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Abstract

Using inflation and growth forecasts for a panel of emerging and advanced economies,
we provide evidence that foreign forecasters publish and update their forecasts less frequently
than local forecasters and make larger errors. We provide tests that identify differences in
information frictions across groups and show that the lower accuracy of foreigners is not due
to more irrational expectations, but to less precise information. This informational advantage
is linked both to barriers to information and to incentives and is typically stronger when
uncertainty is lower. These results provide a basis for disciplining international finance and
trade models with heterogeneous information.
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1 Introduction

The informational advantage of local forecasters over foreign forecasters regarding macroeconomic
fundamentals has far-reaching consequences. Information asymmetries are a primary explanation
for the tendency of investors to prefer domestic assets in their investment portfolios, known as the
home bias in asset holdings, originally documented by French and Poterba (1991)E] Information
asymmetries are also a potential source of capital flow volatility, since disagreement between foreign
and domestic investors generates cross-border asset tradeE] Beyond their impact on international
asset markets, they also constitute a barrier to the international trade in goods (potentially accounting
for the “missing trade”), as highlighted by Anderson and van Wincoop|(2004). Finally, recent papers
underscore their role in international business cycle comovement However, there remains a lack of
direct evidence regarding the existence of information asymmetry on macroeconomic fundamentals
and quantitative estimates of the extent of this asymmetry.

We fill this gap by exploiting a unique dataset of inflation and GDP growth forecasts for the
current and the next year provided by local and foreign forecasters. Unlike previous studies, the
forecaster and country dimensions of the panel allows us to control for a rich set of fixed effects. We
first show that foreign forecasters publish and update their forecasts about 10% less frequently than
local forecasters. Since forecasters in our dataset update their forecasts on average 6 times a year,
this corresponds to about 0.6 fewer updates annually. They also make more mistakes than local
forecasters, and foreign forecasters’ absolute error is on average 6-9% higher than local forecasters,

which corresponds to 0.035-0.04 percentage points on average. We argue that these estimates are

10n asymmetric information and the home bias, see for instance |Admati| (1985), |[Portes et al.[(2001), |De Marco
et al.[(2021)).

“See Brennan and Cao|(1997), Tille and van Wincoop| (2014), [Benhima and Cordonier{(2022).

3See Bui et al.|(2021).



economically relevant.

We then investigate the role of information frictions and behavioral biases in explaining our
results about forecast errors. We do this in two steps. First, we rule out behavioral biases such as
over-reaction to new information as a key explanation of the foreigners’ excess mistakes, by showing
that the local and foreign biases do not differ systematically. Second, we show that local forecasters
have more precise private information. To do so, we build on and extend the fast-growing literature
that uses model-based tests to identify frictions in expectation formation. In particular, we provide
tests of asymmetric information that are robust to the presence of public signals.

We then explore the determinants of the information asymmetry between local and foreign
forecasters. First, we show that the location of subsidiaries plays an important role for the infor-
mation produced by multinationals. Having a subsidiary located in a country is associated with
the same informational advantage as having headquarters based there. Second, geography matters.
Linguistic distance in particular appears to be a major barrier to information. Foreign forecasters
also forecast better when the economic ties (trade and financial) between the country where their
headquarter is located and the country they are forecasting are stronger. This evidence is consistent
both with the existence of exogenous barriers to information and with smaller incentives to acquire
information. While the limitations of our data prevents us from fully disentangling these two
channels, we provide arguments that they are both at play.

Interestingly, we show that information asymmetries are inversely related to forecasting uncer-
tainty. Indeed, the local advantage is higher for short horizons, for inflation (as opposed to GDP
growth), and for large countries. In all these situations, the forecasting uncertainty (measured by
the average forecast error) happens to be smaller. This evidence suggests that when information

is available, local forecasters are better at finding it. Interestingly, the information asymmetry
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increases in the course of a year (the asymmetry is higher in December than in January). This is
consistent with the idea that local forecasters are more aware of the regular releases of partial GDP
growth and inflation figures and integrate this information faster. Consistently, inflation figures are
typically available at a higher frequency and with a shorter lag than GDP, making the access to that
information an even greater advantage. However, we find no evidence that the difference in forecast
errors between local and foreign forecasters is higher for developing countries, when institutional
quality is poor, or when macroeconomic volatility is high.

This paper contributes to the recent literature that uses professional forecasters’ expectations
to identify information frictions and behavioral biases. This literature has used reduced-form esti-
mations as indicators of deviations from Full-Information Rational Expectations (FIRE). |Coibion
and Gorodnichenko (2015) (CG henceforth) use the estimated coefficient in the regression of the
consensus error on the consensus revision as an indicator of deviations from Full Information (FI).
Bordalo et al.|(2020) use the estimated coefficient in the individual pooled regression as an indicator
of deviations from Rational Expectations (RE)H We borrow this test to assess whether domestic
and foreign deviations from RE differ.

However, CG’s FI test, which has been commonly used in the literature, is not adapted to our
purpose. In the presence of public information, the CG coeflicient, which is a common measure of
information frictions, is biased. Importantly, the bias is not a monotonic function of the precision of
private signals. Comparing the CG coeflicient across local and foreign forecasters cannot indicate
which group faces more frictions. We thus provide two tests that are robust to the presence of public

information. The first relies on individual regressions with country-time fixed effects to capture

4 An earlier literature has previously identified deviations from rationality by studying the joint behavior of actual
on predicted values, the auto-correlation of forecasts revisions and the predictability of errors. See, for example, Mincer
and Zarnowitz (1969) and [Nordhaus| (1987).



aggregate shocks and the public signals. This test is similar in spirit to (Goldstein| (2023), who
proposes to use forecasters’ deviations from the mean to measure information frictions robustly.
The second test infers the relative precision of private information from the relative reaction of
expectations to public signals.

This paper also belongs to the empirical literature documenting the informational advantage
of locals. Many studies provide indirect evidence of asymmetric information between domestic
and foreign investors by showing that location matters for portfolio composition and for portfolio
returnsE] Other studies document foreigners’ lack of attention to domestic informationﬁ In contrast
to these studies, we investigate whether location affects the quality of forecasters’ information, thus
providing direct evidence of information asymmetries. Closest to our study is the paper by Bae
et al.[(2008), which studies the performance of local and foreign analysts in forecasting earnings for
firms. Our focus is different since we examine whether locals outperform foreigners in forecasting
aggregate variables. Moreover, we investigate whether the foreigners’ excess mistakes come from
information frictions or behavioral biases.

The paper is structured as follows. Section [2| describes our dataset. Section 3| documents the
updating frequency of forecasts and foreign forecasters’ excess mistakes. Section 4] lays down a
model of expectation formation and tests for the sources of the foreigners’ excess mistakes. Sections
and [6] investigate respectively the drivers of the foreign penalty and of its heterogeneity. Finally,

Section [7 concludes.

3See for instance Kang and Stulz (1997), |Grinblatt and Keloharju (2001}, Portes and Rey|(2005), [Hau| (2001), and
Sialm et al.| (2020). Based on investor choices and returns, some papers find that foreign investors perform better than
local investors (e.g. |Grinblatt and M.|(2000)). This could be explained by the specialization of some investors in some
specific markets where they have an initial informational advantage. Location can be a source of this informational
advantage, but it is not the only one. Therefore, information heterogeneity can also lead to specialization in either
domestic or non-domestic assets (see|Van Nieuwerburgh and Veldkamp)| (2010) and De Marco et al.| (2021)).

6See for instance [Mondria et al|(2010) and |Cziraki et al.[(2021).



2 The Data

Forecasts. We use data from Consensus Economics, a survey firm polling individual economic
forecasters on a monthly frequency. The survey covers 51 advanced and emerging countries and
we focus on observations between 1998 and 2021[] Each month, forecasters provide estimates
of several macroeconomic indicators for the current and the following year. In this paper, we
focus on two indicators, namely CPI inflation and GDP growth. The dataset discloses the name
of the individual forecasters. There are 748 unique forecasters from which 149 conduct forecasts
for at least 2 distinct countries. For each forecaster-country pair, the average (median) number
of observations is 80 (60), which corresponds to approximately 7 (5) years. This leads to an

unbalanced panel dataset.

Realized Outcomes. Following the literature, we use first-release data to compare forecast pre-
cision across forecasters. For each survey year, we use the realized outcome for yearly inflation and
real GDP growth from the International Monetary Fund World Economic Outlook (IMF WEO)
published in April of the subsequent year. This allows us to avoid forecast errors that are due to
data revisions. For example, to assess the accuracy of the 2013 real GDP growth forecast for Brazil
from the January 2013 survey, we use the yearly GDP growth reported in the April 2014 IMF WEO
as realized outcome. To assess the accuracy of the 2014 real GDP growth forecast for Brazil from
the same January 2013 survey, we use the yearly GDP growth reported in April 2015. Archived
IMF WEO vintage data are available from 1998 onwards.

As is common in the literature, we trim observations, removing forecasts that are more than

"For an overview of the data coverage of all advanced and emerging economies in our sample see Table C.1 in the
online Appendix. Note that the survey provides forecasts as of 1989 for some countries. However, our sample period
is limited by the GDP and inflation vintage series of realized outcomes provided by the IMF. The development status
retained for the countries of our sample is available in Table C.2 in the online Appendix.



5 interquartile ranges away from the median. The quantiles are calculated first on the whole
sample, but separately for emerging and advanced countries, and second, for each country and
date. This trimming ensures that our results are not driven by extreme outcomes, such as periods
of hyperinflation, or by typos. It reduces the number of forecasts for current inflation and GDP by

4 and 1 % respectively.

Forecast errors. We use this information to construct forecast errors. The forecast errors with
respect to the current year and the future year are defined as Error!: , = xj — El.';?t(x j+) and

ijt,t

ErrorZ?t,t_l = Xj; — E;’/?t_l(xj,), where ¢ refers to the year, i is the forecaster, j is the country,
m =1, .., 12 is the month of the year when the forecast is produced, and x is either inflation or GDP

growth.

Location of Forecasters. Consensus Economics discloses the name of the forecasting institution.
Eikon (Refinitiv) provides the company tree structure of most forecasters in our dataset. The tree
structure includes information about the countries in which the headquarters, the subsidiaries and
the affiliates are located. If the forecaster was not listed in the Eikon database, we manually searched
for this information on the Internet. In the main analysis, we consider a forecaster to be foreign if

neither its headquarter nor any of its subsidiaries are located in the country of the forecastﬁ

Forecasters’ Scope. Furthermore, we identify the scope of the forecasters. We categorize fore-
casters with subsidiaries and headquarters all located in the same country as non-multinational
forecasters. In contrast, we categorize forecasters with at least one subsidiary located in a country

outside that of their headquarters as multinationals [’

8Note that the location information is not time-varying and corresponds to the information accessed in 2021. This
amounts to a measurement error that could bias the magnitude of the location effect downward.

The scope variable is also based on information from 2021 and is therefore not time-varying.




Descriptive Statistics Some descriptive statistics, shown in the online Appendix, are particularly
relevant for our analysis. According to Panel a) of Figure D.1, almost two thirds of the forecasts come
from multinational forecasters, and almost three quarters are made by “local” forecasters, that is,
forecasters who have either their headquarters or a subsidiary located in the country. As compared
to non-multinational forecasters, a higher proportion of forecasts by multinational forecasters is
local, thanks to their subsidiaries. Since multinationals are also more likely to have well-endowed
forecasting departments and to make smaller forecasting errors, it will be important to control for
forecaster-level characteristics.

According to Figure D.2, the share of forecasts provided by foreign forecasters (that have neither
their headquarters, nor a subsidiary located in the country) varies a lot across countries. Countries
that have a lower share of foreign forecasts are large advanced economies where many national
and multinational forecasters have their headquarters (United States, Japan, Germany...), or large
emerging economies where many multinational forecasters have subsidiaries (China, South Korea,
Brazil, Chile...). Countries with a high share of foreign forecasts tend to be small advanced or
emerging economies, as they are less likely to host the headquarters or a subsidiary of a forecaster
(e.g., Bulgaria, Latvia, Greece, Nigeria). Since smaller countries have more volatile business cycles
that are more difficult to forecast, it will be important to control for country-level characteristics in
our analysis.

Because we will be controlling for forecaster and country characteristics with fixed effects,
the identification of the role of the foreign nature of forecasts will come from the forecasters that
provide both local and foreign forecasts. Panel a) of Figure D.3 shows that these forecasters are
a small minority of forecasters (11%). Indeed, only 86 forecasters among 749 provide forecasts

for both local and foreign countries. However, this minority of forecasters accounts for 60% of
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observations in our sample, as Panel b) showsF_GI

3 Forecast Errors and Updating

In this section, we analyze the forecasters’ errors and forecast updating. We find that foreign

forecasters make larger errors than local ones, and that they update their forecasts less often.

3.1 Foreign Forecasters Make Larger Errors

As preliminary descriptive evidence on forecast errors, Panels (a) and (b) of Figure D.5 in the
Appendix show the density of forecast errors regarding the current year for each group of forecasters.
The forecast errors are distributed around O for both local and foreign forecasters. However, the
distribution of forecast errors for foreign forecasters is wider than for local forecasters, which
indicates that foreign forecasts are less precise Formal tests of variance equality are performed
in the online Appendix A and show that the variance of foreign forecasters’ errors is indeed
significantly larger.

Note, however, that this preliminary evidence does not control for country- and forecaster-
specific characteristics. For instance, a higher proportion of forecasts by multinational forecasters
is local. Given that multinationals are also more likely to have well-endowed forecasting depart-
ments, local forecasts could artificially appear more accurate if we do not control for forecasters’
characteristics. Besides, small countries’ forecasts are more likely to be produced by a foreign

forecaster. Given that small countries typically have more volatile business cycles, foreign fore-

10This is consistent with Figure D.4, which shows that most forecasters provide forecasts for only one country, and
only a small proportion of forecasters provide forecasts for 5 countries or more. Even though the remaining 40% of
observations will not contribute to the identification of the role of the forecaster’s location, they will contribute to
the identification of the role of the country and forecaster fixed effects and improve the precision and power of our
estimates.

"Panels (c) and (d) of Figure D.5 in the online Appendix show similar distributions regarding forecasts about the
future year.



casts could misleadingly appear less accurate if we do not control for country characteristics. For
this reason, we control for forecaster- and country-specific characteristics by exploiting the panel
structure of our data.

As a first measure of the forecast error distribution, we estimate the standard deviation O'g]la,i,j
of the forecast error for every forecaster-country-month triplet (m, i, j) for current forecasts. We
discard forecaster-country-month triplets with less than 10 observations. We take the log of O'{:nE’l.’j

and estimate

ln(o-gE,i,j) =" +0; + 5_1 +,8Foreignl.j + gl'.;l. , (1)

where 6™, 6; and § j are respectively month-of-year, forecaster and country fixed effects. Foreign,;
is a dummy that takes the value of 1 if forecaster i is foreign to country j, and O otherwise.

Column (1) of Table [1| reports the coefficient 8. The standard deviation of forecast errors is
higher when a forecaster produces a foreign forecast than when it produces a local one (12% higher
for inflation, 9% higher for GDP growth). Since the average standard deviation for local forecasters
is 0.63pp for CPI inflation and 0.93 for GDP growth, this implies that the foreign forecasts’ extra
standard deviation is approximately 0.08pp for both VariablesE-I

In this specification, we control for country, forecaster and month-of-year characteristics, but
not for the time period. Ignoring time-specific characteristics could bias our results if, for instance,
more foreign forecasts are produced in times of turmoil and uncertainty, where all forecasters will

make more mistakes. Therefore, as a second measure of the forecast error distribution, we calculate

12Table C.3 in the online Appendix shows the results for alternative, less rich fixed-effect specifications. The results
show that fixed effects are important to reduce endogeneity. For instance, the coefficient of Foreign drops when country
fixed effects are added (Column (2)). It is possible, as discussed above, that institutions forecasting small countries,
which are also more volatile, are more likely to be foreign.



Table 1: Forecast Errors, Updating, and the Location of the Forecaster - Forecasts on the Current

Year
ln(o—l%,i,j) 1n(|Err0rl.’;?t,t|) In(N;jr)
(D 2 3 4) (5
Variable Coefficient Distinct Distinct
updates updates
CPI, Foreign 0.12%* 0.09%:** 0.08%3%* —0.12%%:* —0.12%%:*
(0.05) (0.02) (0.03) (0.04) (0.04)
N 6,662 99,228 54,654 10,857 10,822
R? 0.80 0.62 0.68 0.53 0.50
GDP;  Foreign 0.09%* 0.06** 0.06** —0.10%** —0.10%**
(0.04) (0.02) (0.02) (0.03) (0.03)
N 7,131 103,866 58,157 11,240 11,238
R? 0.88 0.66 0.72 0.54 0.52
Country, For., Month FE v
Country X Year FE v v
Forecaster X Year FE Vv v
Country x Date FE v v
Forecaster x Date FE Vv v

Notes: Column (1) shows the regression of the log standard deviation of the errors on the location of the forecaster.
Columns (2) and (3) show the regression of the log absolute forecast error on the location of the forecaster. Columns (4)
and (5)) show the results of regression of the number of forecast updates within a year on the location of the forecaster.
Standard errors are clustered at the country and forecaster level in columns (1), (4) and (5), and at the country, forecaster
and date level in Columns (2) and (3). In Columns (3) and (5), the sample is restricted to the published forecasts that

are distinct from the last published one.
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the log absolute value of the forecast error, which is time—varyingE] The model we estimate is as

follows.

ln(|Err0rl’.’]1.m|) =0 + 5;.'; + BForeign,; + sg’t , 2)

0} are forecaster-date fixed effects and SJ”?t are country-date fixed effects. These fixed effects enable
us to control for country-specific trends in volatility and forecaster-specific trends in forecasting
performance.

Column (2) of Table [I] displays the results for CPI and GDP. Foreign forecast errors are
significantly larger in absolute value than local forecasts. More precisely, the absolute value of
foreign forecast errors is 9% larger for current inflation and 6% for current GDP growth. Since
the average error of local forecasters regarding CPI inflation (GDP growth) is 0.45pp (0.60pp), this
means that the typical extra error on foreign forecasters is on average 0.04pp (0.036pp)m

Table C.6 in the online Appendix shows the results for forecasts about the future year. The gap
in forecast precision between foreign and local forecasters appears smaller than for forecasts about
the current year. For inflation, it drops from 12% to 7% for the standard deviation of errors (Column
(1)) and from 9% to 7% for the log of the absolute value of errors (Column (2)). For GDP growth,
it even becomes insignificant in Column (2). The extra standard deviation (or extra absolute error)
of foreign forecasters still remain sizable at 0.08-0.12pp (0.01-0.05pp), because local forecasters

make larger errors when forecasting the future than the current year.

3For absolute forecast errors smaller than 0.001 percentage point, we assign the value of In(0.001) to keep all
observations in the sample.

!4Table C.4 in the online Appendix shows the results for alternative, less rich fixed-effect specifications. The
coefficient of Foreign drops when country fixed effects are added (Column (2)). Interestingly, the Foreign coefficient
for GDP growth becomes insignificant when introducing country fixed effects. However, this is arguably due to noise,
as it becomes significant again when introducing forecaster fixed effects (Column (3)). These results show that fixed
effects are not only important to reduce endogeneity, but also to improve the estimates’ precision.
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3.2 Foreign Forecasters Update Their Forecasts Less Often

One potential source of difference between local and foreign forecasters is sticky information a la
Mankiw and Reis| (2002): foreign forecasters may not update their information as frequently. To
examine this hypothesis, we compute the number of published forecasts for each year-forecaster-
country unit, which we denote N;;;. The distribution of these publication frequencies is provided
in Panels (a) and (b) of Figure D.6 in the Appendix. We test formally whether foreign forecasters

publish forecasts less often by taking the log of N;;, and estimating

In(Njjr) =6i + 6 + BForeign,; + &y , 3)

where §;; and & j+ are respectively forecaster-year and country-year fixed effects.

The results are reported in Column (4) of Table([I} foreign forecasters publish their forecasts 10%
to 12% less often than local forecasters. Since the average publication frequency is 9 publications per
year, this means that foreign forecasts would have about one less publication per year. The difference
in publication frequency between local and foreign forecasters is smaller when considering GDP
growth (as opposed to inﬂation)

Note that forecasters may publish a forecast without necessarily updating it, so the publication
frequency is an imperfect measure of the updating frequency. We thus follow | Andrade and Le Bihan
(2013) and compute the number of yearly forecasts when considering only “distinct” forecasts, that
is, forecasts that differ from the previous release. Measured in this way, the average updating

frequency drops to about 6 times a year Panels (c) and (d) in Figure D.6 in the online Appendix

3Table C.5 in the online Appendix shows the results for alternative, less rich fixed-effect specifications. The
coeflicient of Foreign remains insignificant until we control for forecaster fixed effects (Column (3)). Controlling
for country-year fixed effects and forecaster-year fixed effects matters since the coefficients decline slightly when we
introduce these fixed effects (Columns (4) and (5)).

16 An identical forecast does not necessarily reflect the absence of new information, because of rounding, so this
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provides the distribution of the number of distinct forecasts in a given year. We use this measure to
estimate Equation (3]) and report the results in Column (5) of Table [I} The results, in fact, barely
change (10-12%). Since the average updating frequency is 6 updates per year, this means that
foreign forecasts would have about 0.6 less update per year.

The results of Column (2) must be reevaluated under the hypothesis of sticky information.
Indeed, one potential source of the foreign excess error could be that the published forecasts are not
updated as frequently. We thus report in Column (3) the results of regression (2)) when restricting
the sample to distinct forecasts. The results do not change. This means that the excess error of
foreign forecasters is not due to the lower updating frequency: conditional on updating, foreigner
still make larger mistakes

Table C.6 in the online Appendix shows the results for updates about future inflation and GDP
growth. The difference in the frequency of forecast updates is mostly the same for current and
future variables (Columns (4) and (5)). This is not surprising since forecasters often produce their

forecasts on the next year at the same time as they produce forecasts on the current year.
3.3 Economic Significance of the Foreign Penalty

Our estimates of a 6-9% higher standard error can be interpreted as a 12-19% difference in the
conditional variances. Assuming that they are driven by information asymmetries (which we will
discuss in the next section), are they economically significant?

These estimates are not large enough to provide an explanation of the home bias per se.

For instance, Jeske (2001) finds that the foreign penalty necessary to explain the home bias

measure may understate the updating frequency. However, |Andrade and Le Bihan|(2013) find that rounding actually
does not significantly drive infrequent updating.

"These results are consistent with |Andrade and Le Bihanl (2013), who find that disagreement among forecasters
does not appear to be entirely driven by infrequent information updating.
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varies between 25% for the US to 80% for Italy. However, the literature has shown that small
information costs can be significantly amplified by investor behavior and market mechanisms.
Van Nieuwerburgh and Veldkamp (2009) show that a difference in the variance of priors as small
as 10% can generate empirically plausible levels of home bias when investors can choose what
information to learn before they invest. Our estimates are therefore more in line with models
that feature amplification effects. Carlos Hatchondo| (2008) show that, when investors face short-
selling constraints, a small information asymmetry can generate a sizable home bias. When returns
are correlated, small diversification costs can be enough to generate a home bias. In particular,
according to [Wallmeier and Iseli (2022), a 5% home “variance advantage” can alone explain half
of the observed home bias when the return correlation is 0.9, which is the value they document for
9 major economies.

Moreover, other phenomena driven by disagreement between local and foreign agents can be
explained by information asymmetries of this magnitude. For instance, (Tille and van Wincoop
(2014) show that the degree of information asymmetry that generates a plausible level of gross
capital flow volatility implies a very small difference in the conditional VariancesE] In the inter-
national trade literature, |Allen| (2014) shows that, in a model where firms decide on market entry
and investment, small information costs are consistent with the empirical extensive and intensive
patterns of trade, but ignoring these costs significantly deteriorates the fit of the model.

In general, more quantitative work is needed to evaluate the quantitative relevance of macroe-
conomic information frictions in international finance and trade. Our estimates provide a useful

conservative benchmark to do so. Indeed, our estimates can be interpreted as a lower bound on

¥Despite a 50% difference in the volatility of individual noise, the difference in the volatility of forecast errors is
smaller than 1%, because the variance of the fundamental is one order of magnitude smaller.
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the level of information asymmetries that are relevant for decision-making. The Consensus Eco-
nomics Survey that we use is based on a panel of professional forecasters that are selected because

forecasting is part of their business. They are by construction better forecasters than other firms.

4 Behavioral Biases or Information Asymmetry?

To account for foreigner excess error, we lay down a simple noisy information model. We explore
two potential sources of heterogeneity between local and foreign forecasters: behavioral biases and
information asymmetry. We rule out differences in behavioral biases using rational expectation tests
that are now common in the literature. We then establish the presence of asymmetric information

by designing two tests that are robust to common behavioral biases and to public signals.
4.1 A Simple Noisy Information Model

We consider a set of N professional forecasters indexed by i = 1, .., N who form expectations on J
countries indexed by j = 1, ..,J. We denote by x; the variable that is forecasted. Denote by S(;)
the set of forecasters who form expectations on country j. Forecaster i € S(j) can belong either
to the group of local forecasters S’ () or to the group of foreign forecasters S/ (7). We denote by
N(j), N'(j) and N/ (j) the number of elements in S(j), S(j) and S/ (j) respectively. We assume

that x ;, the yearly realization of x;, follows an AR(1): x;; = p,;x;;—1 + €}, with €;; ~ N(O, y172).
4.1.1 Information structure and behavioral biases

We consider an information structure and behavioral assumptions that are similar to Angeletos et al.

(2021), except that we include public signals.
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Information structure. We assume that the information structure is country, month, and forecaster-
specific. Between month m of year  — 1 and month m of year ¢, forecasters receive two types of
m) 1 /2

signals: a public signal d)’" Xjr+ (k observed by all forecasters, where u ~ N(0,1) is

an i.i.d. aggregate noise shock and K;.” > 0 is the precision of the public signal, which is specific to

1/2

country j and to month m, and a private signal ¢! = x;; + (T’") that is observed only by

ijt
forecaster i, where e;’]’.t ~ N(0, 1) is an i.i.d. idiosyncratic noise shock, Tl.’}? > 0 is the precision of
the private signal, which is specific to country j, to month m, but also to forecaster i. Through the
law of large numbers we have N,( 5 ZzeSl(]) =0 and Nf( 5 Zlesf(J) =0.

We assume that, for a given month m, ¢, and u;”t are mutually and serially independent. This

J
means, for instance, that the noise shocks in the signals of month m from year ¢ are not correlated

with the noise shocks in the signals of month m from year + — 1. But we do not impose that the

noise shocks are serially uncorrelated within a given yearP—_g]

Behavioral biases. Following |Angeletos et al.| (2021), we consider two behavioral biases that
go a long way in explaining survey forecasts: over-extrapolation and over-confidence. We denote
forecaster i’s belief about the persistence of x;; by p;;, and her belief about the precision of her
private signal by ‘?l.’;.’. Over-(under-)extrapolation consists in distorted beliefs about the persistence
of shocks pj: p;; # pj. Over-(under-)confidence consists in distorted beliefs about the precision

. ) m .
of private signals T * -

Expectations. Between month m of year ¢ — 1 and month m of year ¢, the forecasters update their

expectations in the following way:

9This type of information structure would arise if forecasters were receiving independent signals every month. In
that case, the information received between month m of year r — 1 and month m of year r would be represented by a
12-month moving average of the monthly signals, which is serially correlated on a month-on-month basis, but not on
a year-on-year basis.
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Ej (xj) = (1= G{)pij Ef,_y (xji-1) + Gjsi, “4)

where G;’]’. is the Kalman gain that is consistent with forecaster i” beliefs about the persistence of

xj; and about the precision of their signals, and sf’}t is a “synthetic” signal built out of the public
1 1 . m _ p,m _sn m 3 m _ ,m m sm

and private signals: s7;, = hi¢" + (1 = )@, with bt = &7 /(&7 + 1]7).

We define the forecast revisions between month m of year # — 1 and month m of year ¢ as

Revision™

— m ) _ m . m
fie = Ef (xj0) Eijt_l(xj,) and the error as Error!’

- _m .
ijte = Xt El-jt(sz), as before.

4.1.2 Variance of errors

Consider the case with no behavioral biases, so that the following assumption is satisfied:

Assumption 1 (No behavioral biases). p;; = p; and fl.’;.’ = Tl.’;?, foralli € §(j), j =1,..J and

m=1,..,12.

Under this assumption, forecasters with less precise information make more errors on average.
This derives from the forecasters’ optimal use of information. In fact, the variance of errors can be
related to the precision of private signals, as stated in the following proposition (see proof in the

online Appendix E.1):

Proposition 1. Under Assumption [I| (no behavioral biases), the variance of forecast errors

m m ; ; m
V(Errorl.jt,[_l) and V(Errorl.jt’l)] are decreasing in T

The variance of errors decreases with the precision of the private signals. Therefore, the
difference in variance between local and foreign forecasters can be explained by local forecasters’
more precise private information. But asymmetric information is not the only potential source of

difference in variance. The Kalman filter is a minimum mean-square error estimator. Mis-specified

17



parametric inputs to the estimator will increase the variance of errors as compared to the well-
specified estimator. Therefore, the difference in variance may be due to differences in behavioral
biases. In the remainder of the section, we use model-based tests to detect differences in behavioral

biases and differences in information.

4.2 Testing for Differences in Behavioral Biases

BGMS regressions. We rely on regressions popularized by |Bordalo et al.| (2020) and Broer and

Kohlhas| (2024) to assess the presence of behavioral biases among forecasters:

mo _ IBBGMSm

L m m m
Errorljt— ij Revision’ +(5l-j+/l- 5

ijt ijt

where ,Bf}GM Sm

is a country, forecaster and month-specific coefficient, 6;.’]1. are country-forecaster-

month fixed effects and ﬂ;’}t is an error term. Following Angeletos et al.|(2021)), we can show that

,Bf;.GM Sm is related to the deviations of the beliefs p; 7 and 7;; from their true counterparts (see the

proof in online Appendix E.2):

Proposition 2. The coefficient ﬁgGM Sm

, estimated by OLS, can be approximated at the first-order

around p;; = p; = p; and (7‘}7)" = (7'1.'1'.’)_l = (ij)_l, where TJ’.” is the average level of precision,

as follows:

BGMS A 5 -1 =114
BEOMSM o (5 = p BT — [ = ()18,
where [;”1" and [3’2’" are strictly positive and independent of p;;, Tl.’? and fl.’;?.

A negative coeflicient reflects an over-reaction of forecasters to their information. This over-
reaction can arise from over-confidence (fl.’;? — 17 > 0) or from over-extrapolation (p;; — p; > 0).

tj

Therefore, a more negative BGMS coeflicient will be interpreted as reflecting differences in either
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over-confidence or over-extrapolation.
We estimate Equation (5) using the mean-group methodology, under the assumption that the

BBGEMS coefficients could differ across each month and each country-forecaster pair. We collect the

country-forecaster-month-specific S86MS

coeflicients and test for significant differences between
local and foreign forecasters by regressing the coefficient on the Foreign dummy, controlling for
country-month and forecaster-month fixed effects. A significant coefficient for the Foreign dummy
would indicate that there are systematic differences in behavioral biases. We restrict the sample
to the pairs providing forecasts for at least 10 years and weight observations by the inverse of the
coeflicient’s standard deviation to give more weight to the more precisely estimated coefficients.
The results are displayed in Columns (1) and (2) of Table 2] There is no systematic difference

between local and foreign forecasters. Interestingly, the average f2¢MS

coeflicient is positive for
both inflation and GDP growth in our most conservative specification, suggesting that forecasters

under-react to news on average ')

Perceived persistence. A non-negative BGMS coefficient can arise both from distorted beliefs
on the precision of private signals and from distorted beliefs on the persistence of the shocks.
We have shown that these BGMS coeflicients do not differ systematically between local and
foreign forecasters. However, this does not imply that foreign forecasters have similar over-
(under-)confidence and over-(under-)extrapolation. A similar result would arise if the relative over-
(under-)confidence of foreign forecasters compensates their relative over-(under-)extrapolation. We

examine more directly whether the beliefs on persistence are similar. To do this, we use the relation

20This might seem in contradiction with previous evidence, which has found over-reaction, especially for inflation
(Bordalo et al.l 2020; [Broer and Kohlhas| 2024} |Angeletos et al., [2021). However, previous evidence has focused
on the Survey of Professional Forecasters, which provides forecasts for the US. Our estimated parameters are in fact
heterogeneous, especially across countries (see Figure D.7 in the online Appendix). Focusing on the US, we find
that the inflation forecasts feature over-reaction on average, which is consistent with previous evidence. GDP growth
forecasts do not feature systematic over- or under-reaction, which is also consistent with previous evidence.
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between the forecasts on current and future variables implied by our model:

Ej (xjin1) = piyEf (X i) (6)

We estimate Equation (6) using the same mean-group methodology. In our model, p;; is specific
to a country-forecaster pair, but we allow it to differ across months as wellEr]

The results are reported in Columns (3) and (4) of Table[2] The estimated perceived persistence
is not significantly different for foreign forecastersF_Z]

In Tables C.9 and C.10 in the online Appendix, following Broer and Kohlhas|(2024) and Gemmi
and Valchev|(2022), we examine over-(under-)reaction to public news, by examining regressions of
forecast errors on public news, using two different measures of public news: the past consensus and
the last vintage of realized outcome. A negative (positive) coeflicient implies that forecasters over-
react (under-react) to public news. Again, we do not find any systematic difference in behavioral
biasesF_gl Finally, we also show that forecasters do not have a different systematic bias in their

forecasts (see Table C.11 in the online Appendix)@

2n our model, all the innovations to inflation have the same persistence, whereas in reality, there could be some
components of inflation that are purely transitory. We cannot exclude that forecasters learn about the transitory
component over the year. That would affect the month-specific correlation between the current and the future forecast.

22In online Appendix C.7 and C.8, we provide the results when assuming that the S8¢MS and the p coefficients
only differ across countries and between local and foreign forecasters, when assuming that they differ only across
country-forecaster pairs, and when using different sets of fixed effects. The results are consistent across specifications.

23Consistently with|Broer and Kohlhas|(2024)), who find evidence of both under-reaction and over-reaction to salient
public news, we find both under-reaction or over-reaction to public news (in Columns (5) and (6) of both tables, which
include the largest set of fixed effects, we can see that forecasters under-react to the last vintage and past consensus on
inflation and over-react to the last vintage and past consensus on GDP growth, as the average coefficient is positive for
inflation and negative for GDP growth).

2*Interestingly, we find evidence of a systematic positive bias in inflation expectations: forecasters systematically
overestimate inflation by 0.02 percentage points, which is statistically significant but small (see Column (7) of Table
C.11, our baseline specification). Forecasters tend to do the opposite with GDP growth forecasts, as they tend to
underestimate it systematically by 0.04 percentage points (see Column (8)). The Foreign dummy, however, is not
significant in both Columns (7) and (8), which shows that these systematic biases are similar across locations.
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Table 2: Behavioral Biases and Information Asymmetries

Behavioral biases Information asymmetries
ﬂBGMS p\ ﬂCG ﬂFE ﬁDis
(D 2 3) ) 5 (6) @) 3 )] (10)
Coefficient CPI, GDP; CPI, GDP; CPI, GDP; CPI, GDP; CPI, GDP;
Average —0.08%**  —0.07%**
(0.03) (0.02)
Average Locals 0.01%* 0.04%:** 0.4Q%** 0.38%#:* 0.04 %3 0.10%:** —0.26%%* () 3k%*
(0.01) (0.01) (0.01) (0.01) (0.00) (0.01) (0.00) (0.01)
Foreign -0.01 0.03 0.03 0.04 -0.00 -0.01 —0.04#%:* -0.02*
(0.02) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01)
N 3,067 3,333 3,937 4,196 1,214 1,224 1,136 1,160 592 604
R? 0.65 0.72 0.63 0.72 0.87 0.90 0.85 0.76 0.00 0
Country X month FE v v v v v v v v
Forecaster X month FE v v v v
MG by ctry and month v v
MG by ctry, loc., and month v v v v
MG by ctry, for., and month v v v v
Notes: Columns (1) and (2) show the results of a regression of the S8EMS coefficients on the Foreign dummy, where the S29MS are estimated using Equation

(3) on different sub-groups of our sample. Columns (3) and (4) show the results of a regression of the perceived autocorrelation coefficients ¢ on the Foreign
dummy, where the p is estimated using Equation (6) on different sub-groups of our sample. Column (5) and (6) show the results of a regression of the €Y
coefficients on the Foreign dummy, where the S€C are estimated using equation on different sub-groups of our sample. Columns (7) and (8) show the
results of a regression of the SF'F coefficients on the Foreign dummy, where the SFF are estimated using Equation (8) on different sub-groups of our sample.
In columns (1) to (8), Average locals corresponds to the constant term (or average fixed effect). Foreign corresponds to the coefficient of the Foreign dummy.
Columns (9) and (10) show the results of a regression of the ,BD is coefficients on the constant, where the ,BD s are estimated using Equation (T0) on different
sub-groups of our sample. corresponds to the constant term. Standard errors are clustered at the country and forecaster levels in Columns (1) to (4). Standard
errors are clustered at the country and forecaster levels in Columns (5) to (10). All observations are weighted by the inverse of the estimated standard error of
the corresponding f3.



All in all, foreign and local forecasters do not have significantly different biases. From now on,

we thus assume common behavioral biases across forecasters:

Assumption 2 (Homogeneous behavioral biases across locations). p;; = py; = p; and (Ti’;?)‘l -

(@&~ =) = @) forall (i,i7) € (S())% j=1,.Jandm = 1,..,12.
Note that Assumption 1| (no biases) is a special case of Assumption [2| In the next sub-section,

we examine differences in information frictions under this assumption.

4.3 Testing for Asymmetric Information

Consensus regressions that consist in regressing the consensus error (i.e., the average error) on
the consensus revision (i.e., the average revision) as in |(Coibion and Gorodnichenko (2015) are
commonly used to detect information frictions. A positive coefficient indicates deviations from full
information. Can we use these regressions to identify differences in information frictions between
local and foreign forecasters? We show here that differences in the coefficient of the consensus
regression are not a good indicator of the degree of information asymmetry. We thus propose two

alternative tests that are robust to public signals.
4.3.1 Consensus regressions

Suppose that we perform the consensus regression as in Coibion and Gorodnichenko (2015) on
both group of forecasters, that is, using the population of foreign forecasts on the one hand and
the population of the local forecasts on the other, and then compare the coefficients. Would that
comparison tell us which group is better informed?

In our setup, this regression can be written, for each j = 1,..J,m =1,..12 and k = [, f, where

[ refers to the local forecasters’ population and f refers to the foreign forecasters’ population:
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m _ pCGm s M m m
Errorjkt—ﬂjk Revzszonjkt+6jk+/ljkt (7

Error;.”kt = N+(J.)Ziesk(j) Errorg’j’.t, Revision_’;’kt = N+(]) Ziesk(j) Revision;’]’.t, are the consensus
error and the consensus revision in location k = [, f, 5’}’.’,{ are country-month-location fixed effects
and /l]"?k , 1s an error term.

Columns (5) and (6) of Table 2| display the results of the estimation of ,BJCkG " using the mean-
group estimator, under the assumption that the coeflicients ,BJCkG " differ across countries, months
and locations. While, as is expected, the ,BJCka coeflicient is positive on average, there is no
significant difference between foreign and local coefﬁcients

This does not necessarily mean that there are no information asymmetries between local and
foreign forecasters. To show this, it will be useful to assume that for a given country j, the

information and behavioral bias structure differs between local and foreign forecasters, but it is

homogeneous within the local and foreign forecaster pools:

Assumption 3 (Homogeneous behavioral biases and precision within-location). Tl.’]’.’ = TJ’.’;, f'l.’;? = f'J’.’;

and pij = pj ifi € S'(j) and T} = TJ.”}, T = fj”} and p;; = pjrifi € S/(j), forall j = 1,..J and

m=1,.,12

We additionally assume the absence of behavioral bias (Assumption [1)) for tractability. The
following proposition shows that, in the presence of public information, the relation between S¢¢
and the precision of private information is not monotonic (see the proof in Appendix E.3), even in

the absence of behavioral biases.

Proposition 3. Suppose that Assumptions[l|and[3|are satisfied: there are no behavioral biases and

25In Appendix C.12, we provide the results when assuming that the B¢ coefficients only differ across countries
and locations. The results are very stable across specifications.
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the precision parameters are identical within foreign forecasters and within local forecasters. The

coefficients ,BJCkG " estimated by OLS, are non-monotonous in TJ’.';(.

To understand, consider first the limit case studied by (Coibion and Gorodnichenko| (2015)
with no public information («” = 0), where ,BJCkG’” = (1 - G")/G",. The coefficient is directly
related to the Kalman gain. A large coefficient implies a small Kalman gain and hence noisier
information. Therefore, if foreigners have noisier, less precise information (TJ’?} > T}f’f), we would
have ,BJCIG’" < ,BJCfG’" But with public information, this relation can be reversed. Suppose that local
forecaster have access to a private signal on top of the public signal, while foreign forecasters only
observe the public signal (T}’} goes to zero). For foreign forecasters, the public signal becomes the
only valid signal, so that all foreign forecasters share the same information. In that case, rational
expectations imply that ﬂJCme = (. Since ,BJCIG’" is strictly positive, we would observe this time
,BJCIG”’ > ﬁfﬁm, while foreigners still have less precise information.

We thus need tests that identify the degree of information frictions and that are robust to public

information. We propose two such tests.
4.3.2 Fixed-effect regressions

For our first test of asymmetric information, we use fixed-effect regressions. We use the following

pooled regression, foreach j =1,.J,m=1,.,12and k =, f:

m _ pFEm . . om m m
Errorl.jkt—ﬁjk Revzs10nl.jkt+(5jkt+/ll.jkt 8)

where 6]”.1,( , are country-location-time fixed effects and /l;.’]’.k , 1s an error term. The difference
between this regression and the BGMS regression is that it controls for time fixed effects. These

fixed effects control for aggregate shocks (e;; and u j;), which are not observed by forecasters when
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they revise their forecasts. The coefficient ,85 ]fm is thus not an indicator of the deviation from
rational expectations, but rather captures the cross-sectional covariance between the errors and the
revisions. This coeflicient is necessarily negative: optimistic forecasters make a more negative error
than pessimistic forecasters. The following proposition shows that, if the biases are homogeneous
across groups, then a more negative ,Bf kE’" indicates noisier information (see proof in Appendix

E.4).

Proposition 4. Suppose that Assumptions 2| and |3| are satisfied: forecasters have identical be-

havioral biases and the precision parameters are homogeneous within foreign forecasters and
.7 . FE . . A

within local forecasters. Consider the ,BJ.k " coefficients, estimated by OLS. If 0 < p; < 1, then

FEm FEm o _m m
. < Bt if and only if T" > ™.
if ’le f yif Jl if

If the foreign and local forecasters have similar behavioral biases and if forecasters believe that

FEm

there is some persistence in the process, then ,8]. f

locals@]

< ,BZE’" reflects an informational advantage for

We estimate Equation (§)) under the assumption that the 87 coefficients differ across countries,
locations, and months. We then regress these coefficients on the Foreign dummy and report the
results in Columns (7) and (8) of Table [2] Note first that the estimated coefficients are negative on

average, as predicted. Second, the coefficient for Foreign dummy is significantly negative for both

26Note that adding time fixed effects to the regression is equivalent to subtracting the cross-forecaster average from
each side of the equation:

FE . e m
- (El’.’}kt(xj,) - Eﬂt(xjt)) =Bk m(Revzswn:.’}kt - Rewswn;"kl) + /l;.’}kt

In that sense, this test is similar in spirit to |Goldstein| (2023), who proposes to measure information frictions by
estimating the persistence of a forecaster’s deviation from the mean:

(B2 o) = B2 Cej0)) = B (Bl (o) = Bl (0) + Ak,

,Bfkm =1- G;.”k is also directly and monotonically related to the degree of information frictions.
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inflation and GDP growth, although it is smaller in magnitude and less significant for GDP growth.
This is consistent with the preliminary evidence of Section (3| where we have shown that foreign

forecasters made relatively larger errors on inflation than on GDP growth
4.3.3 Foreign-local disagreement

Our second test of asymmetric information is based on how disagreement between local and foreign
forecasters reacts to public information. We define the disagreement between the local and foreign
forecasters as follows:

Disagreement;-”t = E;?}l(xjt) - E;’ft(xjt) 9)
where E7 (x);) = W Diest(j) Eijke(xje), k =1, f, is the location-specific average expectation.

Consider now the following regression:

: IS o 0. 2 3
Disagreement = B; "Revision + ;" x +,8ijjr';t_1 (xr) +ﬁij71ft_1 (xj) +67 + A% (10)

where Revision]"?[ = %(Revision;fllt + Revision;f’ft) is the average of local and foreign consensus
revisions for country j in year ¢ and month m.

We can show that the sign of ,Bf.)l Sm depends on the precision of local forecasters’ information
relative to foreign forecasters when the behavioral biases are homogeneous across locations (see

the proof in online Appendix E.5).

Proposition 5. Suppose that Assumptions 2| and 3] are satisfied: forecasters have identical behav-
ioral biases and the precision parameters are homogeneous within foreign forecasters and within

local forecasters. Consider the coefficients ,8? ISm " estimated by OLS. Then ,8? ISm < 0 if and only

?’In online Appendix C.13, we provide the results when assuming that the SFF coefficients only differ across
countries and locations. The results are very stable across specifications.
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if > .
fjl if

Intuitively, because we control for the fundamental x j;, ﬂ][.’ ISm captures the reaction of disagree-
ment to the public noise. As a consequence, B]D ISm s negative if the foreign expectations are more
sensitive to the public signal. This is the case if the foreign forecasters’ private information is less
informative than that of local forecasters.

We estimate Equation (T0)) under the assumption that the B8P coefficients differ across countries
and across months@ We then test whether the coefficients are different from zero on average and
report the results in columns (9) and (10) of Table[2] The disagreement coefficients are significantly
negative on average for both inflation and GDP growth. The coefficient is smaller for GDP growth,

which is consistent with our previous results

4.4 Robustness analysis

We perform robustness tests where (i) we use alternative vintage series to compute the forecast
errors, (ii) we include only forecasters who produce forecasts for both local and foreign forecasts, (iii)
we use alternative trimming strategies, (iv) we exclude forecasts that are identical to their previous
release. We replicate the results of Table|I{and Table 2|under these different specifications. Finally,
(v) we use Driscoll and Kraay| (1998)) standard errors for our our main panel estimation of Table
Columns (2) and (3). The details of the analysis is available in Section B in the online Appendix.

The results remain robust.

28In online Appendix C.14, we provide the results when assuming that the B8PS coefficients only differ across
countries. The results are very stable across specifications

2Note that because SFF and P’ are based on country-level regressions, we cannot control for forecaster fixed
effects in Columns (7) to (10). The Foreign coefficient could then be driven by the fact that the local forecasts are
more likely to be produced by multinational firms. To circumvent this endogeneity issue, we replicate columns (7) to
(10) using only forecasts produced by non-multinational firms. The results are provided in Table C.15 in the online
Appendix and remain very similar.
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S The Geography of Information

The preceding sections have established that asymmetric information between local and foreign
forecasters explains foreigners’ excess errors. In this section, we use our multi-country, multi-
forecaster panel to explore whether well-identified barriers to information acquisition drive the
foreign penalty. We first rely on the multinationals’ multiple locations to identify the role of having
a local economic activity in the country in reducing information asymmetries. We then draw
from the literature on the geography of trade and finance to identify other important drivers of

information asymmetries.
5.1 The Relevance of Local Subsidiaries

In our analysis, we have chosen to consider a forecast to be “foreign” if the forecasting firm
has neither their headquarters nor a subsidiary located in the country. While this assumption is
innocuous for non-multinational firms, whose subsidiaries (if there are any) are all located in the
same country as the headquarters, it is not the case for multinational firms. This relies on the
implicit assumption that a forecaster with its headquarters in the country and a forecaster with
only a subsidiary in the country are equally good at forecasting that country. We reconsider this
assumption here, in order to also further understand the origin of the foreign penalty. In other
words, is it important to have some activity in the country to gain an informational advantage, or is
it mainly the location of the headquarters that matters?

To test for the relevance of local subsidiaries, we use an alternative definition of “foreign”,
where a forecaster is foreign if its headquarters are located in another country, whether a subsidiary
is present or not. Compared to the 28% of foreign forecasters with the baseline definition, 64% of
the forecasters are defined to be foreign according to the alternative definition. The corresponding
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dummy is Foreign HQ.
We construct a single sample of observations by stacking observations of inflation and GDP

growth errors at different horizons. We first estimate our baseline regression:

1n(|Err0rl’.’};’;+h|) = 67:;: + 6’J"t);l + BForeign,; + &; (11)

where x = growth,inflation and h = 0,1 stand respectively for the forecast variable and the

m,x

horizon, and 0

and 5712 are forecaster-date-variable-horizon fixed effects and country-date-
variable-horizon fixed effects. 8 identifies the average effect of the Foreign dummy across variables
and horizons. The results with the baseline definition of Foreign are reported in Column (1) of
Table |3l The coeflicient is highly significant and equal to 0.06. This reflects the average impact of
Foreign across variables and horizons.

We then report the estimates with our baseline definition when distinguishing multinational from
non-multinational firms. By comparing Columns (2) and (3), we can see that non-multinational
firms have a higher foreign penalty than multinational firms (0.25 against 0.04). This is not
surprising, as multinational firms are likely to have more resources and departments dedicated to
forecasting. The coeflicient of multinational firms is closer to our main estimate, because, as we
have seen below, multinationals account for the bulk of our sample. Note, however, that because the
coeflicient of Foreign is imprecisely estimated for non-multinational firms, we cannot statistically
distinguish it from the Foreign coefficient of multinational firms. Panel (c) of Figure D.8 in the
online Appendix shows the distribution of the foreign penalty across forecasters. The foreign

penalty is indeed heterogeneous across forecasters, and even more so across non-multinational

forecasters.
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Table 3: Multinational and Non-Multinational Forecasters

In(|Error?, |)

ijt,t

(1) 2 (€)] 4) (5)
Coefficient Non-Mult. Mult. Mult. Mult.
Foreign 0.06%** 0.25%** 0.04%*
(0.02) (0.07) (0.02)
Foreign HQ 0.04 0.08**
(0.02) (0.03)
Local Subsidiary —0.04%*
(0.02)
N 389,295 57,888 313,197 313,197 313,197
R? 0.70 0.77 0.71 0.71 0.71
Country x Date x Var. X Hor. FE v v v v v
For. x Date X Var. X Hor. FE v v v v v

Notes: The table shows the regression of the log absolute forecast error of current and future CPI and GDP on
regressors on different sub-samples. All standard errors are clustered at the country, forecaster and date levels.
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In Column (4), we replace the Foreign dummy with Foreign HQ. Foreign HQ is not significant.
It is expected that, if our assumption that the location of subsidiaries matter is true, then Foreign
HQ would include a heterogeneous mix of purely foreign forecasters and forecasters who are
present through their subsidiaries. To further test this, we add an additional dummy variable that
accounts for the presence of a local subsidiary: Local Subsidiary is equal to one if the forecaster
has a subsidiary in the country, but no headquarters. In Column (5), now that we control for the
presence of a local subsidiary, Foreign HQ becomes significantly positive. Interestingly, the sum
of the two coefficients is not statistically different from zero. This means that a forecaster with
no headquarters, but with a subsidiary located in the country, is just as good at forecasting as a
forecaster with headquarters located in the country. This confirms that it is enough to have some

activity in the country to benefit from a significant “local” advantage@

5.2 Barriers to Information

To assess the role of the barriers to information, we use the same single sample and now estimate

equations of the following form:

m,x _ cmx Sm,x : m,x m
1n(|Errorl.jtJ+h|) =0, (5]”! + pForeign;; + 7Xijt +&i7, (12)

where X l."/z’x is a set of variables that have a forecaster-country dimension.
We build on the trade and capital flow literature that has identified information as one of the
impediments to the cross-border circulation of products and capital. This literature has shown that

geography, and in particular distance, retains a high explanatory power for both bilateral trade and

3In Section B of the online Appendix, we perform an additional robustness test where we use this alternative
definition of foreign forecasters and replicate our main results. The results are weaker, which confirms that taking into
account subsidiaries is important to identify the foreign penalty.
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bilateral holdings of financial assets. While in the case of trade, information is only one of the
many reasons why distance plays a role, the main one being transportation costs,@ in the case of
capital flows, the cost of information has been the main interpretation of the role of distanceP__ZI
Following [Pellegrino et al. (2021), we consider a parsimonious set of geographical variables:
physical, cultural, and linguistic distance. Physical Distance measures the geodesic distance
between two countries, based on a population-weighted average of the distances between capital
cities. Cultural Distance captures distance in contemporary values and beliefs, introduced by
Spolaore and Wacziarg (2016), and Linguistic Distance captures distance in spoken languages,
introduced by [Fearon| (2003) and constructed by Spolaore and Wacziarg (2016)]3__3] Note that,
since forecasters are better at forecasting their domestic variables, then they could also be better
at forecasting a country whose business cycles are correlated with the domestic business cycles.
We thus test whether forecasting is facilitated by business cycle comovement. To do so, we use
the squared correlation between the GDP growth (or inflation) of the forecaster country and the
GDP growth (or inflation) of country j. Squaring the correlation gives the same weight to a large
positive correlation and to a large negative correlation (in tables, we abbreviate the variable as BC
comovement)@ We expect a higher comovement to have a negative impact on the error. Finally,
we add Migration, the share of the forecaster country population that was born in country j. For all

these variables, the forecaster country is defined as the country of the forecaster’s closest subsidiary.

31See|Anderson and van Wincoop| (2004); Head and Mayer|(2013); Allen| (2014).

32See |Ghosh and Wolf] (2000); Grinblatt and Keloharju| (2001);|di Giovanni| (2005); |[Portes and Rey|(2005)).

3See online Appendix C.18 for a detailed description and source of the variables.

3*Note that this corresponds simply to the R? of a regression of the GDP growth rate (or inflation) of country j on
the GDP growth rate (or inflation) of the forecaster country.
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Table 4: The Geography of Information

In(|Error?, |)

ijt,t

(1) 2 (3 4) (5) ©) @) ® )] (10) (11) (12)
Coeflicient Finance Finance Finance
Foreign 0577***% - 054***% 0356 0262 .0727*%*  .059%* .0189 .0389*  .0348* .026 .024 .079%**
(.0158) (.0148)  (.022) (.0249) (.0295)  (.029) (.024) (.0208) (.0206) (.0186) (.0287)  (.0256)
W.rt. closest subs.:
Physical dist. .0053
(.0078)
Cultural dist. .0115
(.0085)
Linguistic dist. .0189* .0193* .022*
(.0108) (.0103) (.0125)
BC comovement .007
(.0106)
Migration .015
(.0287)
Trade .0133
(.0094)
W.r.t. headquarters:
Linguistic dist. .0144
(.0101)
Trade -.0233%:* -.0214%*
(.0105) (.0105)
Foreign X Low Cap. Controls - -.0811%*
.0776%**
(.0264)  (.0325)
Foreign x Institutions -.0116
(.0082)
N 389,295 388,415 349,093 373,980 378911 290,630 373,066 235,608 214,216 205,122 348,250 382,051
R? .698 .6977 7056 .6995 7004 .7065 .6995 7196 177 7178 .6993 .6976
Cty x Date x Var. X Hor. FE v v v v v v v vV v Vv v v
For. x Date x Var. x Hor. FE Vv v v Vv Vv v v v v Vv v v

Notes: The table shows the regression of the log absolute forecast error on regressors accounting for the geography of information. All standard errors are clustered
at the country, forecaster and date levels.



Column (1) of Table 4 reports the baseline estimates for Foreign. Column (2) to (4) add the
distance variables. Physical and Cultural Distance have the expected signs but are statistically
insignificant, whereas Linguistic Distance is significant and fully absorbs the impact of Foreign.
This finding suggests that language is a major barrier to information, and one of the major causes of
the foreign penalty. Business cycle comovement and Migration do not seem to play a role (Columns
(5) and (6)). Overall, we identify Linguistic Distance as the main driver of the foreign penalty.

Note that, as widely shown by the above-mentioned literature, barriers to information are
also correlated with trade and financial ties, which in turn may increase the incentives to acquire
information. In line with rational inattention models (Sims, |2003), agents can choose how much
effort and resources to allocate to acquiring and processing information. Consequently, the observed
effect of geography on the foreign penalty could actually be the indirect result of these choices.
In that case, information asymmetries are not an exogenous information processing constraint, but
rather the result of an endogenous choice to devote less resources to information acquisition.

To test this incentives’ channel, we introduce trade linkages in the regression. Trade linkages
are measured by the exports from the country where the forecaster’s headquarters is located to
country j, normalized by the GDP of the headquarters’ country. The idea is that, controlling for
other drivers of the errors, a forecaster will devote more resources to forecasting a country if that
country is an important market for the producers of the country where the forecaster’s headquarters
are located. In that case, the coefficient should be negative. Here, we assume that the headquarters
concentrate the largest part of the firm’s operations and investor base. Column (7) shows that the
coeflicient is negative, which suggests that the incentives’ channel is at play.

Columns (8) to (10) focus on financial forecasters (banks, mutual funds, hedge funds, etc.),

who are more likely to have investments at stake in foreign countries and therefore should have
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stronger incentives to acquire information about them. Column (8) shows that the foreign penalty
is lower on average among financial forecasters (0.04 against 0.06 for the whole sample), although
this difference is not statistically significant. To further test for the existence of an incentive
channel among these financial forecasters, we follow Bae et al. (2008) and add the interaction
between Foreign and a measure of financial openness. As long as financial openness is unrelated to
information asymmetries, a negative coefficient on the interaction can be interpreted as reflecting
incentives: financial investors will devote more resources to information acquisition in more open
foreign markets, resulting in a lower foreign penalty. In Column (9), Foreign is interacted with a
dummy that is equal to one if country j has a low level of capital controls: we use the measure of de
Jure capital controls from |[Fernandez et al.| (2016) and define Low-capital control countries as the
quartile with the lowest level of capital controls. This coefficient is significantly negative, suggesting
that capital market openness does increase the incentives to acquire information for financial
forecasters. Since financial openness is likely to be correlated with the quality of institutions,
which could be related to transparency, we check in Column (10) that our results are robust to
the inclusion of the interaction between Foreign and a measure of the Quality of institutions. We
conclude that incentives influence the performance of forecasters and determine the foreign penalty.

This challenges the interpretation of the results in Columns (2) to (6) as being driven directly
by barriers to information. An alternative and equally plausible explanation is that Linguistic
Distance leads to weaker economic linkages between countries, which in turn result in poorer
forecast performance. An argument against this interpretation is that the geography of incentives
differs from the geography of barriers to information. Indeed, while we have assumed so far that
trade linkages are relevant at the headquarters level, we can test whether this assumption is valid

by performing a horse race between two measures of trade linkages: a measure based on trade
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with the headquarters’ country and a measure based on trade with the closest subsidiary’s country.
Column (12) confirms that bilateral Trade is significant only if it is computed as bilateral trade
between the country and the forecaster’s headquarters. Now, if barriers to information were only
relevant because they indirectly generated incentives to acquire information, then we would expect
that only information barriers between the country and the headquarters’ country are relevant.
However, we find that information barriers are relevant at the level of the closest subsidiary, not at
the headquarters’ level: Linguistic Distance is significant only if computed between the country and
the forecaster’s closest subsidiary, as is apparent in Column (11). We thus interpret the evidence as
being consistent with the coexistence of both the information barriers channel and the incentives

channel.
6 Heterogeneity

In our main specification, foreign forecasters make, on average, forecasting errors that are 6% larger.
We have already shown that the foreign penalty is lower—though not significantly so—for financial
and multinational forecasters. We now further examine how the foreign penalty varies with the
forecast variable, the forecast horizon, country characteristics, and whether it is state-dependent.

To do so, we estimate a regression similar to Equation (12):

In(|Error!: & + 6", + BForeign, ; + yForeign;; x X + &l (13)

e ;
ijt,t+h it,h jt.h ijt,h 1j,t>

Here, X ;?;xh is a set of variables that varies either across the forecast variable (growth and inflation),
horizon (current or future), time, country, or time and country, so that the levels are already

absorbed by the fixed effects. If the y coeflicients are significant, it means that the foreign penalty is
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heterogeneous across that dimension. It will be useful though to also examine how the linear term
X i’;‘l’xh affects the errors to answer the question: is the foreign penalty larger in situations where the

errors are also larger? To identify the role of X Z?t’fh, we will need to remove some fixed effects. In
these specifications, we keep our Foreign dummy as a control, but we do not interpret its estimated
effect, since we will be neglecting some of the potential confounding factors and noise that we are
controlling for in our main specification with richer fixed effects.

We begin by examining the role of the forecast variable and the forecast horizon. Specifically,
we define GDP as a dummy variable equal to 1 if the forecast targets GDP growth, and O if it targets
inflation. Future is a dummy equal to 1 if the forecast refers to the next calendar year, and O if it
refers to the current year. Finally, Month-of-year is a categorical variable ranging from 1 to 12,
indicating the month in which the forecast is made.

The results are presented in Table [5] Column (1) examines how forecast errors vary with
GDP, Future, and Month-of-year. This specification includes only country-year and forecaster-
year fixed effects to preserve sufficient variation in the explanatory variables. The estimates show
that forecast errors are larger for GDP growth forecasts and for forecasts targeting the future year.
Notably, forecast errors decline over the course of the year, which suggests that information flows
continuously during the year. Column (5) explores how the foreign penalty interacts with these
variables. It includes forecaster-date-variable-horizon and country-date-variable-horizon fixed
effects, which absorb the main effects of GDP, Future, and Month-of-year. The results indicate
that the foreign penalty is lower for GDP growth and for forecasts of the future year. Interestingly,
the penalty increases over time within the year. As shown in Panel (a) of Figure D.8 in the online
Appendix, the average foreign penalty rises across calendar months. This pattern suggests that,

somewhat paradoxically, the foreign penalty is larger when overall forecast uncertainty is lower.
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Table 5: Variable, Horizon, Time and Country Dependence

In(|Error], 1)
Jjt,t
(1 (@) 3 “ [6)) ©) (N ®
Coefficient
Foreign 0.05%** 0.09%** 0.18%%* 0.03 0.06%** 0.05%* —-0.39%* —0.42%*
(0.02) (0.02) (0.06) (0.05) (0.02) (0.02) 0.17) (0.16)
GDP 0.30%**
(0.07)
Future 0.94#3*
(0.05)
Month-of-year —0.09%%*%*
(0.00)
VIX 0.027%##*
(0.00)
Recession 0.26%**
(0.07)
Emerging 0.27%** 0.08
(0.09) (0.10)
Institutions —0.06%** —0.11#**
(0.02) (0.02)
In(GDP) —0.13%**
(0.03)
Foreign x GDP —0.04%#* —0.04*
(0.02) (0.02)
Foreign x Future —0.03%* —0.03%%*
(0.01) (0.02)
Foreign x Month-of-year 0.01%* 0.01%*
(0.00) (0.00)
Foreign x VIX 0.00 0.00
(0.00) (0.00)
Foreign x Recession 0.02 0.04
(0.02) (0.03)
Foreign X Emerging 0.03 0.04
(0.03) (0.03)
Foreign X Institutions 0.01 0.01
0.01) (0.01)
Foreign x In(GDP) 0.02%* 0.02%**
(0.01) (0.01)
N 602,113 601,355 375,846 366,653 389,295 388,642 366,401 365,825
R? 0.36 0.25 0.37 0.37 0.70 0.70 0.70 0.70
Cty. X Year FE v
For. x Year FE v
Cty x Var. X Hor. FE v
For. x Var. x Hor. FE v
For. x Date x Var. X Hor. FE v v v v v v
Cty x Date x Var. x Hor. FE v v v v

Notes: The table shows the regression of the log absolute forecast error of current and future CPI and GDP on
regressors with different fixed-effects specifications. All standard errors are clustered at the country, forecaster and
date levels.
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As shown in Column (6), the foreign penalty does not exhibit state dependence: it does not
increase significantly during recessions or periods of global uncertainty, measured by the VIX,
while Column (2) shows that forecast errors are on average larger during periods of heightened
uncertainty and in recessions. This suggests that while both local and foreign forecasters make
larger errors in adverse times, the relative difference between them remains stable.

We also consider several country-specific characteristics: an Emerging economy dummy, insti-
tutional quality (from the World Development Indicators, in the table referred to as Institutions),
and country size (log of GDP evaluated at purchasing power parity)E]

In Column (7), the foreign penalty does not differ between emerging and advanced economies,
nor does it depend on institutional quality, while Column (3) shows that, on average, errors are
larger for emerging economies, and that stronger institutions are associated with a lower error.
However, the foreign penalty is higher for larger countries, for which errors are lower on average
(Column (4)). As with the forecast variable and horizon, lower average uncertainty is linked to
a higher foreign penalty. The main picture is unchanged when putting together all the interaction

terms (Column (8))

Discussion The asymmetry of information between local and foreign forecasters is unaffected

by the development status of the economy or the quality of institutions. This aligns with existing

35The data sources are the following: country size (Conte and Mayer,[2022) and quality of institutions (World Bank,
2022). The list of emerging economies is given in the online Appendix Table C.2.

®In the online Appendix Table C.16, we show that the results do not change either when we interact the Foreign
dummy with one variable at a time. Additionally, Figure D.8 in the online Appendix displays the Foreign coefficients
per year, month and country. Panel (a) shows the average foreign penalty per month, which appear to be increasing over
the course of the year. Panel (b) shows the average foreign penalty per year. No systematic pattern appears, which is
consistent with our results. Panel (c) shows the average foreign penalty per country. The estimates are heterogeneous
across countries but no systematic difference between Emerging and Advanced economies appears, confirming our
results. We also conduct a similar analysis, using the estimated coefficients from our asymmetric information tests,
BFE and BP!S. The results, which are shown in Table C.17, are broadly consistent with the evidence on the errors,
except that they are less precisely estimated.
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evidence: |Bae et al. (2008), who study whether local analysts are better at forecasting local firms’
earnings, find that investor protection and the country’s development status do not influence the
foreign penalty.

We do find that variables such as country size, the forecast variable, and the forecast horizon
influence the foreign penalty. However, the penalty is generally higher when forecasting uncertainty
is lower, suggesting that local forecasters are better at finding and exploiting available macroeco-
nomic information. These results are consistent with the locals’ better access to locally-produced
information (by knowing when and where relevant information is released). The stronger infor-
mation asymmetry for current-year GDP growth or inflation forecasts, and its increase over the
year (greater in December than January), is consistent with the assumption that local forecasters
are exposed to the regular releases of partial GDP growth and inflation figures and integrate this
information faster. Interestingly, inflation is typically available at a higher frequency and with a
shorter lag than GDP, making the access to that information an even greater advantage. This is
consistent with Table[I] where we can see that the difference in updating frequency is 2% larger for

inflation forecasts than for GDP growth forecasts.

7 Conclusion

We provide direct evidence of asymmetric information between domestic and foreign forecasters.
Using professional forecaster expectation data, we show that foreign forecasters update their in-
formation less frequently compared to local forecasters and produce less precise forecasts, even
conditional on updating their forecasts. We rule out over-confidence and over-extrapolation, and
behavioral biases in general, as drivers of the foreigners’ excess mistakes, and identify differences

in information asymmetries between foreign and local forecasters. Our results have implications
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for the modeling and calibration of international trade and finance models with heterogeneous
information, since (1) we provide estimates of the excess errors of foreign forecasters and their
relative updating frequency and (2) we prove that the source of asymmetry between local and
foreign forecasters is informational. Finally, we show that both exogenous barriers to information
and incentives to acquire information drive the foreign penalty. In general, the foreign penalty is

not stronger when forecasting is more uncertain.
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