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The International Monetary Fund (IMF) provides loans to countries in economic crises
as a lender of last resort. IMF loan approvals are tied to policy reforms and quantitative
targets that reflect the IMF’s crisis assessment. An extensive literature scrutinizes the
efficacy of IMF loan programs, instead, we examine the accuracy of the IMF’s crisis
assessments (nowcasts) that predicate program designs. Analyzing an unprecedented
602 IMF loan programs from 1992 to 2019, we contradict previous findings that IMF
nowcasts are generally optimistic. Disentangling the structure of the IMF’s nowcast
bias, we find the IMF systematically overestimates high-growth recoveries GDPs, while
low-growth recoveries for low-income countries (LICs) are underestimated. In contrast,
non-LICs’ nowcasts exhibit no statistically significant optimistic and pessimistic bias.
Interestingly, shorter nowcast horizons do not improve accuracy, and GDP growth
nowcasts improved substantially since 2013, while inflation nowcasts remain inefficient.
We also isolate the sources of IMF nowcast inefficiencies according to ((i) program
objectives, ((ii) program conditionality type, ((iii) geographic regions, ((iv) global crises,
and ((v) geopolitics (elections, conflicts, and disasters).
© 2021 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.
Most forecasts are wrong, but some are useful1

1. Introduction

The core mission of the International Monetary Fund
(IMF) is to ensure the stability of the global economy
through surveillance of member economies and by lend-
ing to crisis countries (IMF, 2020e). As global lender of
last resort, IMF crisis loan programs stipulate policy con-
ditions and quantitative economic targets, which must
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1 Variant of Box (1976) statistical aphorism.
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169-2070/© 2021 International Institute of Forecasters. Published by Elsevie
be implemented before loan tranches are disbursed (Fis-
cher, 1999). IMF program design and conditionality can be
contentious, as crisis countries often require substantial
and often unpopular policy changes to ameliorate the
economic problems that IMF nowcasts establish at the
time of crisis.2 IMF nowcasts thus constitute a unique
dataset to evaluate the accuracy of the assumptions that
constitute the basis for IMF program conditions.3 Subse-
quent program performance evaluations and loan tranche

2 See e.g., Feldstein (1998) and Stiglitz (2002) who attribute slow
crisis recoveries to IMF conditionality.
3 IMF program designs assess current crisis conditions and forecast

future outcomes. Program approvals require one-off forecasts that must
rely on interim data in lieu of regular data vintages; these forecasts
can be described as ‘‘nowcasts’’ following the definitions provided by
The Handbook of Forecasting (Elliott & Timmermann, 2013) where a
nowcast is defined as, an ‘‘estimate of the current state of the economy.
It constitutes a first important step in any forecasting exercise because
macroeconomic data only become available with some time lag ’’ (p 273)
and as ‘‘the prediction of the present, the very near future and the very
recent past. The term is a contraction for now and forecasting and has
r B.V. All rights reserved.
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disbursements also depend on the benchmarks estab-
lished by the original nowcasts. Thus, nowcast bias and/or
inefficiency influence not only program scope and design
but also the apparent magnitude and speed of recoveries
(Park, 2006, Ch9).

Nowcasts are unbiased and efficient when they in-
orporate all relevant information available at the time
hat nowcasts are established (Nordhaus, 1987). There
ave been a number of evaluations of IMF forecasts, but
revious evaluations focus largely on official final data
rom the IMF’s World Economic Outlook (WEO) database,
ot the actual nowcast data established at the time of
risis.4 Our dataset predates any WEO entries and rep-
esents a unique, long confidential snapshot of the IMF’s
nderstanding of economies in crises.
Eicher et al. (2019, EKPC from here forward) also for-

ally examined the accuracy of IMF nowcasts using ac-
ual crisis data, not WEO data. They did not explore the
ossible sources of bias and inefficiencies, as we do be-
ow. EKPC also examined only 110 out of 602 available
rograms between 2002 and 2016, but they excluded a
arge share of observations due to concerns about out-
iers and database errors. We audit the IMF’s Monitoring
f Fund Arrangements (MONA) database and verify that
bout one-third of EKPC’s excluded programs should have
een included. Large outliers are simply a defining char-
cteristic of countries requiring IMF crisis assistance. Our
atabase audit allowed us to include an additional 492
rograms and an additional 14 years of nowcast data.5
o evaluate nowcasts, EKPC used estimates of final data,
ot official final data which differ substantially (see Fig. 1).
nly 57% of the official final GDP growth data lie within
% of the estimated GDP growth data, which implies
KPC’s nowcast assessments are contaminated by errors
n the final data.

EKPC found inflation nowcasts to be unbiased and
fficient. Using the additional 492 programs and official
not estimated) final data, we find IMF inflation now-
asts are actually biased and inefficient. EKPC also found
ominal GDP growth nowcasts unbiased and efficient, but
ur expanded dataset shows both nominal and real GDP
rowth nowcasts to be inefficient, systematically overesti-
ating high-growth crisis recoveries and underestimating

ow-growth recoveries. Luna (2014) also studied IMF cri-
is forecasts in a sample of 94 program countries and

been used for a long-time in meteorology and recently also in economics.
Now-casting is relevant in economics because key statistics on the present
state of the economy are available with a significant delay’’ (p 196). The
xford Handbook of Forecasting (Clemens & Hendry, 2011) has the same
efinition but adds also ‘‘Nowcasting is particularly relevant for those key
acroeconomic variables which are collected at low frequency, typically
n a quarterly basis, and released with a substantial lag ’’ (p.193), which
s particularly relevant for IMF crisis nowcasts.
4 See among others: Aldenhoff (2007), Artis (1988, 1997), Bar-

ionuevo (1993), Batchelor (2001), Beach and Schavey (1999), Loungani
2001), Pons (2000) and Timmermann (2007). Similar to Batchelor,
each et al. find IMF WEO forecasts for developing countries over-
stimate real GDP growth and underestimate inflation, while forecasts
or industrialized nations are unbiased and efficient. Artis and Loungani
ompare IMF forecasts to consensus forecasts and find no substantial
ifferences. Neither of these papers focuses on crisis countries.
5 Appendix A1 documents our audit of the database, detailing 11
ifferent types of errors and corrections.
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found the optimism in IMF crisis forecasts was driven
by countries with large loans. Our results in the sub-
stantially larger and longer sample do not confirm that
either approved or drawn loan size affects nowcast bias
or inefficiency. Luna (2014) also suggested that appar-
ent optimism in IMF forecasts may simply reflect inade-
quate program execution on the part of the countries. We
find no evidence that canceled programs affect nowcast
efficiency.6

It is generally expected that forecasts improve as time
horizons shorten and IMF-IEO (2014) established the
same for WEO forecasts. In contrast, we find that this is
not the case for IMF crisis countries nowcasts that are
equally likely to be inefficient and/or biased for short or
long-time horizons. Exploiting our 28-year time series, we
can document that recent GDP growth nowcast accuracy
has improved in recent years, while inflation nowcasts
continue to struggle with inefficiency.

We also explore the sources of bias and inefficiency
in IMF nowcasts, focusing on information IMF economists
possessed at the time nowcasts were established. Several
categories of covariates are examined to see if their ef-
fects are properly accounted for by IMF nowcasts. These
categories cover regressors that relate to (i) international
crises, (ii) geographic regions, (iii) conditionality (quanti-
tative performance criteria (QPC) and structural perfor-
mance criteria (SPC)), (iv) program objectives, (v) loan
size and loan cancellation, and (vi) geopolitics (elections,
conflicts, and natural disasters). Inflation, nominal, and
real GDP growth nowcasts are shown to be associated
with different sources of bias and inefficiencies. For in-
flation, we show that the effects of conditionality relat-
ing to ceilings on government and central bank credit
are underestimated in IMF nowcasts. For real GDP, the
effects of ceilings on government credit were overesti-
mated. Nominal GDP nowcasts feature the largest number
of conditionality effects improperly integrated into now-
casts, and these include ceilings on external debt/arrears,
ceilings on government deficit/debt, and reforms of the
current/capital accounts.

A voluminous literature describes a common theme of
IMF forecasts being optimistic.7 For crisis countries, we
show that a focus on small samples and average fore-
cast errors, without formal statistical tests, may provide
misleading results. Our approach is novel in that our

6 Luna (2014) also suggests that IMF nowcasts may be overly
optimistic because country authorities provided faulty data to the IMF;
we have no data to test this hypothesis. Another approach to explaining
optimistic IMF forecasts bias is based on institutional factors that we
could not explore for lack of data: Genberg and Martinez (2014) find
that the IMF desk economists with more experience produce smaller
forecast errors. Beaudry and Willems (2022) find IMF mission chiefs’
optimism systematically influences IMF forecasts.
7 Baqir et al. (2003) examine 29 MONA program countries to find

positive bias, as did (Baqir et al., 2005) in a sample of 94 MONA
countries. Atoyan and Conway (2011) examine fiscal and current
account balances for 291 MONA program countries to find positive
forecast errors. Luna (2014) examines real GDP growth and inflation
forecasts for 103 MONA program countries and finds positive forecast
bias for countries with ‘‘exceptional access to IMF resources’’. Neither
paper employs formal tests for bias/efficiency. Genberg and Martinez
(2014) and Timmermann (2007) find optimistic forecast bias using
WEO data.
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Fig. 1. Official final data (WEO) vs. estimates of final data (MONA).
large sample allows formal tests that decompose the per-
ceived optimism to lay bare the structure of the nowcast
inefficiency. The particular manner in which optimistic
and pessimistic nowcasts average out for high and low-
growth crisis recoveries is shown to contain important
information. We show that IMF optimism is only a fea-
ture for high-growth recoveries in low-income countries
(LICs), while slow recovering program countries actually
suffer from excessively pessimistic IMF nowcasts. Once
LICs are purged from the sample, we produce the im-
portant result that the remaining share of nearly 250
nowcasts is unbiased and efficient. For a full cross-country
WEO sample that includes non-crisis countries, Loungani
(2001) also reports that forecast accuracy differs by coun-
try income levels. Interestingly, he reports upward-biased
forecast errors, indicating exactly the opposite result as
we found in the crisis sample, in that he finds forecasts
to be excessively pessimistic.

Overly optimistic nowcasts for high-growth recoveries
may lead to an underestimate of the required finan-
cial support and quantitative/reform adjustments. Also,
overly optimistic nowcasts for high-growth recoveries
may translate into overly optimistic program targets that
are too difficult to reach. LICs’ nowcasts are shown to
exhibit the greatest inefficiencies and by far the most
optimistic nowcasts for high-growth recoveries. Most un-
settling, Beaudry andWillems (2022) show that optimistic
bias in IMF GDP growth forecasts can induce subsequent
economic contractions through the greater accumulation
of public and private debt. As the COVID-19 pandemic
has raised the demand for IMF programs, improved now-
casts, and an understanding of the particular areas that
produced nowcast inaccuracies are more important than
ever. The key policy take-away from our results is clearly
that LICs’ nowcasts are highly problematic, suffering from
profound inefficiency and bias that is at times strong
433
enough to dominate the results for the full sample. Im-
proved nowcasts procedures for this subset of countries
are particularly important as these are also the countries
in greatest need of COVID-19 financing (IMF, 2020g).

The remainder of the paper is organized as follows.
Section 2 lays out the methodology, discusses the data,
and provides the first results. Section 3 establishes now-
cast bias and/or inefficiency across relevant subsamples.
Section 4 examines why nowcasts have been inefficient
and/or biased, and Section 5 investigates if nowcast effi-
ciency changed. Section 6 checks if time horizons affected
nowcast accuracy, and Section 7 concludes.

2. Evaluating nowcasts: Data and methodology

2.1. Data

Our nowcast data originates with the IMF’s MONA
database (IMF, 2020d). The database reports data that the
IMF establishes at the time of crisis to design the loan
program. When we last accessed the database, it covered
602 programs launched from 1992 to 2019. Each program
is identified by program type, approval date, and loan size
(approved and drawn loan amounts).8 The database also
reports macroeconomic indicators for program countries,
including three years of historical data that predates the
crisis year, t, the nowcast for t, and four additional years

8 IMF (2020a) provides a full description of each of the 13 pro-
gram types. These program types include Extended Credit Facility
(ECF), Extended Fund Facility (EFF), Enhanced Structural Adjustment
Facility (ESAF), Exogenous Shock Facility (ESF), Flexible Credit Line
(FCL), Structural Adjustment Facility (SAF), Stand-By Agreements (SBA),
Standby Credit Facility (SCF), Policy Coordination Instrument (PCI), Pre-
cautionary Credit Line (PCL), Precautionary Liquidity Line (PLL), Poverty
Reduction and Growth Trust (PRGT), and Policy Reform Instrument
(PSI).
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of forecasts. Also reported are program conditionalities or
performance criteria, which are grouped into 9 ‘‘quantita-
tive’’ and 11 ‘‘structural’’ categories.9 QPC refer to numeric
benchmarks (e.g., fiscal deficit targets), SPC list policy, and
institutional reforms (e.g., income tax reform) that must
be implemented by each program country. We examine
the MONA database’s nowcasts established in crisis year
t for program year t. Since IMF projections are based on
growth rates, we examine nowcasts for real/nominal GDP
growth and CPI inflation from t − 1 to t.

For a number of reasons, nominal GDP, real GDP, and
CPI are not directly dependent; as the GDP deflator (which
is not consistently reported in MONA) and CPI inflation
differ substantially. T-tests reject identical means at the
Pr(|T| > |t|) = 0.0002 level, with similar levels of rejec-
tion for quantile means tests of the respective distribu-
tions. This is due to the IMF’s Financial Programming
approach (Barth et al., 2000), which combines real and
nominal quantities in different ways, some based on CPI,
and some based on GDP deflator. GDP, for example, is
modeled mostly in real terms, but fiscal variables are in
nominal terms (as CPI/wages matter). Also, GDP defla-
tor forecasts are calculated based on the forecasted ratio
of nominal GDP to real GDP, while the CPI is modeled
as a function of completely different factors (e.g., past
CPI, reserves, money growth, international food commod-
ity prices, and exchange rates), without taking into ac-
count nominal/real GDP forecasts. GDP deflator forecasts
are thus (indirectly) aggregating the deflators in con-
sumption, investment, exports, and imports, while the CPI
captures only price changes in consumption goods. In ad-
dition, Easterly (2006) notes that the nature of the IMF Fi-
nancial Programming model implies that its equation and
even identities ‘‘produce large statistical discrepancies,
which weakens the case for them as consistency checks’’.
Easterly notes that two related quantities may diverge
substantially because some equations contain variables
that take policy as endogenous along with other variables
that assume policy as exogenous. Our approach to ex-
amining real GDP, nominal GDP, and inflation forecasts
accuracy has a long history in this literature that dates
back to the earliest studies in this literature (Kenen &
Schwartz, 1986; and Artis, 1988) all the way to the most
recent study (EKPC, 2019).

The MONA database also associates each program with
IMF Executive Board documents which became available
when IMF archives opened in 2009. We review these
documents in our MONA audit and provide a surprisingly
extensive list of database errors in Appendix A. After the
start of each program, IMF economists review country
performance at regular intervals (monthly, quarterly, and
semi-annually) and enter estimates of realized data. EKPC
used data from these subsequent reviews to obtain es-
timates of final data for t. There are four reasons why
this approach is unnecessarily restrictive and inaccurate.
First, 48 programs do not have estimates of final data in
MONA and were thus excluded by EKPC analysis, although
official final data exists. Second, the EKPC approach con-
strained the analysis to programs that lasted at least 18

9 See Table 1 for conditionality categories.
434
months, omitting another 14 programs. Third, in fear of
database errors, EKPC excluded another 106 programs
when data were unbalanced or when observations ex-
ceeded four standard deviations from the mean. Fourth,
MONA’s estimates of final data can differ substantially
from the IMF’s official final data, which is reported in the
IMF’s WEO database (IMF, 2020f), as illustrated in Fig. 1.
These differences between MONA’s estimated final data
and WEO’s official final data contaminate EKPC’s assess-
ment of nowcast accuracy, as errors in MONA’s estimated
final data are attributed to nowcast inaccuracy. Therefore,
we evaluate IMF nowcast accuracy based on official final
data obtained from the IMF’s WEO.

2.2. A methodology to evaluate nowcast accuracy

Forecast evaluation exercises often focus on a range of
forecast-error summary statistics that compare the per-
formance of different forecasts, for example, the mean
absolute error (MAE) and the root mean square error
(RMSE).10 Such statistics are informative only when two
r more forecasts are being compared. The forecast eval-
ation in this paper involves, however, only a single fore-
ast, since only the IMF has access to country crisis data;
nd the loan documents remained largely confidential un-
il 2009. Hence, we cannot compare crisis nowcasts from
ifferent sources and instead focus on understanding the
ccuracy of the only available nowcast. The importance
f these IMF nowcasts is thus also derived from the fact
hat IMF nowcasters hold a unique position as they enjoy
xclusive access to confidential country data in times of
rises.11
The literature on forecast accuracy evaluation dates

back to Mincer and Zarnowitz (1969), who based their
analysis on the seminal work of Theil (1961). Theil in-
troduced the concept of a ‘‘prediction-realization diagram’’
Fig. 2), which displays IMF nowcasts, Ft , on the hor-
izontal axis and official final data, At , on the vertical
axis. IMF nowcasts are established at the time of crisis
when the program is designed and approved, t, for the
year of the crisis. We examine real/nominal GDP growth
and inflation nowcasts. Mincer and Zarnowitz label the
solid 45-degree line in the prediction-realization diagram
the ‘‘line of perfect forecasts’’ as it represents coordinates
where nowcasts equal the official final data, Ft = At .
For real GDP growth, Fig. 2 indicates that IMF nowcasts
overestimate high-growth recoveries and underestimate

10 A review of these statistics is provided by Hyndman and
Athanasopoulos (2018).
11 IMF programs can include up to 4-year forecasts; we examine
only nowcasts produced for the crisis year, t, at the time of crisis in
year t. IMF crisis nowcasts are conditional on the assumption that
IMF conditionality is fulfilled. Rational expectations forecasts would
also account for the probability that conditionality is not fulfilled.
Since IMF loans are contracts (or ‘‘arrangements’’ in IMF parlance)
between governments and the IMF, and since IMF conditionality is
explicitly outlined in these contacts, and since the IMF is the lender
of last resort, one might expect implementation of conditionality to
be generally high. Some programs do get cancelled due to non-
performance; we reran all tables without cancelled programs and
find cancelled programs do not explain systematic nowcast bias or
inefficiency. Result available upon request.
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Table 1
Variable list, sources and descriptions.
Variable Data Source Description

IMF Nowcasts IMF (2020d) MONA Database.
See Appendix A for details

‘‘t-1’’ to ‘‘t’’ peroid growth rates for real GDP levels
(RGDPC/NGDP_R), nominal GDP levels (NGDP), end-of-period
inflation (PCPIC/PCPIE)

Final Realized Data IMF (2020f) WEO Database ‘‘t-1’’ to ‘‘t’’ peroid growth rates for real GDP levels (NGDP_R),
nominal GDP levels (NGDP), end of period inflation (PCPIE)

2008 Crisis Dummy variable for the 2008 Global Financial Crisis. Program
received a ‘‘1’’ when program commenced between 9/15/2018
and 9/15/2019 , where the start date is the Lehman Brothers’
bankruptcy filing date.

2007 Crisis Dummy variable of the 1997 Asian Crisis. Program received a
‘‘1’’ for programs that commenced between 7/2/1997 and
1/1/1999 ; and (ii) the country was also identified as an
Asian Crisis Country by Kaminsky et al. (2003). In July 1997,
Thailand was forced to float exchange rate, which is generally
seen as the start of the crisis.

Regions Dummy variables for Africa, Americas, Asia, and Europe.

Quantitative Conditionality:
QPCs

IMF (2020b) MONA Database
Glossary

Quantitative conditionality. Dummy variables given by MONA’s
‘‘Main Criteria’’ defined by MONA Glossery.

Structural Conditionality: SPCs IMF (2020b) MONA Database
Glossary

Structural conditionality. Dummy variables given by MONA’s
‘‘Indicative Targets’’ defined by MONA Glossery. We grouped
them as: Gen_Gov’t_Reform (1.1-1.9),
CB_Stats_Regs_Indep.(2.1-2.2), Civil_Service_Wage/Empl. (3),
Pension_Reform (4.1-4.2), Gov’t_Enterprise_Pricing (5.1-5.3),
Financial_Sector_Reform (6.1-6.2),
Open_Current&Capital_Account (7), Reduce_Trade_Tariff/Quota
(8), Labor_Mkt_Wage/Empl.(9), Improve_Econ_Statistics (10),
Legal/Market_Reforms (11.1-11.4)

Program Objectives IMF (2020a) Crisis Lending Fact
Sheet

We grouped 13 IMF programs types into 5 program
objectives: (i) BOP_Stablization: Stand-By Agreements (SBA);
(ii) BOP_shocks_precautionary: Exogenous Shock Facility (ESF),
Standby Credit Facility (SCF), Flexible Credit Line (FCL),
Precautionary Credit Line (PCL), Precautionary Liquidity Line
(PLL); (iii) Struct_Adj_Poverty_Growth: Structural Adjustment
Facility (SAF), Enhanced Structural Adjustment Facility(ESAF),
Poverty Reduction and Growth Trust (PRGT); (iv) long-term
BOP and structural reform assistance: Extended Credit Facility
(ECF), Extended Fund Facility (EFF); (v)
Non_Financial_Reforms: Policy Reform Instrument (PSI), Policy
Coordination Instrument (PCI).

LoanAmount IMF (2020d) MONA Database
for loan amount drawn, IMF
(2020c) IFS Database for quota

Loan Amount is the ratio of drawn loan size to IMF country
annual quota in the program start year.

Elections Beck et al. (2001) for data
before 1998; IFES (2020) for
post 1998 data

Election dummy cover two types of national elections: (i)
head of state or government election; (ii) legislative election.
Program received a ‘‘1’’ if an election occurred up to 1 year
prior to the program start date.

Conflicts UCDP/PRIO Armed Conflict
Dataset by Harbom et al.
(2009)

Conflict dummy covers intra-state and inter-state conflicts.
Program received a ‘‘1’’ if program country experienced a
conflict up to one year prior of program start date.

Disasters EM-DAT (2020) Disaster dummy covers natural disasters. Program received a
‘‘1’’ if a disaster occurred up to 1 year prior to the program
start date.
e

low-growth recoveries. A similar pattern exists for nom-
inal GDP growth, but we suspect the finding is obscured
by influential observations, which we examine further be-
low. The white shaded area around the dashed regression
line represents the 95% confidence interval.

Our test of nowcast bias and efficiency is based on
incer and Zarnowitz regressions, which have been fre-
uently applied: see e.g., Romer and Romer (2000), Rossi
nd Sekhposyan (2011), or Granger and Newbold (2014).
435
The identity At ≡ Ft + µt , which includes the forecast
rror, µt , produces the regression

At = α + βFt + εt . (1)

Nowcasts are conventionally chosen as the ‘‘independent’’
variable because they are available before the official final
data is published. Mincer and Zarnowitz (1969) point out
that the regression slope, β , equals unity only when the
forecast error, µ , is uncorrelated with the forecast values,
t
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Fig. 2. Prediction-realization diagrams (full sample).
Ft which is when the residual variance of the regression,
σ (ε), equals the variance of the forecast error, σ (µ). In
this case, the forecast is efficient. If we also have α = 0,
the forecast is unbiased. To test the accuracy of forecasts,
Mincer and Zarnowitz suggest the joint null hypothesis
α = 0 & β = 1 for unbiased and efficient nowcasts. Since
estimates of α and β are generally correlated, individual
T statistics are insufficient, and the joint test is required
(Wallis, 1989).

If the Mincer and Zarnowitz null of α = 0 & β = 1 is
rejected, nowcasts are inefficient but they may or may not
be biased. Holden and Peel (1990) derived a necessary and
sufficient condition for unbiased nowcasts, which simply
tests whether the regression line intersects the Line of
Perfect Nowcasts at the respective expected values, E(At )
= E(F t ). When the Holden and Peel test of At – F t = γ +
νt rejects the null of γ = 0, the nowcast is then said to be
biased. Here, it is important to note that inefficiency may
be more informative than bias since a nowcast exhibits no
bias at all when it is half of the time 20% higher and half
of the time 20% lower than the official final data. This is
why Mincer and Zarnowitz stress that unbiasedness may
be desirable, but not by itself informative about forecast
accuracy. Of course, other things being equal, the smaller
the bias, the greater the accuracy of the forecast; ‘‘other
things’’ here being the distances between the points in
the prediction-realization diagram and the Line of Perfect
Nowcasts. These distances can be expressed by the vari-
ance of the forecast error around its mean, which Mincer
and Zarnowitz introduce as an inverse measure of forecast
efficiency. Rotations of regression lines to better match
lines of perfect forecasts reduce this variance to increase
efficiency.

Nowcasts are inefficient when they do not incorporate
all available information. That is why (Nordhaus, 1987)
noted that forecast efficiency shares similarity with stock
market efficiency as both concepts imply that efficiency
exists only when all relevant and available information
was considered. Even if the Holden and Peel test indicates
unbiased forecasts, the slope coefficient, β , in (1) may
indicate a statistically significant deviation from unity to
suggest inefficiency. Tables 2 and 3 present the results of
436
our Mincer and Zarnowitz regressions. Diagnostic tests for
all regressions show no concerns regarding heteroscedas-
ticity or serial correlation in residuals, and we address
potentially non-normal residuals by using robust standard
errors.

Regressions (1a)–(4c) in Table 2 are Mincer and
Zarnowitz regressions associated with Fig. 2 for
real/nominal GDP growth and inflation. In regressions
(1a)–(1c), we revisit EKPC results based on their sample
of 110 out of 602 available programs, estimated final data,
and excluded programs due to program duration and data
variation. The regressions show that EKPC’s sample rejects
efficiency only for real GDP growth, while all nowcasts
are indicated as unbiased.12 In regressions (2a)–(2c), we
rerun the EKPC sample with our corrected data and with
actual final values rather than estimated final values.
Results do not change substantially, although we start to
see the first signs of inefficiency (for nominal GDP growth)
and bias (marginally significant, for real GDP growth and
inflation at 10% level). Regressions (3a)–(3c) represent all
available data for the EKPC time period, including audited
data, and programs EKPC had omitted due to program
duration or because program data exceeded four standard
deviations from the mean. All nowcasts are unbiased, and
only nominal GDP is inefficient at the 1% significance
level. In summary, EKPC results and our results for EKPC’s
time period (with audited, verified, and final outcome
data) are different for real and nominal GDP, but similar
for inflation.

Regressions (4a)–(4c) include all programs with all
available, audited data, for all years (1992–2019), with the
official (not estimated) final data, and without eliminat-
ing programs due to program duration or data variance.
Real GDP growth nowcasts are now shown to be in-
efficient but unbiased with a slope coefficient that is
significantly below unity. This suggests low (high) growth
recoveries are under (over) estimated in IMF nowcasts.

12 In contrast to EKPC, we do not include regional or crisis dummies
in the benchmark; the inclusion of such dummies invalidates the
Mincer and Zarnowitz null hypothesis. The question of whether IMF
nowcasts do or do not properly integrate regional or global crisis
information is examined in Section 4 using a different test.
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Table 2
Bias and inefficiency of IMF nowcasts.
Dependent variable: Actual Real GDP Growth Actual Nominal GDP Growth Actual Inflation

(1a) (2a) (3a) (4a) (1b) (2b) (3b) (4b) (1c) (2c) (3c) (4c)

EKPC (2019) Our
data,
EKPC
sample

Our
data,
EKPC
time
period

All
available,
audited
data

EKPC (2019) Our
data,
EKPC
sample

Our
data,
EKPC
time
period

All
available,
audited
data

EKPC (2019) Our
data,
EKPC
sample

Our
data,
EKPC
time
period

All
available,
audited
data

Constant, α 0.016** 0.014** 0.010* 0.004 0.014* 0.025** 0.020*** 0.062*** 0.002 0.006 0.006 0.038***
p-value (α = 0) 0.013 0.012 0.098 0.206 0.071 0.011 0.002 0.000 0.875 0.663 0.420 0.003

IMF Nowcast, β 0.621*** 0.783** 0.753 0.821** 0.926 0.832** 0.864** 0.666*** 1.091 1.042 0.982 0.864
p-value (β = 1) 0.010 0.045 0.136 0.044 0.193 0.032 0.018 0.000 0.702 0.863 0.890 0.185

Observations 110 110 269 597 110 110 270 596 100 110 268 595
Adjusted R-square 0.402 0.482 0.403 0.404 0.742 0.655 0.638 0.836 0.545 0.553 0.566 0.810
MZ F-test (α = 0, β = 1) 3.460** 3.410** 1.414 2.731* 1.740 3.356** 4.820*** 13.93*** 1.021 1.827 1.813 8.258***
p-value (α = 0, β = 1) 0.035 0.037 0.245 0.066 0.180 0.039 0.009 0.000 0.364 0.166 0.165 0.000

HP T-test (γ = 0) −0.111 1.816* 0.227 −1.464 1.180 1.100 1.281 −0.946 1.408 1.681* 1.347 2.595**
p-value (γ = 0) 0.912 0.072 0.820 0.144 0.240 0.274 0.201 0.344 0.162 0.096 0.179 0.010

Diagnostic Tests
H0: Heteroskedasticity 11.18*** 5.005* 145.5*** 62.170*** 0.362 4.106 8.394** 240.740*** 28.52*** 57.53*** 109.8*** 77.020***
H0: No serial correlation in

residuals
0.687 1.595 0.289 0.323 6.621** 2.853* 2.297 0.002 2.219 7.381*** 3.070* 0.029

H0: Normal residuals 0.848*** 0.960*** 0.890*** 0.859*** 0.936*** 0.966*** 0.918*** 0.529*** 0.877*** 0.879*** 0.838*** 0.496***

Notes: Robust standard errors in parentheses unless otherwise indicated; ***p < 0.01, **p < 0.05, *p < 0.1.
Mincer and Zarnowitz (MZ) null: nowcast is unbiased and efficient.
Holden and Peel (HP) null: nowcast is unbiased.
Heteroskedasticity is assessed using the Cameron-Trivedi test; serial correlation is assessed using the Breusch–Godfrey test; normality is assessed using the Shapiro–Wilk W test. EKPC regressions in
1a-c included region dummies. MAE (mean absolute error) and RMSE (root mean square error) are scaled by 100.
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Table 3
Bias and inefficiency of IMF nowcasts by subsample.
Dependent variable: Real GDP Growth Nominal GDP Growth Inflation

(1a) (2a) (3a) (4a) (5a) (1b) (2b) (3b) (4b) (5b) (1c) (2c) (3c) (4c) (5c)

All Non-Hyper Non-Hyper
LICs

Non-Hyper
Non-LICs

Hyper
Inflation

All Non-Hyper Non-Hyper
LICs

Non-Hyper
Non-LICs

Hyper
Inflation

All Non-Hyper Non-Hyper
LICs

Non-Hyper
Non-LICs

Hyper
Inflation

Constant, α 0.004 0.008** 0.020*** 0.003 −0.008 0.062*** 0.003 0.011 −0.004 0.188*** 0.038*** −0.004 0.002 −0.010 0.197***
p-value (α = 0) 0.206 0.010 0.001 0.390 0.234 0.000 0.704 0.520 0.665 0.000 0.003 0.658 0.929 0.168 0.001

IMF Nowcast, β 0.821** 0.775*** 0.601*** 0.835 0.801 0.666*** 1.020 0.987 1.052 0.624*** 0.864 1.242 1.262 1.210 0.792**
p-value (β = 1) 0.044 0.002 0.001 0.145 0.437 0.000 0.798 0.919 0.551 0.000 0.185 0.156 0.407 0.129 0.023

Observations 597 526 276 250 71 596 525 276 249 71 595 526 275 251 69
Adjusted R-square 0.404 0.353 0.155 0.486 0.383 0.836 0.665 0.625 0.699 0.834 0.810 0.309 0.207 0.595 0.822
MZ F-test (α = 0&β = 1) 2.731* 4.841*** 5.685*** 1.362 0.988 13.93*** 1.685 2.039 0.202 11.26*** 8.258*** 6.062*** 6.222*** 1.190 5.8***

p-value (α = 0&β = 1) 0.066 0.008 0.004 0.258 0.377 0.000 0.186 0.132 0.818 0.000 0.000 0.003 0.002 0.306 0.005
HP T-test (γ = 0) −1.464 −0.882 −0.345 −1.001 −1.334 −0.946 1.757* 1.834* 0.508 −1.525 2.595** 2.997*** 2.692*** 1.345 1.135

p-value (γ = 0) 0.144 0.378 0.730 0.318 0.187 0.344 0.079 0.068 0.612 0.132 0.010 0.003 0.008 0.180 0.260
Diagnostic Tests

H0: Heteroskedasticity 62.17*** 13.86*** 7.636** 43.06*** 12.78*** 240.7*** 46.52*** 35.18*** 18.10*** 34.15*** 77.02*** 26.30*** 22.86*** 74.21*** 5.072*
H0: No serial correlation in

residuals
0.323 0.002 0.413 0.319 1.764 0.002 0.200 1.413 1.363 0.400 0.029 0.293 0.016 0.010 0.041

H0: Normal residuals 0.859*** 0.902*** 0.860*** 0.951*** 0.838*** 0.529*** 0.821*** 0.842*** 0.779*** 0.729*** 0.496*** 0.569*** 0.567*** 0.785*** 0.750***
St Dev: Actual Data 0.050 0.043 0.040 0.042 0.077 0.426 0.137 0.141 0.129 1.051 0.382 0.122 0.145 0.089 0.893
St Dev: Nowcast Error 0.039 0.035 0.038 0.031 0.062 0.261 0.079 0.086 0.071 0.718 0.175 0.102 0.130 0.058 0.430
MAE 2.457 2.264 2.406 2.108 3.882 7.202 4.747 5.285 4.150 25.355 6.482 4.512 5.789 3.111 21.506
RMSE 3.914 3.496 3.838 3.075 6.186 26.089 7.953 8.660 7.088 72.427 17.579 10.286 13.107 5.787 43.108

Notes: Robust standard errors in parentheses unless otherwise indicated; ***p < 0.01, **p < 0.05, *p < 0.1.
Mincer and Zarnowitz (MZ) null: nowcast is unbiased and efficient.
Holden and Peel (HP) null: nowcast is unbiased.
Heteroskedasticity is assessed using the Cameron–Trivedi test; serial correlation is assessed using the Breusch–Godfrey test; normality is assessed using the Shapiro–Wilk W test. MAE (mean absolute error) and RMSE (root mean square error) are
scaled by 100.
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Nominal GDP growth, using the full dataset, is now also
inefficient but unbiased with a substantially smaller, sig-
nificant slope coefficient that is far below unity (0.666).
This again suggests nominal GDP nowcasts underestimate
(overestimate) low (high) growth recoveries.

Inflation shows the greatest divergence from previous
esults. EKPC found near-perfect, unbiased, and efficient
MF inflation nowcasts with near unitary slope and zero
ntercept, suggesting that nowcasts closely match the Line
f Perfect Nowcasts. When we include the previously
mitted programs, as well as official (not estimated) final
ata, along with additional years of available data, we find
MF inflation nowcasts exhibit statistically significant bias
nd inefficiency. As was the case for GDP growth, IMF
owcasts for inflation under (over) estimate low (high)
nflation recoveries.

The fact that high GDP growth crisis recoveries are
verly optimistic nowcast in the full sample presents ma-
or problems for IMF crisis program countries. First, overly
ptimistic nowcasts for high-growth recoveries imply un-
erestimated loan requirements and mismatched quan-
itative and structural adjustment targets. On the other
and, overly pessimistic nowcasts for the low-growth re-
overies overstate programs’ financial needs, which may
ead to misallocation of resources. Second, overly opti-
istic nowcasts can translate into overly optimistic pro-
ram targets and performance criteria (e.g., government
evenues or import volumes) that may be difficult or
mpossible to reach. Third, overly optimistic nowcasts
or high-growth recoveries affect program evaluations, as
eemingly below-par performances may in fact be due to
xcessively optimistic nowcasts.

. Does nowcast bias and efficiency vary by subsample?

Fig. 2(b)–(c) suggest that the assessment of IMF now-
ast accuracy is impacted by influential observations,
ikely relating to nowcast inaccuracies in high inflation
ountries. Below we examine whether IMF nowcast ac-
uracy differs by subsamples, specifically subsamples that
iffer by income levels and inflation. For country income
roupings, we use the World Bank’s time-variant LIC
emarcation,13 and for inflation, we use Dornbusch and

Fischer’s (1986) threshold of inflation > 25% to identify
hyperinflation crises. Note that our hyperinflation sample
is best described as anticipated hyperinflation countries
since we code countries for hyperinflation only if IMF
nowcasters predicted hyperinflation. Hence, we evaluate
only how accurate IMF nowcasts are for countries and
crises for which the IMF expected hyperinflation.14

Separating the samples by hyperinflation countries
and LICs, we obtain the subsample prediction-realization

13 Low-income country classification is a time-varying measure
based on World Bank’s data of GNI per capita in each year. See
http://databank.worldbank.org/data/download/site-content/OGHIST.xls.
14 If hyperinflations or policies leading up to hyperinflations were a
surprise to IMF nowcasters (and hence not part of their information
set), we would not want to link such surprises to IMF nowcast bias
and inefficiency.
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diagrams in Figs. 3.1–3.3, which shows a substantially im-
proved fit and nowcasts for the non-hyperinflation-non-
LIC subsamples (as compared to Fig. 2). Table 3
reports Mincer and Zarnowitz regressions for the sub-
samples. For real GDP growth, nowcast accuracy differs
substantially across subsamples. The full sample, the non-
hyperinflation sample, and the non-hyperinflation LIC
sample are all inefficient. Efficiency arises only once we
purge the full sample of LICs and hyperinflation nowcasts
(see regression (4a)). This implies that the inefficiency in
the full sample is driven by nowcasts for hyperinflation
countries and LICs.

Slope coefficients are below unity for all subsamples,
indicating overly optimistic nowcasts for high real GDP
growth recoveries and overly pessimistic estimates for
low-growth recoveries. This effect is most pronounced
for non-hyperinflation LICs with an astonishing low β

of 0.6, indicating enormous improvement potential for
IMF nowcasts for this subsample of 276 programs. By
calculating the intersection between the regression line in
(1a) and the Line of Perfect Nowcasts, we find that fragile
non-hyperinflation LICs (LICs with below 5% real GDP
growth recoveries), may have been negatively impacted
by conditionality and performance evaluations that were
based on excessively pessimistic IMF crisis nowcasts.

Surprisingly, IMF real GDP growth nowcasts for hy-
perinflation countries are not statistically significantly bi-
ased or inefficient. This is likely an artifact of the high
variance in the official final data for hyperinflation coun-
tries (see statistics for (5a) in Table 3), which is twice
the magnitude of other subsamples variances. High vari-
ance outcomes are harder to predict, resulting in sub-
stantially larger nowcast errors, as reported in Table 3.
The large standard errors in the hyperinflation subsample
then widen the confidence bands to the point where the
Mincer and Zarnowitz F-test cannot rule out that inter-
cept and slope coefficients are consistent with the Line of
Perfect Nowcasts (see Fig. 3.3a).

It is important to note that the majority (55%) of hy-
perinflation events occurred before 1997. In that sense,
the noise introduced by hyperinflation nowcast errors is
not representative of ongoing nowcast dynamics over the
years in the full sample. This contrasts the effects of LICs’
nowcast errors, whose contribution to the inefficiency
of the full sample inefficiency is steady over the entire
28-year time period.

For nominal GDP growth nowcasts in hyperinflation
countries, we find a pattern similar to what we observed
for real GDP growth. Table 3 shows that nowcast in-
efficiency of nominal GDP growth in the full sample is
driven entirely by nowcast inaccuracies of hyperinflation
countries. Once hyperinflation countries are excluded the
nowcasts are unbiased and efficient. Both the hyperinfla-
tion and nowcast slope coefficients are highly significant,
but the hyperinflation coefficient is even lower (at 0.624)
than the full sample’s (0.666). This indicates again that
IMF nowcasts substantially overestimate nominal GDP
growth in ‘‘high hyperinflation’’ recoveries and underes-
timate nominal GDP growth in ‘‘low hyperinflation’’ re-
coveries. Once we purge the full sample of hyperinflation

http://databank.worldbank.org/data/download/site-content/OGHIST.xls
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Fig. 3.1. Prediction-realization diagrams. Non-hyperinflation-non-low-income countries.
Fig. 3.2. Prediction-realization diagrams. Non-hyperinflation-low-income countries.
Fig. 3.3. Prediction-realization diagrams. Hyperinflation countries.
countries, we find slope coefficients near unity across sub-
samples (ranging from 0.987 to 1.052), indicating efficient
nowcasts.

Interestingly, both the non-hyperinflation and the non-
hyperinflation LIC subsamples exhibit biased nominal
GDP growth nowcasts (regression (2b) and (3b)). This is
440
because the positive intercept together with high slope
coefficients imply that optimistic bias program nowcasts
and pessimistic bias program nowcasts cannot average
out. Here, it is important to note that the bias is driven
entirely by LICs. Once LICs are removed from the non-
hyperinflation sample, the slope is just about unity (1.052)
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and nowcasts are unbiased and efficient (see
regression(4b) in Table 3). In summary, for nominal GDP
growth, we find that the full sample must exclude (i)
hyperinflation countries to achieve efficiency and (ii) LICs
to achieve unbiased nowcasts.

Inflation nowcasts produce the largest accuracy varia-
tions across subsamples. Biased and inefficient nowcasts
are observed for the full sample, the non-hyperinflation
sample, and the non-hyperinflation LIC samples. As in the
case of nominal and real GDP growth, we must purge
hyperinflation and LIC programs from the full sample to
obtain efficient and unbiased nowcasts. Slope coefficients
are high and even exceed unity for non-hyperinflation
samples (LICs or Non-LICs), implying that IMF nowcasts
actually under-predict inflation for high inflation recov-
eries (greater than 1.7%) and over predict inflation for
low inflation events. Only the hyperinflation subsample
exhibits a low slope coefficient (0.792), indicating that
IMF nowcasts decisively overestimate ‘‘high hyperinfla-
tion’’ recoveries and underestimate ‘‘low hyperinflations’’
recoveries from economic crises.

The important finding of our subsample analysis is that
non-hyperinflation-non-LIC programs (about 42% of the
sample) exhibit unbiased and efficient nowcasts for real
and nominal GDP growth and for inflation. Hyperinflation
countries contribute to bias and inefficiency, but given
that their numbers are concentrated in a few early years
in the 28-year sample, the real drivers of bias and ineffi-
ciency in the full sample are non-hyperinflation LICs. The
results raise the question as to the drivers of inefficiency,
which we explore in the next section.

4. Why are IMF nowcasts inefficient?

Sinclair et al. (2010, SJS from here forward) and Sinclair
et al. (2012) propose a methodology to investigate poten-
tial sources of forecast inefficiencies. They suggest includ-
ing additional covariates in (1) that represent information
available to forecasters.

At = α + βFt + δXt + εt , (2)

where Xt are additional candidate covariates known to
forecasters at the time of the forecast. SJS propose the
joint null hypothesis of β = 1 & α = δ = 0 to
identify whether the information content of the additional
covariates is properly included in the nowcast. If the null
is rejected, SJS note that the information contained in X
was not fully integrated into the nowcast, which then
identifies possible sources of inefficiency.

The approach is helpful here because it allows us
to understand whether IMF nowcasts (fully) incorpo-
rate the effects of key pieces of information that are
known to nowcasters at the time the program is designed.
How quickly and accurately the news of global contagion
or specific program conditionality is integrated into the
nowcasts is an important determinant of the bias and
inefficiency generated by deviations from final outcomes.
Gultekin et al. (2006) study forecast revisions to highlight
how inadequate consideration of news drives forecast
inefficiency. While we do not examine forecast revisions

in our short time horizon, we do want to understand if
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particular crisis dimensions contribute to nowcast bias
and inefficiency.

Both EKPC (2019) and Luna (2014) include examina-
tions along similar lines. EKPC use the national income
identity to attribute the GDP forecast error to forecast
errors in the identity’s subcomponents. Luna (2014) ex-
amined forecasts for government balance and current ac-
count balance variables in addition to GDP and inflation.
He suggests that predictions might be inaccurate not be-
cause of faulty forecasting—but because the country did
not fulfill all conditionality. A simple way to test this is
to include a dummy for canceled programs in (2). More
interestingly, it would be to examine deviations from the
agreed and achieved conditionality. However, there is no
complete database on IMF conditionality, although the
IMF does provide a list of detailed policy areas in which a
country received conditionality. We use these data below.

We examine six groups of candidate covariates to test
whether they were properly accounted for in IMF now-
casts, specifically, (i) international crises, (ii) regions, (iii)
conditionality (QPC and SPC), (iv) program objectives, (v)
loan size (approved and drawn amount) and loan cancel-
lation, and (vi) geopolitics (elections, conflicts, and natural
disasters). Two major international crises occurred during
the years covered by our sample (1997 Asian crisis, 2008
global financial crisis), and one might suspect that the
effects of global contagion were difficult to integrate into
IMF country nowcasts at the time. Genberg and Mar-
tinez (2014) and IMF-IEO (2014) find that IMF WEO fore-
casts tend to be consistently over-optimistic in times of
regional and global recessions. Here, it is important to
emphasize that we are examining only sources of ineffi-
ciencies based on information available to IMF nowcasters
at the time of the nowcast. Hence, our crisis dummy is set
to one only for countries whose programs started after the
1997 and 2008 crises commenced.15

Regional effects for Africa, Asia, and Latin American
dummies commonly hold explanatory power in growth
regressions; hence, we investigate if nowcasts fully ac-
count for these.16 Another set of regressors we investigate
as possible sources of inefficiencies relates to IMF condi-
tionality. Conditionality is specifically designed to affect
program countries’ recoveries; hence, nowcasts must ex-
ercise particular caution to integrate their effects. For
example, conditionality often relates to fiscal discipline
and credit targets that directly affect GDP growth and/or
inflation. The IMF classifies conditionality as ‘‘QPC’’ (e.g.,
‘‘dollar ceiling on external debt’’) and ‘‘SPC’’ (e.g., policy
reforms). Table 1 reports how MONA groups conditional-
ity into 9 categories of QPCs and 11 categories of SPCs,
which we can add to regression (1).

15 The 1997 Asian crisis dummy received a ‘‘1’’ indicator for pro-
grams that (i) commenced between 7/2/1997 and 1/1/1999 and (ii)
that were identified as affected Asian crisis countries by Kaminsky et al.
(2003). In July 1997, Thailand was forced to float its exchange rate,
which is generally seen as the start of the crisis. The 2008 global
financial crisis dummy received a ‘‘1’’ indicator for programs that
commenced between 9/15/2008 and 9/15/2009, where the start date
is the Lehman Brothers’ bankruptcy filing date.
16 See, e.g., Barro (1991) and Masanjala and Papageorgiou (2008) for
Africa and Fernandez et al. (2001) for Asia and Latin America.
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Fig. 4.1. Nowcast bias and efficiency over time (full sample). (Rolling 5-year averages.)
Source: Figures based on regressions in Appendix B2.
Fig. 4.2. Nowcast bias and efficiency over time (non-hyperinflation LICs). (Rolling 5-year averages.)
Source: Figures based on regressions in Appendix B2.
The IMF also offers countries a menu of program types
to focus recoveries on different aspects of an economy.
Different program types address issues from external fi-
nancing difficulties to non-financial reforms and
poverty/growth.17 We examine if the policy focuses of
IMF programs were properly accounted for in IMF now-
casts. The previous literature on IMF program perfor-
mance also notes the importance of program-loan size
(e.g., Dreher, 2006). Luna (2014) also notes that greater
access to IMF lending is correlated with optimistic IMF
forecast bias. Hence, we examine whether the program
loan size relative to IMF quota is fully accounted for in
IMF nowcasts. We obtain loan data from MONA and quota
data from the International Financial Statistics database
(IFS, IMF, 2020c). Results for drawn vs. approved loan
sizes are identical; hence, we only report the latter.18

17 We grouped 13 IMF programs types into 5 program objectives:
(i) BOP Stabilization: Stand-By Agreements (SBA); (ii) BOP Shocks (pre-
cautionary): Exogenous Shock Facility (ESF), Standby Credit Facility (SCF),
Flexible Credit Line (FCL), Precautionary Credit Line (PCL), Precautionary
Liquidity Line (PLL); (iii) Structural Adjustment Poverty Reduction and
Growth: Structural Adjustment Facility (SAF), Enhanced Structural Ad-
justment Facility(ESAF), Poverty Reduction and Growth Trust (PRGT); (iv)
Long-Term BOP Reforms: Extended Credit Facility (ECF), Extended Fund
Facility (EFF); (v) Non-Financial Reforms: Policy Reform Instrument (PSI),
olicy Coordination Instrument (PCI).
18 Atoyan and Conway (2011), Luna (2014), and IMF (2019) also
oint out that IMF program forecasts are conditional on the assumption
442
Finally, we examine a block of non-economic regres-
sors that may exert effects on the economy, including
elections, conflicts (civil and international), and natural
disasters. In its review of program design and condi-
tionality (IMF, 2019) noted that forecast errors of pro-
gram countries are impacted by political transitions, con-
flicts, and natural disasters. We are asking again whether
knowledge of such non-economic factors was properly
integrated into the nowcasts. The non-economic dummies
exhibit a one only if the event occurred up to one year
before the program was approved. IMF nowcasters were
thus well aware of the election results, civil wars, or
natural disasters and we can test if the effect was properly
accounted for in their nowcasts.19

that program targets are successfully implemented so that implemen-
tation failures on the part of the country could explain an optimistic
IMF forecast bias. Cancellations are by definition not part of the
nowcasters’ information sets and thus represent orthogonal errors to
the IMF nowcasts. We examined whether cancelled programs explain
systematic bias and efficiency and found no evidence (results available
upon request).
19 Table 1 provides details on elections, conflicts, and disasters data.
The election dummy covers head of state/government elections and
legislative elections. Programs received a ‘‘1’’ indicator if elections
occurred up to one year prior to program start, based on Beck et al.
(2001) and IFES (2020). The conflict dummy covers intra/inter-state
conflicts. Programs received a ‘‘1’’ indicator if (civil) wars occurred up
to one year prior to program start, based on Harbom et al. (2009).
The disaster dummy covers natural disasters. Programs received a ‘‘1’’
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4.1. Sources of nowcast inefficiency in the full sample

Table 4 regressions (4.1.a)–(4.3.c) display GDP growth
nd inflation results for the three key subsamples. We
tart by discussing the full sample results. For real GDP
rowth (regression 4.1.a), the null hypothesis that now-
asts could not have been improved by the consideration
f additional variables (SJS F-test) is rejected at the 10%
evel. Since the covariates that we added to the Mincer
nd Zarnowitz regression were known to IMF nowcasters
t the time of crisis, their coefficients would be zero, if
heir effects had been fully integrated into the nowcast.
ny statistically significant deviation from zero indicates
hat the effect of a variable was not fully integrated into
he nowcast. For example, for real GDP growth (regression
.1.a), the full model indicates that program countries
ay expect IMF nowcasts during times of global crises to
e more imprecise than usual, which is entirely under-
tandable since the depth of these crises is, by definition,
nknown even as the crisis has commenced. Perhaps,
his expectation could be paired with a wider range of
onditionality outcomes, given the uncertainty associated
ith the estimates.
The crisis dummy indicates only programs that were

pproved with nowcasts that were produced after the
008 crisis had commenced. So forecasters knew an un-
sual event had occurred, but the data indicate unusual
vents such as global crises produce more imprecise fore-
asts, which is not unique to the IMF but to all forecasts
t that time. It is informative, however, that the coeffi-
ient for the 2008 crisis is negative, indicating that, on
verage, IMF nowcasts overestimated real GDP growth for
ountries that started their loan during the 2008 crisis.
t proves the difficulties that IMF nowcasters face: the
008 crisis and the 1997 Asian crisis (for LICs’ real GDP
rowth) introduced substantial nowcast errors since the
epths and lengths of the crises and hence their effects
n program countries were difficult to predict.
Other covariates tell a similar story, but for different

easons. For regions, the nowcast of nominal GDP growth
n the full sample is systematically high for the Americas,
lthough the dummy in effect captures Latin American
rograms since the USA and Canada had no programs.
ere, we find that over the course of 28 years, IMF sys-
ematically over-predicts nominal GDP growth in Latin
merica, and the finding may be a useful indicator to
eexamine the IMFs models for Latin American countries
o understand the sources of the inefficient optimism in
his region of the world.

Similar is the case for conditionality. IMF nowcasters
re acutely aware of which type of conditionality they
mpose and should integrate the effects of such condi-
ions into the nowcasts. For real GDP growth, as indi-
ated in regression (4.1.a), conditions relating to the floor
n international reserves, ceiling on government credit,
nd improved government statistics lead to systematic
nefficiencies of IMF nowcasts. The regressions indicate

indicator if disasters occurred up to one year prior to program start,
based on EM-DAT (2020).
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the benefit of efforts to revisit the IMF’s Financial Pro-
gramming model to examine why projections related to
reserves, and government credit may cause systematic
inefficiencies in nowcasts.

The effects of structural policy reforms on real GDP
growth are equally important but more difficult to pre-
dict. Depending on the subsample, improved statistics,
financial sector reform, price liberalizations for govern-
ment enterprises, and wage reforms all show statisti-
cally significant effects (see regression 4.1.b-c), suggest-
ing that the effect of these reforms are systematically
not fully captured in the nowcast. For example, finan-
cial liberalization has a positive significant coefficient for
non-hyperinflation LICs’ real GDP growth (0.013), indi-
cating that these reforms exert a larger, positive effect
on GDP growth than IMF economists systematically an-
ticipate. The nature of these inefficiencies indicates that
nowcast errors are not ‘‘mistakes’’, but simply indicators
where further work integrating recent advances in eco-
nomic theory (e.g., financial liberalization) may aid future
nowcast accuracy.

Similar to policy reforms, the effects of non-economic
factors such as elections and conflicts are certainly hard
the gauge for IMF nowcasters, although the dummies are
coded such that IMF economists knew about the election
result and the existing conflicts at the time of the crisis.
In both cases, we can show that IMF nowcasts improperly
account for elections (for non-hyperinflation LICs) and
conflicts (for hyperinflation countries) in the sense that
IMF nowcasts are still too optimistic. In other words, elec-
tions and conflicts have a systematically larger negative
impact on real GDP growth than IMF nowcasters predict.

In sum, the extended Mincer and Zarnowitz regres-
sions for GDP growth indicate that systematic nowcast
errors have their roots in region-specific models (Latin
America), in the IMF’s Financial Programming model (re-
serve and credit ceilings), and in the assessments of eco-
nomically exogenous events that exert an important influ-
ence on the predicted outcome, such as the 2008 crisis,
wars, or elections. Nowcasts can be improved through
troubleshooting of the country/region-specific models, of
general IMF Financial Programming identities related to
credit and reserves, and though a general awareness that
past program nowcasts were too optimistic about the
economic effects of elections and wars.

For nominal GDP growth in the full sample, the SJS F-
test is rejected at the 1% level (regression 4.2.a), indicating
that IMF nowcasts could have been improved if the effects
of regions (America) and the effects of the international
crises (the 2008 financial crisis) had been properly con-
sidered. In addition, there is strong evidence that several
conditionality dimensions were also not properly inte-
grated into IMF nominal GDP nowcasts in the full sample.
These dimensions include QPC relating to (a) reserves, (b)
external arrears, (c) fiscal deficit, (d) external debt (both
short-term and medium-/long-term), and SPC relating to
current/capital account restriction. In addition, nominal
GDP growth nowcasts could have been improved through
better consideration of the implications of program types
that address the balance of payments stabilization prob-
lems (SBA programs) and poverty reduction and growth
(ESAF, SAF, and PRGF programs).



T.S.Eicher
and

Y.G.Rollinson
International

Journal
of

Forecasting
39

(2023)
431–449

Table 4
Sources of nowcast inefficiency by subsamples.

Real GDP Growth Nominal GDP Growth Inflation

(4.1.a) (4.1.b) (4.1.c) (4.2.a) (4.2.b) (4.2.c) (4.3.a) (4.3.b) (4.3.c)

Full
Sample

Non-Hyper
LICs

Hyper
Inflation

Full
Sample

Non-Hyper
LICs

Hyper
Inflation

Full
Sample

Non-Hyper
LICs

Hyper
Inflation

Nowcast

Constant, α −0.007 −0.035 0.084** 0.034 −0.099 −0.008 0.037 −0.155 0.176
p-value (α = 0) 0.533 0.491 0.050 0.336 0.161 0.982 0.553 0.124 0.609
IMF Nowcast, β 0.764* 0.558*** 0.946 0.649*** 0.947 0.630*** 0.837* 1.122 0.802**
p-value (β = 1) 0.015 0.003 0.673 0.000 0.699 0.001 0.082 0.688 0.011

Intl Crises

2008 Crisis −0.013* 0.007 −0.022 −0.046*** −0.053 0.323 −0.035* −0.068* 1.370
(0.007) (0.015) (0.046) (0.014) (0.033) (0.292) (0.021) (0.041) (0.876)

1997 Crisis −0.012 −0.037** 0.011 −0.028 0.037 −0.194 −0.033 0.013 −0.289
(0.015) (0.018) (0.022) (0.037) (0.065) (0.250) (0.053) (0.076) (0.199)

Regions

Africa 0.006 0.041 0.014 −0.038 0.043 −0.169 −0.022 0.081 −0.331
(0.006) (0.041) (0.022) (0.025) (0.039) (0.195) (0.031) (0.062) (0.200)

Americas 0.005 0.032 0.014 −0.056** 0.063 0.299 −0.045 0.084 0.140
(0.006) (0.041) (0.042) (0.022) (0.046) (0.190) (0.035) (0.058) (0.235)

Quantitative Conditionality
(QPCs)

Ceiling_External_Debt(MT&LT) 0.007 0.020 0.063 0.040*** 0.037 −0.054 0.006 0.011 −0.453
(0.005) (0.020) (0.046) (0.014) (0.039) (0.263) (0.013) (0.037) (0.682)

Floor_Int’l_Reserves 0.010* 0.014 0.005 0.037* 0.027 0.136 0.023 0.043* 0.133
(0.005) (0.011) (0.024) (0.021) (0.021) (0.164) (0.016) (0.024) (0.146)

Ceiling_External_Arrears −0.001 −0.003 0.006 0.033** 0.013 0.029 0.010 0.019 −0.239
(0.004) (0.006) (0.022) (0.014) (0.014) (0.132) (0.021) (0.026) (0.165)

Ceiling_Gov’t_Credit −0.010** −0.005 −0.160*** −0.003 0.009 0.026 0.028** 0.011 0.724
(0.005) (0.007) (0.042) (0.012) (0.026) (0.435) (0.013) (0.017) (0.720)

Ceiling_Gov’t_Deficit −0.004 −0.008 0.041* −0.058*** −0.021** −0.302 −0.021 −0.014 −0.026
(0.004) (0.005) (0.022) (0.018) (0.011) (0.203) (0.021) (0.024) (0.156)

Ceiling_External_Debt(ST) −0.001 −0.002 −0.085** −0.020* −0.009 0.109 0.006 0.014 −0.066
(0.004) (0.005) (0.040) (0.012) (0.013) (0.237) (0.010) (0.014) (0.242)

Ceiling_CB_Net_Dom_Assets 0.002 −0.009 0.089*** 0.010 −0.013 −0.012 0.041** −0.006 0.524*
(0.006) (0.007) (0.032) (0.020) (0.016) (0.413) (0.017) (0.019) (0.292)

Policy/Structual Reform
Conditionality (SPCs)

Civil_Service_Wage/Empl. 0.003 0.010 0.009 −0.002 −0.002 0.719* −0.008 −0.009 0.989
(0.004) (0.007) (0.080) (0.009) (0.013) (0.380) (0.009) (0.014) (0.721)

Improve_Econ_Statistics 0.008* 0.001 −0.144 −0.009 −0.002 0.001 −0.028*** −0.006 0.159
(0.005) (0.006) (0.090) (0.010) (0.011) (0.731) (0.010) (0.012) (1.016)

Open_Current&Capital_Account −0.002 0.006 0.002 −0.043** −0.036** −0.493* −0.012 −0.019 −0.230
(0.005) (0.006) (0.021) (0.021) (0.015) (0.261) (0.018) (0.023) (0.158)

Financial_Sector_Reform 0.002 0.013* 0.031 0.003 0.018 −0.240 −0.001 0.004 −0.244
(0.005) (0.007) (0.025) (0.015) (0.015) (0.209) (0.018) (0.022) (0.256)

Reduce_Trade_Tariff/Quota 0.001 0.006 −0.025 0.023 −0.005 0.402 −0.029* −0.051* 0.039
(0.004) (0.005) (0.024) (0.024) (0.014) (0.257) (0.017) (0.026) (0.126)

Gov’t_Enterprise_Pricing −0.002 0.005 −0.062* 0.017 0.001 0.190 0.033* −0.004 0.130
(0.004) (0.007) (0.032) (0.011) (0.013) (0.214) (0.018) (0.013) (0.264)

CB_Stats_Regs_Indep. −0.002 0.001 −0.126*** −0.010 −0.013 −0.074 −0.007 −0.022 −0.244
(0.004) (0.008) (0.038) (0.011) (0.016) (0.250) (0.013) (0.021) (0.335)

Labor_Mkt_Wage/Empl. 0.009 −0.031* – −0.025 −0.003 – −0.025 −0.009 –
(0.007) (0.018) (0.016) (0.030) (0.019) (0.049)

(continued on next page)
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Table 4 (continued).
Real GDP Growth Nominal GDP Growth Inflation

(4.1.a) (4.1.b) (4.1.c) (4.2.a) (4.2.b) (4.2.c) (4.3.a) (4.3.b) (4.3.c)

Full
Sample

Non-Hyper
LICs

Hyper
Inflation

Full
Sample

Non-Hyper
LICs

Hyper
Inflation

Full
Sample

Non-Hyper
LICs

Hyper
Inflation

Program Objective

BOP_Stablizationa
−0.005 −0.012 −0.015 0.042** 0.087* 0.398** 0.053*** 0.179 0.167
(0.005) (0.013) (0.025) (0.018) (0.044) (0.163) (0.020) (0.118) (0.132)

BOP_Shocks_Precautionaryb 0.009 0.009 – 0.012 0.020 – −0.006 0.048 –
(0.006) (0.018) (0.019) (0.032) (0.021) (0.052)

Struct_Adj_Poverty_Growthc 0.004 0.002 – −0.023* −0.007 – 0.009 0.048* –
(0.005) (0.011) (0.014) (0.018) (0.017) (0.025)

Non_Financial_Reformsd 0.001 −0.004 −0.038 0.008 0.006 0.432** 0.011 0.041*** 0.211
(0.005) (0.007) (0.033) (0.016) (0.018) (0.200) (0.012) (0.015) (0.177)

Elections −0.001 −0.010* 0.013 0.012 −0.019 0.149 −0.007 −0.020 0.012
(0.004) (0.005) (0.015) (0.018) (0.013) (0.174) (0.012) (0.018) (0.116)

Conflicts −0.005 −0.007 −0.038** 0.000 −0.019 0.005 −0.003 −0.007 −0.033
(0.005) (0.006) (0.016) (0.012) (0.012) (0.120) (0.013) (0.019) (0.149)

Observations 597 276 71 596 276 71 595 275 69
Adjusted R-squared 0.406 0.199 0.521 0.842 0.643 0.823 0.819 0.231 0.859
SJS F-test (α = δ = 0&β = 1) 1.368* 2.044*** 13.64*** 3.263*** 1.433** 5.618*** 1.573** 1.369* 13.84***
p-value (α = δ = 0&β = 1) 0.081 0.001 0.000 0.000 0.063 0.000 0.021 0.091 0.000

Notes: Robust standard errors in parentheses unless otherwise indicated; ***p < 0.01, **p < 0.05, *p < 0.1. Insignificant regressors included in the regressions are not reported, these variables include
Regions (Asia), Qualitative Conditionality (Ceiling_Domestic_Arrears, Ceiling_New_Arrears/Default); Structural Conditionality (Gen_Gov’t_Reform, Legal/Market_Reforms, Pension_Reform), NaturalDisasters,
LoanAmount (approved or actually-drawn amounts). Dummies excluded to avoid singularity: Regions (Europe) and Program Objectives (‘‘Long-Term BOP & Structural Reforms’’ consisting of ECF – Extended
Credit Facility, EFF – Extended Fund Facility).
aStand-By Agreements (SBA).
bIncludes Exogenous Shock Facility (ESF), Standby Credit Facility (SCF), Flexible Credit Line (FCL), Precautionary Credit Line (PCL), Precautionary Liquidity Line (PLL).
cIncludes Structural Adjustment Facility (SAF), Enhanced Structural Adjustment Facility (ESAF), Poverty Reduction and Growth Trust (PRGT).
dPolicy Reform Instrument (PSI), Policy Coordination Instrument (PCI).
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For inflation, the SJS F-test in the full sample is re-
ected at the 5% level (regression 4.3.a), indicating that
he efficiency of IMF nowcasts could have been improved
hrough the consideration of additional covariates such
s the effect of the 2008 global financial crisis and con-
itionality. Specifically, the effects of quantitative targets
n government and central bank credit were not properly
ntegrated into IMF nowcasts. In addition, inflation now-
asts could have been improved through consideration of
he effects of structural reforms in economic statistics,
rade openness, and state enterprises. As in the case of
ominal GDP growth, the effects of balance of payments
tabilization programs were also not properly accounted
or by IMF inflation nowcasts.

In summary, for the full sample, the effects of the
008 global financial crisis are the only common factors
hat were not properly accounted for by IMF nowcasts
or GDP growth and inflation, and a result previously
eported by Genberg and Martinez (2014) for the global
ample using WEO data. In addition to the common fac-
ors, real/nominal GDP growth and inflation all have their
istinct factors that were known to nowcasters and whose
roper consideration could have improved the nowcast.
ince we learned in the previous section that the ineffi-
iency of the full sample is decisively driven by inefficien-
ies in the non-hyperinflation LIC sample (and to a lesser
xtent by hyperinflation events in the early part of the
ample), we examine the effects of additional covariates
or these two subsamples in Table 4.

.2. Sources of nowcast inefficiency in the non-
yperinflation LIC sample

Regressions (4.1.b)–(4.3.b) in Table 4 indicate that the
fficiency of GDP growth and inflation nowcasts for non-
yperinflation LICs could have been improved substan-
ially. Real GDP growth nowcast inefficiency (regression
.1.b) was driven by overestimates of growth during the
997 Asian crisis, as indicated by the negative coefficient.
n addition, labor and financial market reforms, as well as
he non-economic effect of elections, were not properly
ccounted for by the nowcasts. For nominal GDP growth,
owcasts efficiency could have been improved if quanti-
ative limits on fiscal deficits, reforms of current/capital
ccounts, and program types (BOP stabilization/SBA pro-
ram) had been properly integrated into the nowcasts.
nflation nowcasts could have been improved through
etter integration of the effects of reserves requirement,
rade reforms, and non-financial reforms along with ef-
ects of the poverty and growth programs and the 2008
risis.

.3. Sources of nowcast inefficiency in the hyperinflation
ample

For hyperinflation countries, we find the strongest evi-
ence that inefficient real/nominal GDP growth nowcasts
ould be been improved along with inflation nowcasts.
or real GDP growth, we find three highly statistically sig-
ificant factors: quantitative limits on government credit
446
and deficit, as well as limits on external debt and cen-
tral bank credit. In terms of structural reforms, we find
evidence (regression 4.1.c) that state enterprise reform
and central bank statistical/regulatory reforms could have
improved the nowcasts. Even the effect of conflicts is now
indicated as a factor that could have improved the now-
casts. For nominal GDP growth nowcasts in hyperinflation
countries, the most important factors that could have
improved the nowcast were non-financial reforms (PSI
and PCI) and BOP stabilization (SBA) program types. In ad-
dition, reforms of public employment and current/capital
account openness are statistically significant. For inflation
nowcasts, the SJS test is also rejected at the 1% level and
the ceiling on central bank credit could have improved
efficiency.

5. Did nowcast bias and efficiency change over time?

Our MONA nowcast data covers over a quarter-century
of IMF programs. It is natural to ask whether the accuracy
of nowcasts changed over time. It may well be that the
advent of better modeling and improved data collection
produced successively better nowcasts. Instead of report-
ing nowcasts accuracy for each individual year, we report
rolling 5-year period results. This allows us to keep the
number of observations per period roughly similar and of
sufficient size.

Fig. 4.1 provides visuals of nowcast accuracy over time
for the full sample, based on the Mincer and Zarnowitz
regressions that are reported in Appendix Table B.1. The
black dots in Fig. 4.1 represent the values of the β esti-
mates in Table B.1, and the gray dashed lines represent
95% confidence intervals. The orange cross markers de-
note inefficient nowcasts, while the red empty circles
denote biased nowcasts. We observe four distinct periods.
First, all nowcasts struggled with bias and/or inefficiency
until about 2001. Second, all nowcasts saw a reprieve
with unbiased and efficient nowcasts until 2005. Third,
another period of bias and/or inefficiency occurred until
2009 (2012 for real GDP growth). Fourth, after 2012, GDP
growth nowcasts become unbiased and efficient (with
one exception in 2013), but inflation nowcasts continue
to struggle with efficiency as recently as 2018. It is fasci-
nating to see that inflation still struggles with inefficiency
in recent years, while nominal GDP growth nowcasts have
become efficient.

In addition to our assessment of nowcast accuracy,
we observe that the slope coefficients for nowcasts, β ,
are almost always smaller than unity until 2014. This
implies a long-enduring pattern of overly optimistic now-
casts, on average with excess optimism for high-growth
countries and overly pessimistic nowcasts for low-growth
countries. The pattern reverses after 2015 when the slope
coefficients start to exceed unity for both inflation and
real GDP growth. This suggests that since about 2015
IMF nowcasts become excessively pessimistic (optimistic)
for high (low) growth outcomes. We also note that the
width of the error bands suggests standard errors are
roughly similar throughout. The exception is real GDP
growth, which experienced a widening of the confidence
interval during the 2008 global financial crisis (produc-
ing inefficient nowcasts). Nominal GDP growth exhibits



T.S. Eicher and Y.G. Rollinson International Journal of Forecasting 39 (2023) 431–449
Fig. 5. Nowcast horizons and nowcast accuracy (full sample).
Source: Figures based on regressions in Appendix B2.
extraordinarily large errors in the early 1990s and also
during the financial crisis. Inflation bucks the trend with
tight standard errors until 2007 and stable error bands for
the remaining years.

Above we noted the importance of two subsamples
in our study of bias and inefficiency, especially non-
hyperinflation LICs introduced nowcasts errors that trans-
lated into nowcast inaccuracy for the full sample. Given
the results above, we are also interested in this subsam-
ples’ pattern of nowcast accuracy over time. Even though
the hyperinflation sample contains 76 observations, it
is too concentrated in the early years of our 28-year
sample period, rendering too few observations to produce
meaningful 5-year rolling time periods throughout.

For the non-hyperinflation LIC sample (Fig. 4.2 and
Appendix Table B.2), we find a roughly similar pattern
for the full sample, in that earlier nowcasts are more
likely to be inefficient, and later nowcasts (since 2014)
have become unbiased and efficient for GDP growth. Even
inflation nowcasts are unbiased and efficient in the non-
hyperinflation LIC sample in recent years. This is good
news, especially given the nearly unbroken string of bi-
ased and/or inefficient nominal GDP growth nowcasts in
this sample from 2001–2013.

6. Do nowcast horizons affect nowcast accuracy?

In general, forecast accuracy is expected to decrease
as forecast horizons increase (Armstrong, 2001). One may
suspect this insight to be particularly relevant for IMF
nowcasts, as information sets are larger at the end of
the year due to the accumulation of scheduled releases
of additional data vintages. Hence, one might well ex-
pect nowcast bias and efficiency to improve for programs
designed and approved later in the year. In this section,
we examine whether bias and inefficiency are driven by
nowcast horizons. Fig. 5 provides the visual summary of
results for the full sample, and the regression outputs
are reported in Appendix Table B.3. We examine whether
nowcasts produced earlier in the program year exhibit
a greater propensity towards bias and inefficiency than
those formed later in the year.

The results are surprising, as there is no clear pat-
tern of improved nowcast accuracy as the time horizon
shortens. Both real GDP growth and inflation nowcasts ex-

hibit greater variances early in the year, but these do not
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translate into greater bias and/or inefficiency. Indeed, real
GDP growth and inflation poignantly produce inefficient
and even biased nowcasts late in the year. Surprisingly,
inflation nowcasts are the most stable around the slope
parameter of unity throughout the year, while nominal
GDP growth produces the largest deviations from unity.
This could be due to the fact that inflation information
is much more readily available (on a monthly basis) than
GDP growth (at best quarterly). The divergence in GDP
growth and inflation accuracy as the time horizon short-
ens also implies that GDP growth nowcast errors are
not driven by inflation nowcast errors. This finding is
supported by the fact that there is no similarity in the
pattern of real GDP growth nowcast inaccuracies and
either inflation or nominal GDP growth nowcasts.

Biased and inefficient real GDP nowcasts are found
mid-year in April and May and, somewhat surprisingly,
at the end of the year in November when nowcasts turn
excessively optimistic. Nominal GDP growth has the ex-
pected bias and inefficiency in January, but the next two
months are both unbiased and efficient with four ad-
ditional inefficiencies throughout the year. For inflation,
bias is again early in the year, but bias and inefficiencies
are concentrated mid-year. Overall we see no pattern of
either bias and efficiency improvements as the nowcast
horizon shrinks. IMF-IEO (2014) previously found evi-
dence that IMF forecast errors increase with time horizons
in WEO data, but their study horizons far exceeded the
time horizon covered in this paper and did not cover crisis
nowcasts.

7. Conclusion

IMF nowcasts established at the time of crisis are the
basis for IMF program conditions for countries that re-
quest assistance from the lender of last resort. Instead of
examining the IMF program efficacy, we investigate the
accuracy of these nowcasts that predicate IMF program
design in a dataset that is six times larger than the largest
previous study on the subject. We find that (real and
nominal) GDP growth and inflation nowcasts are ineffi-
cient in the full sample, a result driven by substantial bias
and inefficiency in LICs’ nowcasts. We show that these
inaccuracies are not a function of the nowcast horizon,
and document that GDP growth nowcasts have improved
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in recent years. In contrast, inflation nowcasts continue to
struggle with accuracy until recently. On the upside, once
the full sample is purged off hyperinflation countries and
LICs, the remaining forecasts for all variables are unbiased
and efficient.

Instead of documenting the uniform optimism in IMF
orecasts that had largely been accepted as a stylized fact
n the previous literature, we dissect the structure of now-
ast bias and inefficiency and highlight that only the most
ulnerable, low-growth recovering LICs are subject to ex-
essively pessimistic nowcasts. Nowcasts for fast-growing
ountries are excessively optimistic, overestimating the
peed of their recovery. Once purged of LICs, the remain-
ng sample exhibits no statistically significant optimistic
nd pessimistic bias. Our findings have important implica-
ions for LIC crisis countries. IMF conditionality based on
verly optimistic nowcasts may affect the likelihood that
he country can achieve the conditions and affect future
oan disbursements and program evaluation. In addition,
he nowcast bias may produce quantitative performance
argets that are impossible to reach. As the COVID-19 pan-
emic has raised the demand for IMF programs, improved
owcasts are thus more important than ever.
The dichotomy between countries that are optimisti-

ally or pessimistically assessed raises the question re-
arding the drivers of the inefficiency in IMF nowcasts.
e investigate the sources of nowcast inefficiencies by

ountry subsamples to highlight the factors that were
n the IMF forecasters’ information sets but were im-
roperly integrated into nowcasts. Each type of nowcast
GDP/inflation) and each subsample of countries
Full/LICs/hyperinflation) produces a different set of con-
itions and program types that were improperly inte-
rated into IMF nowcasts. Our work has been made pos-
ible through the merger of several IMF databases as well
s a comprehensive audit of the data, which was found to
nclude an inordinate amount of errors in the IMF MONA
atabase. This is noteworthy since the databases are the
asis of a substantial number of research papers.20
We leave for future research the pesky question as

to how researchers best forecasts recoveries. There exists
an important literature that notes that models do not
provide detailed recovery dynamics and researchers rely
instead on their forecasts on previous patterned recover-
ies. Loungani and An (2020) note the general tendency to
assume forecasts are V-shaped. When the V-shaped pat-
tern materializes forecasters are slow to update believes,
perhaps, for lack of guidance from the models? In future
research projects, we plan to investigate the shapes of
the recoveries associated with program countries’ crises
to understand how much of the forecast bias and inef-
ficiency is driven by patterned recovery forecasts rather
than predicted modeled recovery dynamics.
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20 A quick search produces over 2000 papers that have been pub-
lished based on IMF MONA database. Results of our audit and corrected
errors are documented in Appendix A.
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Appendix A. Supplementary data

Supplementary material related to this article can be
found online at https://doi.org/10.1016/j.ijforecast.2021.
12.007.
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