.01) (0.01) (0.02) (0.02) (0.02) (0.02)

Observations 90,368 8,020 66,795 20,123 54,559 13,971 1,970 21,957
R2 0.96 0.92 0.95 0.93 0.95 0.94 0.87 0.90

Notes: Estimated equations are (3). Standard errors robust to two-way clustering at the fore-
caster (firm) level and the country-by-survey month level. *,**,*** represent the 10%, 5%, 1%
significance levels.

Table 6. Variable Heterogeneity, Part 2

Empl. Unempl. Wages New
Car

Car
Sales

Housing
Starts

Current
Acc.

Producer
Prices

(1) (2) (3) (4) (5) (6) (7) (8)
Dep. Variable: Forecast Forecast Forecast Forecast Forecast Forecast Forecast Forecast

Lagged Forecast 0.81*** 0.79*** 0.85*** 0.93*** 0.79*** 0.82*** 0.67*** 0.81***
(0.02) (0.01) (0.01) (0.03) (0.02) (0.03) (0.07) (0.01)

Lagged Others 0.19*** 0.21*** 0.15*** 0.02 0.22*** 0.18*** 0.33*** 0.23***
(0.02) (0.01) (0.01) (0.03) (0.02) (0.03) (0.06) (0.01)

Observations 6,320 69,425 48,653 1,595 10,541 24,100 75,068 36,438
R2 0.94 1.00 0.97 0.91 0.98 1.00 0.95 0.92

Notes: Estimated equations are (3). Standard errors robust to two-way clustering at the fore-
caster (firm) level and the country-by-survey month level. *,**,*** represent the 10%, 5%, 1%
significance levels.

14The variables differ in terms of sample size. The difference is due to several factors. First,
fewer forecasters in each country do forecasts for many of these variables. Some of these
variables are also only observed in a subset of the countries, and other are only present during a
short period of the sample. Many of them change definitions over time.
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5.3 Horizon
The results in Table 3 also pool over the forecast horizon. The main specifi-
cation estimates an average behavior over horizons 1 to 23 months. However,
results from Lahiri and Sheng (2008) suggest that there is heterogeneity in
forecast behavior over horizons. As before, the main specification of the ac-
tual behavior is estimated using a sample selection for each horizon.

The results are presented as dots in Figure 3. Again, the solid lines corre-
spond to the pooled results from Table 3. From Figure 3, it is evident that, on
longer horizons, the weight on Lagged Others is small and the weight on the
own Lagged Forecast is high. As the horizon decreases, the weights converge
and end up being equal at horizon one. Hence, as the horizon decreases, fore-
casters behave more optimally, but still far from optimal, since optimal would
be a high weight on Lagged Others. The estimated optimal weight on the own
Lagged Forecast is around 0.05 and hence far from the actual behavior on both
long horizons and short horizons, even though the error is smaller on shorter
horizons.

The fact that forecasters behave differently at different horizons might sug-
gest some strategic decisions at play. It might be that alternative motives are
more pronounced far away from the realization of the outcome. As forecasters
then approach the realization of the outcome, they switch to concerns regard-
ing the size of the forecast error. This reasoning is extended further in Section
7.
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Figure 3. Horizon Analysis
Notes: Solid lines refer to the estimates in Table 3. The 95% confidence intervals are con-
structed using standard errors robust to two-way clustering at the forecaster and the country-by-
survey month level.
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6 Baseline Model to Understand Optimal Behavior
The empirical results suggest inefficient behavior among forecasters. Specif-
ically, the results suggest that it is optimal to put a relatively high weight on
the lagged forecast of others (the mean of the competitors) compared to the
forecasters’ own lagged forecast. The decomposition performed in this paper
tells us that, on average, the optimal ratio between others’ forecasts and own
forecasts should be around 17.

This section presents a baseline model to further help us understand these
empirical predictions of the suggested optimal behavior. Hence, the model is
used to ensure that the empirical prediction of optimal behavior is reasonable.
Two versions of the model will be considered: one that has fully informed
forecasters who perfectly filter out all the signals and one with forecasters
who follow a simplified rule of thumb. The rule of thumb will be such that
forecasters will utilize the lagged actual forecasts as reduced form aggregates,
instead of filtering out signals. Hence, the rule of thumb model is more in line
with the empirical approach and the simple framework presented in Section
3.1.

6.1 A Model with Fully Informed Forecasters
Consider a three-period model where nature draws x at the dawn of time. As-
sume that we have n forecasters, indexed by i, where all try to forecast x. Each
forecaster will produce a forecast in each of the three periods such that they
have three attempts at predicting x.15 At the end of time, the true value is
revealed, and each forecaster faces the loss

Li = (x−Fi3)
2 +(x−Fi2)

2 +(x−Fi1)
2, (4)

where Fih is forecaster i’s forecast of x at horizon h (h periods before the real-
ization of x). Each forecaster minimizes the loss with respect to Fi3,Fi2 and Fi1,
where from the first-order conditions we have that Fih =Eih[x]. The forecasters
have a common prior about x that follows the true distribution x ∼ N(μ,σ2

x ).
In each period, each forecaster receives a private noisy signal Sih = x+ 𝜖ih,
where 𝜖ih ∼ N(0,σ2

𝜖h
) is a random error. The level of noise σ2

𝜖h
is assumed to

be the same for everybody.
In period one, i.e., at horizon 3, each forecaster receives the private signal

and is called upon to declare a forecast. The best each forecaster can do is to
forecast the expected value given the information set (containing the prior and
the signal). Hence, the forecast is

Fi3 = Ei3[x|μ,Si3] =
pμ

pμ + ps3

μ +
ps3

pμ + ps3

Si3, (5)

15Note that the model considers just one realization of x such that the t indexation from the
empirical exercise is omitted.
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where we have used the definition pv ≡ 1
V[v] , such that p is a precision parame-

ter defined as the inverse of the variance. As a result, pμ = 1
σ2

x
and ps3 =

1
σ2
𝜖3

.16

To simplify the notation, rewrite the forecast as

Fi3 = wμ|3μ +ws3|3Si3, (6)

such that w is a relative weight where the weights sum to one.17 At horizon
2, each forecaster receives a new private signal and observes the horizon 3
forecasts of their competitors. The forecaster filters out the signals from the
competitors and produces a new forecast:18

Fi2 = wμ|2μ +ws3|2Si3 +∑
j 	=i

ws3|2S j3 +ws2|2Si2. (7)

Following the horizon 2 structure, we will have the horizon 1 forecast

Fi1 = wμ|1μ +
3

∑
q=2

wsq|1Siq +∑
j 	=i

3

∑
q=2

wsq|1S jq +ws1|1Si1, (8)

where we see that a forecast is a weighted average of the prior, the own lagged
signals, the lagged signals of others, and the own new private signal.19

Allowing for an arbitrary number of horizons (H) and outcomes (t), we can
rewrite any forecast in a compressed form as

Fith = wμ|hμ +
H

∑
q=h+1

n

∑
j=1

wsq|hS jtq +wsh|hSith. (9)

Given the information structure under fixed target forecasts, the information
set will grow over horizons such that, as the forecast horizon becomes shorter,
the error is expected to be smaller.20 From (9), a forecast in the model is a
weighted average of all signals and the prior. The model does not provide an
expression of the form that is used in the empirical exercises,

Fith = β0 +β1Fith+1 +β2Zith+1 + εith, (10)

where the forecast directly depends on the lagged forecasts and not the sig-
nals. However, the model does provide a prediction regarding the relationship
between β1 and β2 in the reduced form estimation.

16Equation (5) follows from Bayesian updating.
17Hence, wμ|3 is the prior weight at horizon 3 and ws3|3 is the weight on the horizon 3 signal at
horizon 3.

18The forecaster is assumed to have full knowledge about the prior structure and the precision
in all signals. Hence, fully informed forecasters have the ability to filter out the signal from the
observed forecasts.

19The weights follow the structure presented in Equation (5).
20See, for example, Andersson et al. (2017) for an analysis of the expected size of forecast errors
at different horizons.
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Consider a world with only three forecasters (a, b and c) such that n = 3.
Then write the horizon 2 forecast from equation (7) for forecaster a in terms
of lagged forecast instead of lagged signals,

Fa2 = ωμ μ +ω f 3Fa3 +ωz3Za3 +ωs2Si2, (11)

where Za3 =
1
2

(
Fb3+Fc3

)
. To replicate the individual signal weights, it is then

needed that ω f 3 =
pμ+ps3

P2
, ωz3 = 2

pμ+ps3
P2

, ωs2 =
ps2
P2

and ωμ = −2 pμ
P2

, where
P2 = pμ + 3ps3 + ps2 . Hence, ωz3 = (n− 1)ω f 3 is such that the relationship
between the own lagged forecast and the lagged forecast of the others is pro-
portional in the number of forecasters.21

As a result of this, we should expect β2 = (n−1)β1 in the estimation such
that the relative weight between the own forecast and that of others should be
dependent on n (the number of forecasters). In the empirical estimation, the
optimal behavior was estimated to have a ratio of 17 between others’ forecasts
and the own forecasts, implying in the model that we have around 18 forecast-
ers. This lines up very well with the firm number statistics in Table 1 of an
average of 19.8 forecasters.

6.2 Forecasters with Rule of Thumb
The baseline model above assumed highly advanced forecasters with full in-
formation about the signal structure. This section presents an alternative model
that imposes some form of bounded ability to ensure that we do not ask too
much from our forecasters. Follow the same setup as in the fully informed
model, but assume now that forecasters cannot, or at least do not, filter out the
individual signals. Hence, forecasters use a simplifying rule of thumb where
they make a weighted average of the lagged forecasts (own and others’) and
the new private signal.

Assume the following structure. At horizon 3, each forecaster receives the
private signal and declares a forecast just as before:

Fi3 =
pμ

pμ + ps3

μ +
ps3

pμ + ps3

Si3. (12)

In period two, each forecaster receives a new private signal and observes the
horizon 3 consensus forecast of the competitors (Zi3). The information set is
now the own lagged forecast, the lagged consensus forecast of others, and the
new private signal. Hence, this setup treats Zi3 as an aggregate signal such that
the Horizon 2 forecast will be

Fi2 =
p f3

p f3 + pz3 + ps2

Fi3 +
pz3

p f3 + pz3 + ps2

Zi3 +
ps2

p f3 + pz3 + ps2

Si2, (13)

21Expanding this to more horizons would require including all lagged forecasts and not only the
latest. The per-horizon relationship between the own forecasts and those of others, however,
stay the same. The relationship always follows ωzh = (n−1)ω f h.
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where, again, we simplify the notation to

Fi2 = w f 2Fi3 +wz2Zi3 +ws2Si2. (14)

The horizon 1 forecast will then be

Fi1 = w f 1Fi2 +wz1Zi2 +ws1Si1. (15)

The optimal relationship between the weights will, again, depend on the num-
ber of forecasters such that wzh = (n−1)w f h.22 This is the same prediction as
in the fully informed model.

However, if a forecaster follows this process by not filtering out the actual
signals, the forecast will be less efficient compared to the fully informed fore-
cast. This is because a forecast using aggregate information such as lagged
forecasts will have nested information where old information is weighted too
much compared to new private information.23

7 Extending the Model to Understand Actual Behavior
From the empirical exercise, two facts are of interest. First, the forecasters
pay little attention to their competitors. Second, the forecasters change their
behavior over forecast horizons. The results show that the actual behavior of
forecasters is such that they put high weight on their own lagged forecast, and
this weight is different at different horizons. The empirical exercise also pro-
vides relative use between others’ versus their own lagged forecasts. This is
of good use since the model framework provides a prediction for that relation-
ship. The estimated actual behavior is a ratio (others’ over own) of 0.25, while
the optimal was estimated to be 17. This section aims to extend the model
to understand why forecasters seem to behave inefficiently compared to the
baseline model. It could be that the assumed loss function of forecasters is
incorrect, resulting in incorrect inefficiency judgment.24

The fact that forecasters overuse their own signal might suggest that they
are overconfident in their own ability. This is reasonable to believe since this
cognitive bias often is called “the mother of all biases.” Overconfidence is

22As before, it is assumed that everyone has the same signal precision in the private information.
It is also assumed that each forecaster assumes that everyone is equally good.

23A simple example to consider is the usage of a common prior. If all forecasters have the
same prior and then put a weight on each other’s forecasts, the prior will be weighted too
much relative to private information. This prior problem is noted by Kim et al. (2001), where
the authors show analytically that consensus forecasts are inefficient since too much weight is
attributed to analysts’ common information relative to their private information. This is further
highlighted in Crowe (2010), where the author argues that consensus forecasts are inefficient
due to over-weighting older information at the expense of new private information.

24However, foreasters are still going to be inefficient in minimizing forecast errors, but this might
not be their only objective.

154



well studied in psychology, and De Bondt and Thaler (1995) state that: “per-
haps the most robust finding in the psychology of judgment is that people
are overconfident.”25 However, it is unlikely that overconfidence is the only
explanation since this would require unreasonable levels of overconfidence.
A simple back-of-the-envelope example can provide some intuition about the
level.

Assume a forecaster is overconfident about their own signal. The beliefs
are such that their own precision is perceived to be κ pi, where κ > 1.26 Con-
tinue to assume that forecasters have correct beliefs about others and that they
correctly can filter out the signals from their competitors. This will result in a
higher relative weight on their own signals (and forecasts).

To understand the level of κ , assume 20 forecasters. A non-overconfident
forecaster will put 1/20 = 0.05 relative weight on the own signal and 19/20 =
0.95 on the others’ combined. If the forecaster has a κ of 2, reflecting that the
own ability is twice that of competitors, the weight structure changes to 0.095
on the own forecast and 0.905 on the others’ forecasts. With κ = 10, the
resulting weights are 0.34 on the own and 0.66 on the others’, and κ = 100
yield 0.84 on the own forecast and 0.16 on the others’. Hence, with many
forecasters, κ needs to be very high to replicate the relationships found in the
data. Judging this number as high or not is, of course, not straightforward.
However, consider the following example; assume the true value of 2 to be
predicted. Assume a true signal that offers a 95% confidence interval equal
to 2 ± 1. A “hundred times” overconfident forecaster would judge the own
signal to be in the 95% confidence interval of 2± 0.01. In contrast, each of the
competitors is judged to have a signal in the 2 ± 1 interval. Overconfidence is
then most likely not a reasonable (sole) explanation since the κ levels needed
seem to be a bit extreme. It is also the case that overconfidence does not
provide any strategic trade-off that produces horizon dynamics as those found
in the data.

To explain both the general underuse of competitors’ forecasts and the hori-
zon dynamics in this behavior, the introduction of a revision cost is considered
(see, e.g., Coibion & Gorodnichenko, 2015; Ehrbeck & Waldmann, 1996).
The idea behind the revision cost is as follows. Assume that a forecaster re-
leases a first estimate of the GDP growth in 2018 of 1 percent. After one
month, the forecaster observes the forecasts of its competitors and realizes
that the consensus view of the others is a GDP growth of 3 percent. When the
forecaster releases the next estimate, it would be optimal to revise up to the 3
percent mark, subject to the new private signal. This would imply a forecast
revision of 2 percentage points. A revision that large would need substantial
explanation since no big news has been uncovered. Telling the public that the

25See, for example, Kahneman and Tversky (1972) and Tversky and Kahneman (1974) for more
on this cognitive bias.

26See Daniel et al. (1998) for similar modeling of overconfidence in the securities markets.
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forecast last month was wrong after seeing the forecasts of others would prob-
ably be a big hit to the forecaster’s credibility.27 What the forecaster could do
instead is to slowly revise toward the others to preserve credibility and hide the
big revision in many small steps.28 It is important to note that the revision cost
can be a product of forecasters’ responses to the demand side of the forecast-
ing business. Hence, the end-user of the forecasts might demand, or reward,
consistency and thus punish inconsistent forecasters (Nordhaus, 1987).

Introducing a revision cost gives rise to a trade-off between loss from fore-
cast errors and loss from revisions, resulting in a higher degree of forecast
smoothing. However, in order to explain the horizon heterogeneity, the cost
function needs to be horizon discounted, so that the trade-off also introduces
a horizon trade-off. The following section outlines the technical details of a
revision cost extension.

7.1 Revision Cost to Preserve Credibility
In the baseline model, it was assumed that forecasters’ sole purpose was to
minimize the forecast error. This section adds an explicit revision cost to the
loss function. The baseline model consisted of three periods (horizons). This
section extends the model to 23 horizons to understand the horizon dynam-
ics.29 Assume that the forecaster faces the following minimization problem:30

min
Fih

23

∑
h=1

g(h)(Eih[x]−Fih)
2 + r(h)(Fih−Fih+1)

2. (16)

At each horizon, the forecaster faces a trade-off between the minimization of
the forecast error and the forecast revision.31 The forecast error is horizon
discounted by the function g(h) such that g(h) > g(h+ 1) to account for the
fact that it is harder to forecast at longer horizons.32 The revision cost is also
horizon discounted such that r(h) > r(h+ 1). The relation between g(h) and
r(h) then determines the relative cost between forecast errors and revisions.
From the first-order condition of the minimization problem, we have that a

27This follows some of the reasoning in Ehrbeck and Waldmann (1996), who present a similar
mechanism in a repeated game where there is a trade-off between minimizing forecast errors
and looking good before the outcome is realized.

28See Nordhaus (1987) for similar reasoning.
29It is important to note that the predictions from the baseline model do not depend on the number
of horizons.

30This is similar to a loss function presented in Coibion and Gorodnichenko (2015), with the
difference of having horizon dependent trade-off weights.

31In the first period, there is no lagged forecast. Hence, the solution in the first period is trivial
and follows Fi24 = Ei24[x].

32See, for example, Andersson et al. (2017) for an analysis of the expected size of forecast errors
at different horizons. In the baseline model, the discounting does not have any implications at
all since it would drop out from the first-order conditions.
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forecast at horizon h is given by

Fih =
g(h)

g(h)+ r(h)+ r(h−1)
Eih[x]+

r(h)
g(h)+ r(h)+ r(h−1)

Fih+1

+
r(h−1)

g(h)+ r(h)+ r(h−1)
Eih[Fih−1]. (17)

Note that Eih[x] is formed as in the baseline model, where it is a weighted
average of the prior and the signals. Solving backwards, the horizon 1 forecast
is33

Fi1 =
g(1)

g(1)+ r(1)
Ei1[x]+

r(1)
g(1)+ r(1)

Fi2. (18)

Solving the horizon 2 forecasts then yields

Fi2 =
g(2)

g(2)+ r(2)+ r(1)
Ei2[x]+

r(2)
g(2)+ r(2)+ r(1)

Fi3 +
r(1)

g(2)+ r(2)+ r(1)
Ei2[Fi1].

(19)

Substitute (18) into (19) and rearrange to get34

Fi2 =
g(2)+ r(1)m1

g(2)+ r(1)m1 + r(2)
Ei2[x]+

r(2)
g(2)+ r(1)m1 + r(2)

Fi3, (20)

where m1 =
g(1)

g(1)+r(1) . Simplify the notation to

Fi2 = m2Ei2[x]+ (1−m2)Fi3. (21)

Then, for a general horizon h forecast, we have that

Fih =
g(h)+ r(h−1)mh−1

g(h)+ r(h−1)mh−1 + r(h)
Eih[x]+

r(h)
g(h)+ r(h−1)mh−1 + r(h)

Fih+1,

(22)

and simplify any expression of this form as

Fih = mhEih[x]+ (1−mh)Fih+1, (23)

where (1−mh) can be seen as a smoothing parameter. In the empirical re-
sults, it was found that mh was decreasing in h such that m1 > m2 > ... > m23.
Hence, the two functions g(h) and r(h) need to be decreasing in h at different
rates. Specifically, g(h) needs to decrease faster than r(h) as the horizon in-
creases. The intuition is that forecast errors need to be more costly in relation
to revisions on short relative to long horizons. It then becomes apparent that it
is the relative size, and not the actual size, of g(h) and r(h) that is important,
such that one could simplify and define g(h) = 1− r(h). Different functions
of g(h) (and/or r(h)) could then provide the dynamics needed to explain the
empirical results.

33Note that by assumption Fi0 = x and r(0) = 0 since the outcome is known at horizon zero.
34Note that Ei2[x] 	= Ei1[x], Ei2[Ei1[x]] = Ei2[x] and that Ei2[Fi2] = Fi2.
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8 Concluding Remarks
From the empirical exercise, forecasters are deemed inefficient since they un-
deruse information from their competitors given an assumption of pure fore-
cast error minimization. The empirical results are robust for several hetero-
geneities, such as country, year, and variable. Moreover, a horizon decom-
position revealed that forecasters behave differently at different forecast hori-
zons. Specifically, they pay more attention to their competitors as the forecast
horizon decreases and hence behave more efficiently as they approach the re-
alization of the outcome, but still far from an optimal level.

A simple model of noisy and private information provides a framework to
analyze the behavior of forecasters. Under the assumption of forecast error
minimization, the model and the empirical exercise predicted that it is optimal
for the individual forecaster to pay close attention to what the other forecasters
do. This result originates from the fact that it is assumed that each forecaster
has private information such that there is a benefit from pooling information
from many forecasters. The result regarding the importance of pooling is no
big surprise and is in line with standard findings in the forecasting literature.
Perhaps more surprising is the finding that forecasters do not incorporate this
in their revision process.

Previous studies have found that forecasters appear to put high weight on
their own lagged information such that they are too slow to incorporate new
information. In the empirical part of this paper, the focus is on the estima-
tion of the relative use of own lagged forecasts and the lagged forecasts of
competitors. The results show that forecasters put four times higher relative
weight on their own lagged forecast compared to the forecasts of competitors.
In comparison, optimal is rather 17 times higher weight on the competitors’
forecasts compared to the own lagged forecast.

In order to explain the observed (seemingly) inefficient behavior, the base-
line model is extended. First, it is unlikely that the cognitive bias of over-
confidence is the only source of the observed behavior. For overconfidence to
explain the observed behavior, forecasters need to think that they are around
100 times better than their competitors. It is, of course, possible (and likely)
that some degree of overconfidence is present as a partial explanation to the
findings. Second, introducing a revision cost can only explain the observed
horizon dynamics under the assumption that the horizon discounting is rel-
atively different for the cost from forecast errors and the cost from forecast
revisions.

It is well known that the average of multiple forecasts often outperforms in-
dividual estimates when compared over time. This well-known result prompts
third-party users of forecasts, such as consumers, investors, voters, and poli-
cymakers, to collect information from multiple sources. However, the results
in this paper show that professional forecasters themselves do not sufficiently
internalize this well-established result.
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Appendix

Table A1. Outcome Statistics
GDP growth Inflation

Country Obs. Obs. Mean SD Obs. Mean SD

Canada 14,872 7,457 2.2 1.4 7,415 1.8 0.6
France 18,600 9,331 1.3 1.1 9,269 1.3 0.8
Germany 27,481 13,739 1.4 1.7 13,742 1.4 0.6
Italy 14,336 7,228 0.5 1.6 7,108 1.9 1.1
Japan 18,450 9,409 1.0 2.1 9,041 0.2 0.9
Netherlands 9,586 4,959 1.6 1.8 4,627 1.8 0.8
Spain 13,927 7,011 2.0 2.0 6,916 2.2 1.4
Sweden 12,885 6,469 2.3 2.0 6,416 1.1 1.1
UK 23,663 12,539 1.8 1.6 11,124 2.8 0.9
USA 25,510 12,778 2.5 1.4 12,732 2.2 1.0

Total 179,310 90,920 1.7 1.8 88,390 1.7 1.2

Notes: Actual outcome data for annual average GDP growth and inflation between 1995 and
2018. Each outcome is repeated for each corresponding forecast observation in the monthly
survey by Consensus Economics between 1995 and 2017.
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Table A2. Error Statistics
GDP growth Inflation

Country Obs. Obs. Mean SD Obs. Mean SD

Canada 14,872 7,457 -0.2 1.1 7,415 -0.1 0.6
France 18,600 9,331 -0.3 0.8 9,269 -0.1 0.6
Germany 27,481 13,739 -0.2 1.3 13,742 -0.2 0.6
Italy 14,336 7,228 -0.6 1.1 7,108 -0.0 0.6
Japan 18,450 9,409 -0.2 1.8 9,041 -0.1 0.6
Netherlands 9,586 4,959 -0.1 1.3 4,627 -0.0 0.5
Spain 13,927 7,011 0.0 1.0 6,916 0.0 0.9
Sweden 12,885 6,469 -0.1 1.7 6,416 -0.4 0.9
UK 23,663 12,539 -0.2 1.1 11,124 0.1 0.8
USA 25,510 12,778 -0.0 1.0 12,732 -0.0 0.8

Total 179,310 90,920 -0.2 1.3 88,390 -0.1 0.7

Notes: Data refer to ex-post forecast errors where errors are defined as the outcome minus the
forecast. In each month, forecasters are asked to forecast the current and next year’s annual av-
erage growth rate. This results in 24 potential forecast origins (and horizons) for each year’s
outcome.
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1 Introduction
Many agents in the economy, including economic policymakers, regularly
publish forecasts of the development of the economy. Since important eco-
nomic and political decisions usually are based on forecasts it is crucial that
these predictions are as accurate as possible. Therefore, evaluations are reg-
ularly undertaken to assess the performance. Usually evaluations compare
the forecast at a specific point in time with the outcome, or using a statistical
measure based on the two quantities. One such measure is the mean absolute
errors (MAE) (see, e.g., Diebold, 2007; Gneiting, 2011). Albeit informative,
such evaluations are in general insufficient. A large forecast error, for a par-
ticular observation, can be a consequence of a shock that could not have been
foreseen. Comparing different agencies is a common way to handle this prob-
lem. For example, central banks, international organizations and other insti-
tutions regularly publish evaluations of their forecasts and compare them with
other forecasters (see, e.g., Bank of England, 2015; European Central Bank,
2013; Sveriges Riksbank, 2016; Timmermann, 2007; Vogel, 2007). More in-
depth analyses of forecasts are presented at a less frequent basis. For instance,
Blix et al. (2001) compare different forecaster’s performance of key Swedish
macroeconomic variables. Andersson et al. (2007) estimate the Riksbank’s ac-
curacy in relation to that of the National Institute of Economic Research and
simple econometric specifications. Davies and Lahiri (1995) and Bauer et al.
(2003) compare the agents of the Blue Chip Survey and Boero et al. (2008) as-
sess the Bank of England Survey of External Forecasters. Goh and Lawrence
(2006) compares the accuracy of New Zealand forecaster’s RMSE and their
average relative rank. Cabanillas and Terzi (2012) present an assessment of
the European Commission’s track record and compares the forecast errors of
GDP growth to those of other international institutions.

Comparing forecasters is appealing but not necessarily straightforward. One
problem that evaluations face in practice is that forecasts are published at dif-
ferent points in time. In practice, this implies that different forecasters have
different amounts of information when they prepare their forecasts. To make a
fair comparison, this must be accounted for. One attempt to reduce this prob-
lem is to compare forecasts produced at almost the same point in time. This
approach is far from flawless since one month of information may be impor-
tant, for example, if a quarter of the National Account figure is published that
particular month. Another problem is that this approach utilizes only a subset
of the available forecasts. We argue that a fair comparison between forecasters
requires that the differences in information must be adjusted for in a quantita-
tive way.

The contribution of this paper is that we propose a method to account for
the fact that forecasts are made at different points in time, and thus with differ-
ent amounts of information when comparing the accuracy. The typical data set
we address is thus an unbalanced panel with forecasts on annual averages. We
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represent the amount of information by timing, that is, the distance between
the publication date and outcome date. In the model, the timing effect and the
respective forecasters underlying performance (ability) are estimated simulta-
neously. The model rests on the assumption that part of a forecaster’s average
error can be explained by the timing. A forecaster that publishes its forecasts
later than others can also be expected, ceteris paribus, to have a slightly better
accuracy. A Monte Carlo simulation shows that this is the case and that the
proposed model can correct for this. In an empirical application, the model is
used to assess the forecasting performance of Swedish forecasters with respect
to GDP growth and CPI inflation for the period 1999–2015. The ranking of
the forecasters depends on whether information differences are accounted for
or not. Overall, we find the model well-suited for comparing forecast perfor-
mance.

The paper unfolds as follows: Section 2 presents the empirical framework
and the econometric model, and Section 3 holds a Monte Carlo simulation.
Section 4 presents the empirical application and Section 5 concludes the paper.

2 Empirical Framework
This section discusses the effect of the information content, measured by time
to the outcome, and explains why this is an important determinant of the size
of the forecast error. The forecast error is expected to become smaller the
nearer (in time) to the outcome the prediction is made. We then present an
econometric model that adjusts for differences in timing when estimating the
ability of the different forecasters.

2.1 The Forecast Error
Let ŷit,h be the forecast for the growth rate of variable y for year t, made by
individual i, h months prior to the end of year t (the period the outcome is
known). The error of a particular forecast is then defined by:

νit,h = yt − ŷit,h. (1)

This error is expected to decline as the horizon shrinks, because the informa-
tion set grows over time. For a forecast of a variable expressed as an annual
average, the errors decrease at a non-linear rate as quarterly or monthly out-
comes of the particular prediction year become available. We exemplify this
with quarterly data, by looking at how annual and quarterly growth rates are
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related. The annual change of a variable is a function of the quarterly changes
during the last four quarters according to:1

yT,1− yT−1,1

yT−1,1
=

yT,1

yT−1,1
−1 =

yT,1

yT−1,4
∗ yT−1,4

yT−1,3
∗ yT−1,3

yT−1,2
∗ yT−1,2

yT−1,1
−1, (2)

where yT,q is the level of variable y in quarter q of year T . Let g4
T,q and g1

T,q be
the annual and quarterly change for quarter q of year T . Equation (2) can then
be expressed as:

1+g4
T,1 = (1+g1

T,1)∗ (1+g1
T−1,4)∗ (1+g1

T−1,3)∗ (1+g1
T−1,2). (3)

The annual change of quarters 2, 3 and 4 are calculated as equation (3). Thus,
the yearly (average) growth for year T , Δ4yT , can be stated as the average of
the annual change in the year’s quarters:

Δ4yT =
1
4

[
(1+g1

T,1)∗ (1+g1
T−1,4)∗ (1+g1

T−1,3)∗ (1+g1
T−1,2)+ (4)

(1+g1
T,2)∗ (1+g1

T,1)∗ (1+g1
T−1,4)∗ (1+g1

T−1,3)+

(1+g1
T,3)∗ (1+g1

T,2)∗ (1+g1
T,1)∗ (1+g1

T−1,4)+

(1+g1
T,4)∗ (1+g1

T,3)∗ (1+g1
T,2)∗ (1+g1

T,1)
]
−1.

Equation (4) shows that the annual growth rate of year T is a function of all
quarterly growth rates from the second quarter of the previous year, T − 1,
until the last quarter of the forecast year, T . The equation also indicates that
the quarters weigh differently in terms of yearly growth. Table 1 present the
weights.

Table 1. The relative importance of each quarter in annual average calculation

Year: T −1 Year: T

Quarter 1 2 3 4 1 2 3 4
Weight 0/16 1/16 2/16 3/16 4/16 3/16 2/16 1/16
Accumulated weight 0/16 1/16 3/16 6/16 10/16 13/16 15/16 16/16

Notes: The table shows the weights of each quarter in the yearly calculation, together with the
proportion of the full year value (accumulated) known at each point in time.

Table 1 reveals that a forecast of the annual average of year T made in the
first quarter the year prior to the outcome, T −1, do not include any informa-
tion of the outcome. One quarter later, i.e., the second quarter in year T − 1,
1/16 of the outcome is known. As the first quarter of the forecast year be-
comes available, 10/16 of the yearly outcome is known to the forecaster. Note

1Similar calculations can easily be generalized to an arbitrary frequency.
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that these calculations are stylized and do not consider recurrent revisions of
quarterly outcomes, which is a common feature of macroeconomic data.2 The
practical implication of the growing information set is that less of the outcome
needs to be forecasted as time proceed. We call this the outcome effect.

In addition to the outcome effect, there exist other reasons to why the fore-
cast errors are expected to decrease the closer to the outcome the forecast is
made. For example, the degree of persistence in the data. If we assume that the
quarterly growth of variable y in period t is a function of the quarterly growth
in the previous period we get the following relation:

yt = c+αyt−1 + 𝜖t . (5)

For future periods t + 1, ..., t +H, equation (5) is a simplified description of
the expected future quarterly growth rates which the forecaster can use at each
forecast occasion. The parameter α (persistence of y) determines how far
into the future a new outcome will remain important. We call this effect the
persistence effect.3

Given the timing effects (i.e., outcome effect and persistence effect), we can
calculate how the expected forecast errors, in absolute terms, will decrease as
the distance to the outcome decreases. In Figure 1 we plot a calculation of
the expected forecast error as a function of the timing assuming α to be 0.3
and 0.6 respectively.4 The size of the forecast error before any information of
the outcome is known, i.e., the first quarter of the year prior to the outcome
year T −1, has been normalized to 1. Figure 1 provides a sketch showing that
the functional form of the expected size of the forecast error depends on the
outcome effect and the persistence effect. This study uses this functional form
to account for the expected decline in the errors.

2.2 The Econometric Model
Given the panel structure of data and following the previous section, the abso-
lute forecast error, denoted by 𝜖 , can be explained by:5

𝜖it,h = δMit,h +uit,h, (6)

2GDP data are usually revised back in time when a new outcome is published. Seasonal adjust-
ments may also lead to a revision of historical GDP observations.
3Moreover, indicator series and forecasts given by other institutions may enhance the informa-
tion set even more.
4As a reference, an estimation of α based on quarterly data for Swedish GDP during 1994–2015
gives the value 0.3.
5The method may also be adapted to other error measures. The measure should be selected on
the base of the loss-function of the forecasters (see, e.g., Patton, 2015). However, comparing
different evaluation measures is beyond the scope of this paper.
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Figure 1. The impact of the timing on the size of the forecast error
Notes: The black solid line indicates the extent to which the expected error depends on the
outcome effect, the dashed and dotted lines indicates the extent to which the error depends on
the outcome and persistence effects, where the persistence coefficient α is set to 0.3 and 0.6,
respectively.

where Mit,h is the timing effect, defined as Mit,h = 1−Wit,h. The accumulated
weight, Wit,h, increases as the parts of the prediction year become known.6 As
Wit,h increases Mit,h decreases and could be seen as a proxy for missing infor-
mation at the time of the publication. The coefficient δ represents the marginal
effect on the absolute forecast error of having less information. We model the
absolute errors in equation (6) without an intercept, hence, at horizon zero
the absolute forecast error is also zero since the full outcome is then known.
The disturbances uit,h can be divided into two unobserved components and an
idiosyncratic random disturbance term, according to:

uit,h = μi +λt + eit,h, (7)

where the individual specific effect μi is interpreted as the (genuine) ability
of forecaster i. This ability is assumed to be constant over time. λt is a time
specific effect which refers to the year the forecast concerns. This effect is
assumed to be common for all forecasters. eit,h is the idiosyncratic disturbance
term. Rewriting equation (6) gives the following specification:

𝜖it,h = δMit,h +μi +λt + eit,h. (8)

Hence, the method to adjust for information differences when comparing the
forecast performance across institutions is based on the assumption that the

6In the estimation we calculate the weights based on monthly observations in contrast to the
quarterly weights presented in Table 1. Thus, a forecast produced in December will have a
different weight compared to a forecast produced in October. We also assume a publication lag
of one month, which means that the December outcome becomes available in January.
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(absolute) forecast errors can be divided up into different components: a com-
ponent that is due to the amount of information available at the time of publi-
cation (Mit,h), a component that reflects the different forecasters’ general fore-
casting performance/ability (μi) and a component that captures that different
years can be more or less difficult to forecast (λt).7

In equation (8) we assume a common information effect for all years. Nev-
ertheless, we will also control for time varying slope coefficients. One might
argue that the fact that different years can be more or less difficult to forecast
does not only affect the level of the forecast error but also the functional form
of the information effect (i.e., the slope). Hence, a more flexible specification
becomes:

𝜖it,h = δtMit,h +μi +λt + eit,h. (9)

We estimate model (9) using the within (or fixed effect) estimator. The within
estimator is preferred when the individual-specific factors are constant over
time. Moreover, the within estimator allows for correlation between the fixed
individual-specific effects and the other explanatory variables, without vio-
lating the assumption of no correlation between observable and unobserv-
able determinants of the dependent variable. This is due to the fact that the
within transformation wipes out the individual-specific effects (see, e.g., Balt-
agi, 2001). Since the individual-specific effects in this model, which are inter-
preted as each forecaster’s individual forecast ability, may be correlated with
the other explanatory variables, the within estimator is appropriate.

3 Monte Carlo Simulation
3.1 Mode of Procedure and Method of Analysis
As described in previous section, the functional form of how the forecast er-
rors decline over time is given by the outcome effect and the persistence ef-
fect. However, the sizes of these effects are unknown, but can be estimated
in an econometric model such as equation (9). This model also estimates
individual-specific effects that we argue represent the individual forecasting
performances. In order to test if the model actually do capture the ability of
the individuals, we conduct a Monte Carlo simulation. In the simulation we
evaluate the model’s comparison between institutions and contrast the model
to a traditional mean absolute error (MAE) statistic. We use the following data
generating process for the absolute forecast errors (𝜖it,h):

𝜖it,h = Lit,h +μi + εit,h, (10)

7A somewhat similar decomposition for analyzing forecast errors in a panel data setting has
been used by Davies and Lahiri (1995), Davies (2006) and Boero et al. (2008) with the differ-
ence that they do not adjust for timing.
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where,

Lit,h = 1−
( 24

∑
j=h+1

ω j + ∑
i=1,...,h
j=h,...,1

α jωi

)
, (11)

ωh =

{
h

122 if h≤ 12
24−h
122 if h > 12,

(12)

εit,h = |eit,h|, (13)

eit,h ∼ N(0,σ2). (14)

Lit,h represents the information effect h months before the complete outcome is
known. Lit,h is calculated as one minus the outcome effect and the persistence
effect. ωh is the monthly weights in the full outcome. In the simulations we
assume that all years are equally hard to predict when generating data.

We model the ability using an individual-specific bias (μi) that we assign to
each forecaster in the simulation. εit is an error term that is the absolute value
of a normally distributed error with mean zero and variance σ2.8

Furthermore, we create seven fictive forecast institutions (A, B, · · · , G).
Each institute produces four forecasts each year according to a fixed publica-
tion calendar.9 This gives eight forecasts from each institute for each outcome
since we assume a maximum forecast horizon of 24 months prior to the out-
come. In the setup, institute A has the shortest average horizon while insti-
tute G has the longest.10 Thus, A has an advantage, due to most information
available, at average when forecasting. Besides being affected by the forecast
occasion, the errors are influenced by the individual-specific biases. In the
evaluation, one would like the institution with the lowest bias to be ranked by
the model as the best (number one). We construct two different assignments
(cases) of ability:

1. μA = μB = · · ·= μG: Equal ability
2. μA > μB > · · ·> μG: Unequal ability, different direction to the timing effect

In the first case, we expect the performance of all institutions to be equal, and
in the second case, we expect A to have the poorest forecast ability and G the
best. In Case 2, we set the sequential differences between forecasters A–G to

8The expected mean of εit,h is σ
√

2
π . In the main simulations we set σ to 0.3, but we also do

the simulations using σ equal to 0.15.
9Publication months: A = {Mar, Jul., Oct., Dec.}, B = {Mar., Jun., Sep., Dec.}, C = {Mar.,
May., Sep., Nov.}, D = {Feb., May., Aug., Nov.}, E = {Feb., Apr., Aug., Oct.}, F = {Jan., Apr.,
Jun., Nov.}, G = {Jan., Mar., Jul., Sep.}.

10Average horizon in months: A=11, B=11.5, C=12, D=12.5, E=13, F=13.5, G=14.
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0.02. Subsequently, the difference between the best and the worst forecaster
is 0.12.11

The value of α is varied in the study and we also do two different evalu-
ation samples. The first is a single-year evaluation (N = 1) and the second
is based on 10 years. However, the evaluations are always computed with
S = 100,000 Monte Carlo replicates. For each replicate, Si, we rank the fore-
cast performance according to the estimated ability in equation (9) and the
MAE statistic. From the 100,000 rankings we compute the proportion of each
institution in each position.

Figure 2 presents the main findings from the Monte Carlo simulation. Our
proposed model is labeled Adj. MAE and is compared to the MAE. The results
in the figure are presented as the observed proportion of each forecaster in each
ranking position.

3.2 The Equal Ability Case
We start with the case with equal ability and no timing effect (case 1). This
case is included because we do not want our procedure to distort the perfor-
mance of the MAE statistic when no timing effect is present. The simulations
are based on a single-year evaluation. The results are given in Figure 2a and
2b for the two statistics. The timing effect is eliminated by equating the per-
sistence coefficient α to one. Since the abilities are set equal for all seven
forecasters we expect each forecaster’s ranking to be uniform in each position.
As given in Figure 2a and 2b both our model and the MAE statistic handle this
case well. The rankings are evenly distributed for all forecasters.

In the second equal ability simulation we add a timing effect, consisting
only of the outcome effect. The rank proportions are still expected to be uni-
formly distributed across the institutions. Figure 2c shows that our proposed
model achieves the expected. However, the MAE fail to rank the forecasters
properly in this case, see Figure 2d. The information advantage of forecaster
A is interpreted as A being the best forecaster in about 40 percent of the repli-
cates. This is actually not surprising, but will distort an evaluation.

We have also computed a case of random ability. In this case, each fore-
caster is given an ability from a uniform distribution between 0 and 0.16 in
each replicate.12 Since the forecasters share the same distribution, the fore-
casters still have the same expected ranking over the simulation. The result
of the random ability case is thus similar to the results shown in case 1 with
equal ability.

11The values of μi and σ are inspired from Swedish GDP and CPI forecast error data.
12By setting the upper limit to 0.16 we get an average sequential difference of 0.02 and an
average difference between the best and the worst forecaster of 0.12, as in case 2.
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Figure 2. Monte Carlo simulations
Notes: The graphs show the observed proportion of each forecaster in each ranking position
according to our proposed model in equation (9) (Adj. MAE) and according to the MAE statis-
tic. In the top panel we have equal ability, μA = μB = · · · = μG and the sample size, N, is
equal to one year. The graphs (a) and (b) show a simulation assuming no timing effect (α = 1).
Graphs (c) and (d) show a simulation where the timing effect is given by outcome effect only
(α = 0). The lower panel presents the case of a outcome effect and unequal ability according
to μA > μB > · · · > μG, thus, A is expected to be ranked as number seven. The single year
evaluation graphs (e) and (f) have N equal to one while the ten year evaluation graphs (g) and
(h) have N equal to ten. Results based on S = 100,000 replicates. All simulations have the
standard deviation, σ , in the error term set to 0.3.

3.3 An Unequal Ability Case
The lower part of Figure 2 presents results when we do not assume equal abil-
ity (case 2). More precisely, we now assume that the generated ability order of
the forecasters is such that the forecaster with the shortest average horizon is
the poorest, μA > μB > · · ·> μG. In other words, the timing effect and the abil-
ity now pull in different directions. In this case, we expect forecaster G to be
ranked as number one and A as number seven. Figure 2e and 2f show results
for a single year, N = 1. Since the information effect and the ability works
in different directions the MAE statistic concludes that the forecasters are ap-
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proximately equally good, see Figure 2f.13 However, our model does a better
job in this case, see Figure 2e. Forecaster G is top ranked in about 40 percent
of the cases and forecaster A exhibits the poorest rank in approximately 40
percent of the replicates.

If we instead of evaluating a single year undertake an evaluation based on
10 years, the performance of our model improves further. This is presented in
Figure 2g. Forecaster G is now correctly ranked as best in 70 percent of the
replicates, forecaster F as second best in 50 percent of the times and forecast A
as being worst in over 70 percent of the generated samples. The MAE statistic
is still giving wrong rankings, see Figure 2h.

The ability may also work in the “same direction” as the timing effect. Then
the unadjusted MAE statistic would work better than in case 2, and slightly
better than the adjusted statistic, since it has a bias towards a ranking that
follows the direction of the timing effect. The adjusted statistic performance
is in line with the results of case 2.

3.4 A Measure of Incorrect Rankings
The overall results from the Monte Carlo are robust also for different designs
of the simulations. This is evident in Table 2, which present simulations based
on different values of the residual variance, the persistence parameter, as well
as the sample size. In the table we present a measure of incorrect rankings
(MIR) for a comparison based on observed, Oi,r, minus expected, Ei,r, fre-
quency for individual i in ranking r for method j according to the following:

MIR j =
1
S

√
1

49

G

∑
i=A

7

∑
r=1

(Oi,r−Ei,r)2(1+ρi)2, (15)

where ρi is the absolute distance between the expected, E[ri], and the observed
ranking, ri:

ρi = |E[ri]− ri|. (16)

Thus, ρ works as a penalty parameter of having large deviations in the ranking
position. In the first ability case we do not have an expected ranking position,
E[ri], meaning that all ρi is set to zero, while in the second ability case we set
ρ according to equation (16). The column Adjusted refers to MIR according
to our proposed adjusted MAE statistic, while the column Unadjusted refers
to MIR based on a traditional MAE statistic.

Overall, for both ability cases, the MIR values are lower for the Adjusted
method, indicating a smaller ranking error, compared to the Unadjusted method.
Only when α is one (i.e., no timing effect), the MIR value for both methods

13This is of course not always the case. If we vary the size of the information effect and abilities
the resulting proportions are also varied.
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Table 2. Monte Carlo simulation: Design and incorrect rankings results

Measure of Incorrect Rankings

μi N σ α Adjusted Unadjusted

Case 1:
μA = μB = · · ·= μG

1

0.30
0.0 0.00 0.08
0.8 0.01 0.08
1.0 0.00 0.00

0.15
0.0 0.00 0.15
0.8 0.01 0.14
1.0 0.00 0.00

10

0.30
0.0 0.00 0.20
0.8 0.02 0.19
1.0 0.00 0.00

0.15
0.0 0.00 0.30
0.8 0.04 0.29
1.0 0.00 0.00

Case 2:
μA > μB > · · ·> μG

1

0.30
0.0 0.45 0.62
0.8 0.46 0.61
1.0 0.45 0.45

0.15
0.0 0.36 0.64
0.8 0.37 0.59
1.0 0.36 0.36

10

0.30
0.0 0.28 0.65
0.8 0.29 0.58
1.0 0.28 0.28

0.15
0.0 0.10 0.68
0.8 0.11 0.56
1.0 0.10 0.10

Notes: μi is the generated individual forecast ability. N is the number of years in the evalua-
tion sample. σ is the standard deviation in the error term and α is the persistence parameter.
Note that the value of 0.8 on monthly data approximately corresponds to the line with 0.6 on
quarterly data in Figure 1. See equation (10) for the data generating process. The column Ad-
justed refers to the measure of incorrect rankings (MIR) values based on our proposed model in
equation (9). The column Unadjusted refers to MIR based on a traditional mean absolute error
statistic. MIR calculations according to equation (15), where a lower value indicates a smaller
ranking error. Results based on 100,000 replications.

are the same. This is, however, in line with what one would expect. All in
all, the simulations suggest that the model can handle different situations re-
garding to the timing effects, which is shown in Figure 2 and Table 2. The
Monte Carlo simulations also suggest that our model can adjust for different
publication dates and identify the ability of the forecasters. Furthermore, the
model does not distort the estimated ability if no information effect is present.
The MAE statistic on the other hand is severely affected in the Monte Carlo
study by differences in information. We also note that our model performs
much better when the sample size increase and that the model performance
increases as the variance in the error term is reduced. Hence, we conclude that
our model, overall, is preferred compared to an unadjusted statistic.
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4 Empirical Application
We now use the model for a real-world application. We pay special attention to
two things: The importance of the timing effect by itself and how it affects the
ranking. This is done by looking at the data and through estimated quantities
in our model.

4.1 Data and Descriptive Statistics
In the application we use data from 10 Swedish forecasters.14 The forecasts
are annual averages for Swedish GDP growth and CPI inflation and are made
up to two years prior to the outcome, yielding a maximum forecast horizon
of 24 months. The data covers the period 1999–2015. From the forecasts,
we calculate the absolute value of the forecast error based on the first avail-
able outcome. The absolute errors then give rise to two quantities: the MAE
statistic and our timing adjusted ability statistic.

Table 3 presents the data by means of summary statistics for each institu-
tion’s absolute forecast errors. The number of forecasts differs for the various
institutions and so does the average forecast horizon.15 The average horizon
provides a first indication on how the adjustment will affect the evaluation, but
is by no means exhaustive. In practice, the horizon for each forecast will mat-
ter. The average horizon differs at most by (slightly more than) two months.
Two months in this case is definitely enough for potential information dis-
advantages. The lower part of each panel in Table 3 demonstrates that the
forecast errors vary more within each institution’s set of errors than between
the institutions. This is an indication that forecasters regularly adjust their
forecasts, probably due to new outcomes and short-term forecast errors. The
small variation between the institutions suggests a prominent “herd behavior”
among the forecasters.16

4.2 Estimated Timing Effect
This section discusses and estimates the information content effect in the data.
Starting with the results reported in Panel A in Table 4. Panel A in Table 4
presents the estimation results of equation (8) for GDP and CPI, respectively.

14The evaluated institutions are the same as in Sveriges Riksbank’s yearly evaluation (see, e.g.,
Sveriges Riksbank, 2016): Swedish Ministry of Finance (MoF), HUI Research (HUI), National
Institute of Economic Research (NIER), Swedish Trade Union Confederation (LO), Nordea
(NDA), the Riksbank (RB), Scandinaviska Enskilda Banken (SEB), Svenska Handelsbanken
(SHB), Confederation of Swedish Enterprises (SN), and Swedbank (SWED).

15Although there are some regularities regarding when various institutions publish their forecasts
the publication calendars are not fixed and can vary between the years.

16The occurrence of “herd behavior” among institutions is not particularly remarkable. Fore-
casters study approximately the same information and have access to each other’s forecasts and
analyses.
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Table 3. Descriptive statistics for absolute forecast errors, 1999–2015

Panel (a) GDP Panel (b) CPI

Number of
forecasts

Mean
horizon

Mean
value

Standard
deviation Min Max

Mean
value

Standard
deviation Min Max

MoF 84 11.7 1.15 1.34 0.0 6.7 0.51 0.60 0.0 3.1
HUI 136 11.3 1.16 1.33 0.0 7.5 0.56 0.62 0.0 3.5
NIER 141 11.7 1.17 1.46 0.0 7.7 0.48 0.63 0.0 3.2
LO 69 12.1 1.25 1.40 0.0 7.2 0.51 0.52 0.0 2.3
NDA 125 12.6 1.13 1.22 0.0 6.9 0.59 0.65 0.0 2.9
RB 164 11.5 1.09 1.30 0.0 6.9 0.55 0.73 0.0 3.8
SEB 136 12.3 1.09 1.24 0.0 6.5 0.51 0.58 0.0 3.5
SHB 115 12.0 1.27 1.36 0.0 7.0 0.56 0.67 0.0 3.3
SN 121 12.1 1.23 1.40 0.0 7.5 0.59 0.68 0.0 3.3
SWED 92 13.5 1.35 1.44 0.0 7.7 0.64 0.70 0.0 3.1

Overall N=1183 12.0 1.18 1.34 0.0 7.7 0.55 0.65 0.0 3.8
Between n =10 0.08 1.1 1.6 0.05 0.5 0.6
Within N/n=118.3 1.34 -0.2 7.7 0.64 -0.1 3.8

Notes: The table describes the absolute errors from the forecasts published by institutions over
the period 1999–2015. In total there are 10 forecasters with a total of 1183 forecasts. The overall
average of the absolute forecast error is 1.18 for GDP and 0.55 for CPI. Overall refers to the
entire dataset. The Between variation shows the variation of the means of each institution (across
time periods), and Within refers to the variation about the respective mean of each institution.
Note that the between and the within standard deviation does not add up to the overall deviation
since the two standard deviations are not calculated around the same mean value.

The models include a full set of fixed forecast year and individual-specific ef-
fects. As expected, the contribution from the distance between the forecast and
the outcome on the absolute forecast error is positive and significant for both
variables. The estimated coefficient for the timing suggests that the marginal
effect on the absolute forecast error, of producing the forecast with full infor-
mation instead of no information of the outcome, is around 1.4 percent for
GDP and 1.1 percent for CPI.

We cannot reject that the estimated effect of the information content is com-
mon for all forecasters. This is tested by the joint hypothesis δi=1 = δi=2 =
, ....,δi=10. Moreover, the forecast year effects are strongly significant for both
variables. This means that some years have been harder to predict than others.
This effect is included in the model to separate the difficulty of different years
from the individual effect, which we call ability. We test differences in the
ability of the various institutions with a joint F-test. The test finds no signifi-
cant differences between the institutions’ accuracy for the assessed variables.
This is because the variation between the forecasters is much smaller than the
variation within each forecaster.

Figure 3 plots the observed absolute forecast errors for GDP and CPI for the
horizons together with a regression line according to the estimations of timing
from Panel A in Table 4. The regression lines represent the best fits of the
whole sample of the data, and can be used to adjust the absolute forecast errors
with respect to the timing effect. This is done by subtracting the estimated
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Table 4. Estimation results
Panel A Panel B

GDP CPI GDP CPI

Coef. SE p-val. Coef. SE p-val. Coef. SE p-val. Coef. SE p-val.

Timing 1.425*** 0.071 0.000 1.085*** 0.036 0.000
Timing*Year
1999 0.722*** 0.189 0.000 1.092*** 0.114 0.000
2000 0.262* 0.139 0.060 0.259*** 0.067 0.000
2001 2.212*** 0.138 0.000 0.616*** 0.114 0.000
2002 0.820*** 0.101 0.000 0.570*** 0.051 0.000
2003 1.208*** 0.100 0.000 0.205* 0.118 0.083
2004 1.084*** 0.114 0.000 1.179*** 0.111 0.000
2005 0.022 0.067 0.738 1.230*** 0.077 0.000
2006 1.558*** 0.077 0.000 0.211*** 0.053 0.000
2007 -0.329*** 0.124 0.008 0.270*** 0.078 0.001
2008 1.944*** 0.119 0.000 1.063*** 0.091 0.000
2009 7.563*** 0.196 0.000 3.412*** 0.154 0.000
2010 3.713*** 0.192 0.000 0.316*** 0.078 0.000
2011 0.549*** 0.119 0.000 1.019*** 0.124 0.000
2012 1.429*** 0.147 0.000 1.448*** 0.093 0.000
2013 0.211* 0.114 0.064 1.468*** 0.089 0.000
2014 0.280*** 0.081 0.001 1.732*** 0.087 0.000
2015 0.194* 0.103 0.061 1.695*** 0.113 0.000

Year effects Yes*** Yes*** Yes*** Yes***
Individual effects Yes Yes Yes*** Yes**

Individuals 10 10 10 10
Observations 1183 1183 1183 1183
Adj. R-squared 0.642 0.539 0.907 0.745
RMSE 0.803 0.438 0.410 0.326
F(16, 1140) 130.07 59.61
Prob.>F 0.000 0.000

Notes: *** denotes statistically significant at the 1 percent level, ** significant at the 5 percent
level and * significant at the 10 percent level. The table shows selected estimates for 10 Swedish
forecasters over the period 1999–2015 together with robust standard errors (SE). Year is the the
forecast year and not the year of the forecast origin. In Panel A the reported estimates are based
on equation (8), while Panel B show estimates from equation (9).

effect from individual absolute errors. The individual effect (μi) represent
each forecaster’s mean deviation from the estimated line (after accounting for
year effects). Thus, the estimated individual effect is appropriate to assess and
compare the forecasting ability of the different institutions.

It is clear from Figure 3 that the variability in the errors increases with the
forecast horizon. Although, the estimated marginal effects presented in Table
4 are still unbiased and consistent, the longer horizons will dominate the short
horizons.17 This is due to the fact that errors are generally further from the
expected error (fitted line) in the long horizons and will therefore be adjusted
more.

The increasing variability in the errors with the horizon is to a large extent
given by the fact that the difficulty to forecast a variable can differ across years.

17The presence of heteroskedasticity should not alter the ‘central’ position of the OLS line. Least
square estimates are still unbiased and consistent but not efficient. Thus, the estimated standard
errors are biased, so the usual confidence intervals and test statistics are incorrect. The standard
errors reported in Table 4 are, however, corrected for heteroskedasticity using White’s robust
standard errors (White, 1980). Clustering the standard errors on year or institutions does not
alter the results.
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Figure 3. Absolute forecast errors and estimated average effect of timing

This means that both the size of the error and the marginal timing effect can
differ across years. To illustrate this we also estimate equation (9), and thus
allow for time-varying marginal timing effects (i.e., δt). Panel B of Table 4
clearly suggests that there are large and significant variations in the estimated
timing effects across different years for both GDP and CPI. The hypothesis of
homogeneous timing effects across forecast years is strongly rejected.18 Sub-
sequently, a model that accounts for heterogeneous timing effects across years
is required to capture the behavior of the forecast errors correctly. One caveat
with this specification is that it is more sensitive to the number of observations
in each year. Our data set has about 60–70 observations per year.

All years, except for GDP in 2007, exhibit the expected timing effect. This
is shown by positive estimates in Panel B in Table 4. The GDP timing coeffi-
cient for 2007 is negative, which is driven by data.19 In an application one may
think this is appropriate, whereas, it is also possible to restrict the coefficients
to be non-negative.

4.3 Estimated Abilities and Rankings
For the flexible specification in Panel B in Table 4 the joint F-test on the
individual-specific (ability) effects becomes significant. Thus, a more care-

18A joint F-test, presented in Panel B of Table 4, of parameter constancy test of the hypothesis
that the coefficients are identical across years is rejected at the 0.0001 level for both GDP and
CPI.

19During 2007 the forecasters seem to been presented to GDP disinformation as time evolved.
In practice, the outcomes during the first half of 2007 were stronger than the forecasts, which
led to upward revisions. When the third quarter outcome was published, the first and second
quarter outcomes were revised downwards. This had a non-negligible impact on the 2007 an-
nual average, since these quarters together weigh 7/16. See Sveriges Riksbank (2008) for more
information. As a consequence this led to the unusual pattern where early forecasts were more
accurate than later ones.
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ful modeling of the forecast errors pick up systematic differences between
different forecasters’ GDP and CPI predictions over time.20

The estimated individual effects from equation (9), which are interpreted as
each institution’s forecast ability (adjusted for the differences in timing when
forecasting) can be used for a fair comparison of the performance. In Figure
4 we plot the estimated ability for each institution (for GDP and CPI respec-
tively) for the entire period 1999–2015. The figure presents two measures. The
black bars show the ability, that is the adjusted mean absolute error, estimated
from the individual effects obtained from Panel B in Table 4. This ability is
expressed as deviations from the all-institutions average, μ∗i = μ̂i− 1

n ∑n
i=1 μ̂i.

A positive bar (μ∗i >0) corresponds to a larger adjusted forecast error than the
average forecaster and thus a lower forecast ability, whereas a negative bar
(μ∗i <0) implies the opposite. The gray bars represent an MAE statistic, also
stated as deviations from the all-institutions average MAE.

Figure 4, ordered by the black bars, shows that there exist differences in the
forecasting ability between the assessed institutions. In pair-wise comparisons
these differences are sometimes quite small but in other cases non-negligible.
Furthermore, it is noted that the two measures give rise to somewhat differ-
ent rankings between the institutions. Thus, an adjustment of the errors with
respect to the differences in timing has implications on the comparison.

(a) GDP growth
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Figure 4. Estimated relative forecast ability
Notes: Adjusted Mean Absolute Error refers to estimated ability according to our proposed
model in equation (9). Mean Absolute Error refers to the standard MAE statistic. Both series
are demeaned by the overall mean based on all institutions. Thus, a negative value tells us that
the individual have a forecast performance above the average.

20This joint test investigates the null hypothesis that all forecasters share the same ability against
the alternative that at least one of the forecasters ability differs from the others.
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5 Conclusions
Different forecasters typically prepare and publish their forecasts at different
points in time. This means that the forecasts are based on different amounts
of information. When the forecasters’ performance is assessed and compared
this may severely distort the conclusions. This paper introduces a way to han-
dle these problems by means of a simultaneous estimation of the forecasters’
ability and the effect of different information content. We then use the ability
measure to compare the forecasters. We argue that a forecast comparison that
does not adjust for differences in timing may be misleading due to information
advantage or disadvantage. This view is supported by Monte Carlo evidence.
The Monte Carlo simulation also concludes that increasing the evaluation sam-
ple size is beneficial to the proposed method. The implication of this is that
a single year evaluation is not sufficient to retrieve reliable estimates of the
forecasters’ ability. Finally, the method is applied to a real-world dataset of
10 Swedish forecasters for the sample period 1999–2015. These forecasters
are ranked based on their ability to forecast Swedish GDP and CPI inflation.
Our first finding is that the timing of the forecasts does matter for the forecast
error. Thus, comparisons based on unadjusted mean absolute errors may give
unfair results. We conclude that our proposed method is preferred over the
traditional statistic when comparing the performance of forecasters.
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