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Forecasting a macroframework, which consists of a potentially large number of macroeconomic variables and
accounting identities, is a useful analytical tool to present an underlying economic narrative and check the
narrative’s consistency. For example, forecasters can formalize a public-investment-driven growth story by
specifying the paths of public investment and GDP. They can support the story by adjusting private investment,
consumption, and imports based on assumptions about crowd-in/out, fiscal multiplier, and import leakage. With
the forecasts of the current account balance, they can check whether the path of gross national saving is
consistent with the story. Because of such flexibility and discipline imposed by the macroeconomic statistics,
macroframework forecasting is widely used in policy institutions, including international financial institutions and
individual countries.

However, macroframework forecasting is challenging since (1) forecasters often have information only on a
subset of variables, which they must use to forecast other less informed variables, and (2) they need to ensure
that all the accounting identities are satisfied. For example, forecasters often have prior information about GDP
and fiscal variables from consensus forecasts and government budget plans. Depending on the country,
forecasters might also be informed about other variables, such as commodity prices, oil production, tourists,
etc. However, it is rare for forecasters to be informed about all the macro variables, so they must extend the
forecast on a subset of variables to the rest, using the rule of thumb of stable GDP ratios, regressions with
hand-picked variables, etc. Typically, such an extension does not satisfy all the accounting identities, so
forecasters choose a variable to be residual and let it absorb all the forecast errors. When the residual looks
unreasonable, forecasters iterate the process to adjust the macroframework. Such an ad-hoc approach not
only incurs human error but also is resource-intensive since every time the GDP forecast changes, the impact
cascades to the entire macroframework, and forecasters need to repeat the entire process.

To tackle the challenges, this paper proposes a method to systematize macroframework forecasting. As an
input, forecasters provide the forecast on a subset of the variables and historical data (known variables). The
method generates the forecast for the rest of the macroframework (unknown variables) in two steps. First, each
unknown variable is forecasted using the known variables. Although OLS can do the task when the sample size
is large, we use elastic net since macroframework typically consists of a smaller sample size in the time
dimension than the number of variables. Second, the forecasts of all unknown variables are projected to the
space defined by the accounting identities. We restrict the accounting identities to be affine in this paper so that
the projection problem can be solved in closed form, and thus, the method can accommodate a large number
of variables.

The method integrates the two strands of literature, high-dimensional conditional forecasting and forecast
reconciliation of hierarchical time series. High-dimensional conditional forecasting via penalized regression has
been studied by Uematsu and Tanaka (2018) in the context of forecasting quarterly US GDP. Banbura et. al.
(2015) study the conditional forecasting of quarterly euro area macroeconomic and financial variables using
vector autoregressions (VAR) and dynamic factor model (DFM) based on Kalman filtering methods. Our first
step is a variant of the methods in the literature, but those papers do not consider the accounting identities in
the macroframework, so we complement the first step with a second step reconciliation. Forecast reconciliation
of hierarchical time series has been applied to quarterly Australian GDP by Athanasopoulos et. al. (2020).
Capistran et. al. (2010) forecast inflation using a variant of the reconciliation method. These papers, however,
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do not consider conditional forecasting. Unconditional forecasting is often not convenient in practice since
forecasters may want some variables to take a specific path and want the rest to be consistent with them. We
extend the reconciliation method of Wickramasuriya et. al. (2019) by allowing not only unconditional forecasting
but also conditional forecasting, so that the two strands of literature can be combined seamlessly.

To illustrate an example, we apply our method to French data in World Economic Outlook (WEQO). We forecast
18 real sector variables in the GDP expenditure approach using the forecast of 35 variables (GDP, fiscal
variables, and current account balance) and the historical data of all 53 variables. France is chosen since (i)
data quality, including the available sample size and the number of variables, is high, and (ii) government is so
large in the economy that fiscal variables can be expected to be informative about real sector variables. We
evaluate the performance of the proposed method against the WEO forecast using the five April vintages from
2016 to 2020. The result shows that the method generates smaller root mean squared forecast errors than
WEO forecasts by 20 percent on average. We provide another example of Seychelles in Annex 2 to illustrate
an application to a tourism-dependent economy.

Our results suggest that the proposed method can systematize macroframework forecasting, but caveats need
to be noted. The method relieves forecasters from agonizing over less-informed variables and allows them to
focus on supplying known variables and checking the resulting macroframework forecasts. There are, however,
two caveats to be noted. First, the method forecasts macroframework using historical correlation. Thus, the
Lucas critique (Lucas, 1976) applies, i.e., a new policy that moves variables in a way that has never been
observed can result in large forecast errors. If forecasters know the impact of such policy, they should embed
the knowledge in the known variables instead of relying on historical correlation. Second, the method uses the
forecasts of the known variables supplied by forecasters as inputs. Thus, if the inputs are not accurate, the
forecast of the unknown variables will be inaccurate. If forecasters have weak priors on some variables, they
should include them in the unknown variables to avoid spilling over to the rest of the macroframework. That
being said, as in the literature of conditional forecasting, forecasters can supply the path of known variables
that is not likely to happen but is policy-relevant for scenario analysis.

This section explains notation and describes the method in two steps. Since the method is more general than
the macroframework setting, we keep the terminology and notation general. We also omit the description of
data pre-processing in this section for simplicity and provide an example of data transformations in the section
of country example.

We denote the set of variables in the data by r and the constraints by (C, d). The data consist of m > 0
variables. Among them, k of them are called known variables, denoted by ¥, and have T + h samples, where
h is the forecast horizon. The rest m — k variables are called unknown variables, denoted by r*, and have T
samples.

u
r:(m—k)x1, kil x1, = [:tk]:m x 1. (D
t
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For ease of notation, we will denote the set of the unknown and known variables by u and k. The data do not
move freely and satisfy

C;ry = dg, )

where C; and d, are known (m — n) X m matrix and (m — n) x 1 vector. We assume that the submatrix of C,
that corresponds to the unknown variables has full rank so that redundant constraints, such as the constraints
that do not include unknown variables or those that differ only in the part corresponding to known variables,
have already been dropped. Thus, the number of free variables is n < m. We focus on a non-trivial case k < n,
since otherwise, the forecast of known variables and constraints can pin down the forecast of unknown
variables.

Table 1. Data Structure

Unknown variables Known variables
r:Tx (m—k) r®:(T+h) xk

' k'

r’zyl ’rTI,(,

k 1

Forecast NaN ¥,
k 1

NaN TT+n

Table 1 shows the relationship between known and unknown variables. Note that the known variables can be a
large object since they can include the lags of the variables. The objective of the method is to fill the shaded
NaN cells with the forecast 7, t = T + 1, ..., T + h such that the constraints are satisfied

S
c, [:tk]=dt, t=T+1,..,T+h 3)
t

2.1Step 1: Forecasting Each Unknown Variable

The first step of our method is to forecast unknown variables without imposing the constraints. There can be
many ways to do this step. One candidate is OLS or VAR if the sample size is sufficiently larger than the
number of predictors. In macroframework, however, the sample size in the time dimension is often smaller than
the number of predictors, especially in annual data. Forecasters can use quarterly data to mitigate the problem,
but they face trade-offs since many macroeconomic variables are only available in annual frequency.

To accommodate the situations where the sample size is smaller than the number of predictors, we use the
elastic net with time series cross-validation. ' Since the elastic net is an extension of OLS, the coefficients can
be compared with the values in the literature for a sanity check, although they cannot be interpreted as

" The algorithm is available in the scikit-learn package of python. An alternative method is dimension reduction such as conditional
factor models as surveyed in Gagliardini et. al. (2020). We leave the horse race for future research.
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causality. The elastic net is also an extension of the Lasso and ridge regression. As the Lasso, the elastic net
learns a sparse model so that many coefficients are estimated to be zero. The elastic net inherits the stability of
ridge regression when the predictors are highly correlated. Time series cross-validation is adopted to mitigate
overfitting and maintain the time series structure in estimation.

More specifically, the algorithm minimizes the cross-validated mean squared error subject to L, and L,
penalties. Since the penalization is not scale-invariant, the data are standardized.

T T
T = fe— B Hi, W = l E Tit, o; = —1 E (rye — )?, i=1,..,m, t=1,..,T. 4
: o; LT - T-1 4 :

T= T=

This step applies to all the variables that are not constant over time. For constant variables, the constant values
themselves become the forecast. For each i € u, the parameters solve

T k k

A A A 1

(BGTAGT,AGT) =  argmin  TSCV (;Z(r-;; Bl ek BT+ ) B+ 2, ) ﬁ3>, ®)
B=(B1,Br)A1,A2 =1 = =

where (i, T) indicates that the parameter is for i € u and estimated using data up to T, and TSCV means time
series cross-validation in which successive training sets are supersets of those that come before them, as
visualized in Table 2.

Table 2. Time Series Split

Cross Validation
iteration

Time dimension

We set the number of folds in the cross-validation to be five, which is the default parameter value of the scikit-
learn package in Python. Thus, the last five observations become the test set by turns. The objective is to find
the set of parameters (B, 1;, A,) that minimizes the mean of the errors across the folds. The estimated
coefficients are used to construct the first step forecast for the standardized variables

7= By (6, T)7E + - + B (i, T)TK, t=T+1,...,T+h (6)

The first step forecast 7} can be obtained by transforming the standardized forecast 7j; back to the original
scale.

ft =w+ofy, i€u, t=T+1.,T+h %)
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It is possible that the elastic net chooses £, (i, T) = 0 for all k, in which case the forecast is the historical mean
7% = y;. The forecast of the known variable remains the same #* = r/*. Note that the first step forecast #, does
not necessarily satisfy the constraints (3).

2.2Step 2: Forecast Reconciliation

The second step ensures that the constraints (3) are satisfied by projecting the first step forecast #* on the
space defined by the constraints. Fixt =T + 1, ...T + h. Given the first step forecast 7;, the second step
forecast 7, solves

~ N S C,F=d,
fi = arg min E(“_T)W 1(#, —7) s.t. {fk=7”tk' (8)

r= f-k
where the weight matrix W is an estimate of the one-step-ahead first step forecast error W = V. (f4q — 17,4),
and r7,, is a random variable representing the true value that is unobservable at time T. The weight implies
that the smaller the forecast error of the first step forecast #} is, the closer the second step forecast 7} is to the
first step forecast #;}. Intuitively, the variables with small forecast errors are used to forecast the rest of the
variables through the constraints. Geometrically, the solution 7, is a point in the space, defined by the
constraints {# € R™: C,# = d,, #* = r¥}, that minimizes the distance to the first step forecast 7;. 2

This formulation is similar to the method proposed by Wickramasuriya et. al. (2019) but differs in two aspects.
First, Wickramasuriya et. al. (2019) show that the optimal weight that minimizes the trace of the forecast error
covariance matrix X, Vr (1, — 17:) is forecast-horizon-dependent W, = V;(f, —1.),t =T + 1,...,T + h. * They
note, however, that it is challenging to estimate more than one-step-ahead forecast error in practice t > T + 1
and propose a simplifying assumption W, = k., W,,, where k, is a scalar that depends on the horizont =T +
1,...,T + h. Since the constant k, does not change the solution of (8), we use an estimate of W;,, as the
weight. Second, the constraints fix the known variables #* = r/*. This additional constraint is the main
difference from Wickramasuriya et. al. (2019) and enables the forecast reconciliation technique to be naturally
extended to conditional forecast.

We simplify the problem (8) by substituting out the known variables. Let U, and K, denote the transpose of
(m — k) x m and k x m submatrices of the constraint matrix C, that correspond to the unknown and known
variables, i.e., C, = [U,’ K{]. Let W denote the (m — k) x (m — k) submatrix of the weight matrix ™ that

corresponds to the unknown variables. By substituting #* = ¥ and noting #¥ = r/¥, the problem reduces to

1
* = arg minE FH = FY WL — 74) s.t. U + K{rF = d,. 9)
ru

2 The formulation also assumes that there are no inequality constraints. Wickramasuriya et. al. (2020) propose an optimal non-
negative forecast reconciliation, although it may incur some bias.

3 The formulation assumes that the 1% step forecast is unbiased. Taieb and Koo (2019) propose a method without the assumption,
although it is more computationally complex.
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The weight matrix W is constructed by shrinking the sample covariance of forecast errors. Let T, denote the
number of forecast errors. Applying the first step to the subsamples leads to

=+ ot — DFE + -+ B (L, t —DFE},  i€ew  t=T-Typ+1,..,T. (10)
Note that £(i, t — 1) means the coefficient for i € u estimated using the subsample up to t — 1. Thus, the steps

1and 2 run (T;, + 1) X u regressions in total, and all the forecast errors are from out-sample forecasts. The
sample covariance matrix of the forecast errors is

AU ! u 1A T
R TT_rip+1 — TT—Tj+1 1
V= (e—-ee-eo, é= : , e= 17 w1 F* =), (11)
Timn—1 aul u’ Ty
AR —rf t=T-Tin+1

The sample covariance matrix ¥ can be full rank when T;,, is large. In macroframework, however, the sample
size in the time dimension is often smaller than the number of predictors, especially in annual data. Thus, as in
Wickramasuriya et. al. (2019), we retain full rank by shrinking the sample covariance matrix 7

T ~ N . V(o::
wW=2A- diag(V) +(1-21)- diag(V), 1= Zlij (:[;l])
Ziijpij

(12)
where diag(l?) is a matrix where diagonal elements coincide with V7 and off-diagonal elements are 0, and 1 is
the shrinkage parameter developed by Shafer and Strimmer (2005) with p and V(p) defined by*

1 N Tin(z(Dz)’(z@Z)_ pOp

z={diag(V)} (¢ ~0), p=g—7z V@)= (T, — 1) T (T, — 1)

(13)

The symbol © denotes Hadamard product.
Given the weight matrix W, we can solve the second step forecast 7, in closed form as in Theorem 1. The
closed-form solution allows a large number of variables to be reconciled in the second step and makes the two

steps amenable to a high-dimensional environment.

Theorem 1. Suppose U, and W are full rank. The second step forecast #:* defined by (9) can be written as

=72 — WU, (UWU,) ™ (C,F, — dy). (14)

Proof. See Annex 1.

4 Each element of the matrix V(p) can be written as

2
T T
] T, . [1
V) =7~ > () _<ﬁ > Zﬂn) :

t=T—Tip+1 T-Tin+1



IMF WORKING PAPERS Systematizing Macroframework Forecasting

In this section, we discuss an application of our general framework. To illustrate the application in a simple
example, we forecast one-year ahead GDP expenditure approach subcomponents conditional on fiscal
variables and a few headline variables such as GDP and external balance. The forecasts of these conditional
variables tend to be more available to forecasters than the unknown variables thanks to government budget
plans, consensus forecasts, and other sources. Thus, the example illustrates how an agnostic forecaster, who
does not have much country-specific knowledge, can apply the general framework.

In practice, however, forecasters should use their country-specific knowledge to determine the known variables
and supply their forecasts. For example, the forecast of tourists might be informative for tourism-dependent
economies, the forecast of commaodity prices and production plans might be informative for commodity-trading
economies, and the construction schedule of infrastructure might be informative if the economic impact is
expected to be large. Annex 2 provides an example of a tourism-dependent economy, estimating contributions
to Seychelles’ GDP conditional on services exports.

3.1Data

We use French data retrieved from World Economic Outlook (WEO). The IMF publishes the WEO data which
contain historical data and forecasts up to five years ahead. Individual country team in the IMF produces each
country’s data based on available information, including official statistics, consultation with the country
authorities and private-sector experts, and the team’s own analysis. The data are then checked for internal
consistency by a dedicated team, including accounting identities. We choose French data because (i) a rich set
of variables is available, and (ii) the size of the government is the largest among the economies with rich sets of
variables. Thus, fiscal variables can be expected to be informative about the behavior of the economy.

Table 3 summarizes the list of variables that we use for this exercise. The known variables before including
lags consist of 2 types of GDP, 4 GDP subcomponents that are related to government, 28 fiscal variables, and
1 external current account balance. The variables starting with N denote national accounts, G denote
government finance statistics, and B denote balance of payments. We include all variables that start from G,
reflecting our agnostic approach. The unknown variables are 18 subcomponents of the GDP expenditure
approach that are not directly related to the government. In total, 53 variables are used in the analysis. The
national accounts variables in WEO are restricted to be GDP expenditure approach, but forecasters can
include the variables from production and income approaches, which can be useful when the path of a specific
industry or worker-specific subsidies play an important role as in the COVID-19 pandemic.

Note that the list contains not only the most disaggregated variables but also their aggregates. As
Wickramasuriya et. al. (2019) note, aggregated data tend to have a higher signal-to-noise ratio than highly
disaggregated data in general. It is reasonable to believe that this is also the case with macroframework. For
example, those who report the statistics may misclassify consumption into investment, which could result in
volatile GDP subcomponents and stable aggregates. Thus, we include variables from various levels.
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Table 3. List of WEO Variables

Unknown variables

Known variables before adding lags

National accounts

National accounts

Fiscal

External

NC: final consumption
expenditure

NCP: private final
consumption

NFB: foreign balance
(net exports)

NFI: gross fixed capital
formation

NFIP: private gross
fixed capital formation
NGS: gross national
saving

NGSP: gross private
national saving

NI: gross capital
formation

NINV: changes in
inventories

NIP: private gross
capital formation

NM: imports of goods
and services

NMG: imports of goods
NMS: imports of
services

NSDGDP: discrepancy
between GDP and its
components

NTDD: total domestic
demand

NX: exports of goods
and services

NXG: exports of goods
NXM: exports of
services

NCG: public final
consumption

NFIG: public gross
fixed capital formation
NGDP: gross
domestic product
NGDP_R: gross
domestic product,
constant price
NGSG: gross public
national saving
NIG: public gross
capital formation

GCXCNL: central government net lending/borrowing

GGAAN_T: general government net acquisition of nonfinancial
assets

GGCB: general government cyclically adjusted balance

GGCBP: general government cyclically adjusted primary balance
GGDS: general government debt service

GGE: general government expense

GGECE: general government expense: compensation of employees
GGEEC: general government expense: expense not elsewhere
classified

GGEGS: general government expense: purchases/use of goods &
services

GGEI: general government expense: interest

GGES: general government expense: social benefits

GGESS: general government expense: social benefits: social
security benefits

GGR: general government revenue

GGRO: general government revenue: other revenue

GGROPI: general government revenue: other revenue: interest
income

GGRS: general government revenue: social contributions
GGRSS: general government revenue: social contribution: social
security contributions

GGRT: general government revenue: taxes

GGSB: general government structural balance

GGSBP: general government structural primary balance

GGX: general government total expenditure

GGXCBN: general government net operating balance

GGXCNL: general government primary net lending/borrowing
GGXCNLXS: general government net lending/borrowing excluding
social security schemes

GGXONLB: general government primary net lending/borrowing
GGXWDG: general government gross debt

GGXWDGCD: general government gross debt in domestic currency
GGXWDN: general government net debt

bca: balance on
current account
defined by
multiplying
BCA_BP6
(balance on
current account in
U.S. dollar
according to
Balance of
Payments
Statistics Manual
6'" edition) by
ENDA (exchange
rate, national
currency units per
U.S. dollar period
average)
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To assess the performance, we use seven years of WEO vintages from 2016 April to 2022 April. We choose
these vintages since the same set of constraints can be imposed on the same set of unknown variables. The
number of known variables increases over time. The sample starts from 1980 in all the vintages. Each vintage
contains historical data available as of April. As of 2022, French quarterly national accounts are published with
a two-month lag for the first estimate and a three-month lag for the detailed figures. The performance of a
forecast in a year is assessed using the same year’s value in the next year’s vintage.

3.2 Accounting Identities

We consider 11 constraints. Since the constraints are time-invariant, we drop the time subscript. The GDP
expenditure approach equation gives seven constraints.

NGDP = NCG + NCP + NIG + NIP + NXG + NXS — <NMG + NMS) + NSDGDP. (15)
NC NI NX NS
NTDD NFB

We do not include the real version of the equation since chain-linked volumes are not additive. Investment can
also be divided into gross fixed capital formation and changes in inventories. The former can be written as the
sum of private and public subcomponents.

NI = NFI + NINV, NFI = NFIG + NFIP. (16)

Gross national savings can be written as the sum of investment and current account balance or the sum of
gross national private and public saving.

NGS = NI +bca,  NGS = NGSG + NGSP. (17)

3.3Variables to Forecast

Instead of forecasting the unknown variables in level, we forecast their shares in GDP. It is typical to forecast
normalized series in practice for cross-country comparison. In this example, we forecast the unknown variables
shares of GDP. One can forecast the levels directly, although a rule of thumb is to transform data into
stationary series. As Hyndman and Athanasopoulos (2021) note, spurious regression generally will not
continue to work into the future even though it might appear to give reasonable short-term forecasts. In general,
the performance of a forecasting method could change depending on the transformation.

3.4Step 1: Forecasting Each Unknown Variable

In step 1, most variables are normalized by GDP and differenced. Nominal and real GDPs are transformed into
growth rates. All other variables are normalized by nominal GDP and then subtracted by its one-year lag to
remove trends. We do not use growth rates for all variables since some variables take zero or negative values,
including the current account balance. An alternative transformation is the contribution to GDP as in Annex 2.
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The number of folds in the cross-validation uses the default value, s = 5. Thus, the elastic net selects the
model that minimizes the forecast error for the last five years. We include the lags of all variables to capture
delayed responses, such as the impact of government expenditure on investment. The number of lags is
chosen to be two, following the format of the selected economic indicators table in France Article IV
consultation staff report. (IMF, 2021) Thus, the number of variables used in the elastic netis 159 = 53 x 3, of
which the number of unknown variables is 18 and that of known variables is 141. The number of forecasts uses
the same number as the cross-validation T;,, = s = 5, so the elastic net is applied 108 = 6 x 18 times in total.

The first step forecast 7 is obtained by un-differencing the output from the elastic net. We apply the elastic net
with time-series cross-validation to the differenced series and obtain the first step forecast of the unknown
variables’ shares of GDP by reverting the differencing. The differencing can be reversed by adding the
previous year’s observation. The un-differencing simplifies the constraints in the second step by making them
time-invariant, but one can instead keep the differencing and impose time-variant constraints.

3.5Step 2: Forecast Reconciliation

The second step forecast 7 is obtained by projecting the first step forecast of the unknown variables’ shares of
GDP # on the space defined by the constraints. Note that the constraints for the shares of GDP are affine and
time-invariant. For example, the GDP expenditure approach equation becomes

NTDD N NFB N NSDGDP
NGDP ' NGDP ' NGDP

(18)

The second step forecast 7 reflects the information of known variables r* and satisfy all the accounting
identities.

3.6 Performance Assessment

The forecast performance is assessed using the root mean squared error (RMSE). Let 7#* be the second step
forecast of unknown variables for year t. Forecast error is the difference from the true value ", which is defined
as the year t observation of year t + 1 vintage. For example, the true value of a variable for 2016 is the 2016
observation in 2017 vintage. Although it is possible that the data are further revised in later vintages, we use
the one-year ahead vintage so that the forecast and true value maintain the same time lag for all years. Each
unknown variable’s forecast error is aggregated over vintages using RMSE, and each forecasting method is
summarized as the mean RMSE over the variables.

2021 [ul
1 1
RMSE(P) = |2 Z (FY -1, i€u,  RMSE(F) = ﬁz RMSE, (), (19)
u i=1
where |u| is the number of unknown variables.

For comparison, we calculate the RMSE for three other methods. First, the main benchmark is WEO forecast
rWEO Second, we use the first step forecast # to assess the improvement due to reconciliation in the second
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step. Third, we use true values r*, i.e., the same years’ observation in one-year ahead vintage, to construct the
in-sample forecasts. Although the third method is an in-sample forecast and uses the information that is not
available to forecasters, it is expected to give the lower bound of forecast error. The performance of each

A

method is measured by replacing # with r£9, # and #* in (20).

Figure 1 shows that the second step forecast # improves WEO forecast by around 20 percent. The mean
RMSE of WEO forecast r£9 is around 0.0154, the first step forecast # is around 0.0145, the second step # is
0.0123, and the second step with true values 7#* is 0.0121. Essentially, the second step forecast  improves
WEO forecast r"E° by around 20 percent on average. The result suggests that the method not only reduces
burden for forecasters but also can result in performance gain.

Figure 1. Mean RMSE of Four Forecasting Methods

016 |

0.014 -

0012 -

0010 ~

0008 -

0.006 -

004 -

0.002 -

0.000 -

F: 2" step (true) © 2™ step F: 15 step e WED

The chart shows mean root mean squared error for four forecasting methods: WEQ forecast, 15 step
forecast, 2" step forecast, and 2™ step forecast conditional on true values. The 2" step forecast improves
WEO forecast by around 20 percent on average.

The difference in performance, however, is not uniform. Figure 2 shows the RMSE for each unknown variable’s
share of GDP. The second step forecast 7 tends to improve WEO forecast r"£° for domestic variables, such as
consumption and investment, more than external variables, such as imports of services. Since the current
account balance is the only known variable related to external sector in this exercise, the result suggests that it
might be useful to include more external sector variables, such as commodity prices, other countries GDP
growth, etc. Annex 3 shows the forecast error of each unknown variable over time. One can see that the
second step forecast error and WEO forecast error behave similarly for most variables and years, although the
performance of several variables diverge in 2020.
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Figure 2. RMSE of Unknown Variables
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The chart shows the root mean squared error of each unknown variable. The 2" step forecast improves the
WEO forecast for most unknown variables.

The country example in section 3 suggests that the method can be useful for many other situations related to
macroframework forecasting. The country example described GDP expenditure approach subcomponents, but
accounting identities constrain GDP production and income approaches as well as all other macroeconomic
statistics (price, fiscal, external, monetary, etc). Thus, the method can be scaled up to the macroframework of
an entire economy. The country example also uses only one economy, but all economies are constrained by
trade and financial linkages. For example, the sum of all economies’ current accounts equals zero, and the sum
of all countries’ financial liabilities equals the sum of financial assets minus monetary golds, up to statistical
discrepancies. Thus, the method can be scaled up to the macroframework of the entire world if ample data are
available.

However, there are some caveats. Since the first step forecast uses historical correlation, the Lucas critique
(Lucas, 1976) applies, i.e., a new policy that moves variables in a way that has never been observed can result
in large forecast errors. Also, note that the coefficients in the first step should not be interpreted as causal
effects. If forecasters know the impact of such policies, they should embed the knowledge in the known
variables instead of relying on historical correlation. This also applies to non-policy shocks that move variables
in an unprecedented manner. When there is a structural break in historical correlation, that year’s forecast error
is likely to be large due to overfitting. From the next year, the time series cross-validation in the first step avoids
overfitting, and the large forecast error is reflected in the weight matrix, so the value of historical data is
discounted.
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The method could perform poorly when the forecasts of known variables are inaccurate. Biased forecasts on
the known variables will bias those on the unknown variables especially when the known variables have been
informative in the historical data. If forecasters have weak priors on some variables, they should include them
in the unknown variables to avoid spilling over to the rest of the macroframework. Forecasters, however, may
want to specify the known variables’ forecasts that are not likely to happen but are policy-relevant for scenario
analysis. Forecasters can also reflect the uncertainty on the known variables by specifying the distribution of
known variables, randomly drawing a sample from it, and applying the method to obtain the forecasts of the
unknown variables.

We have proposed a method to forecast macroframework in a systematic manner. We proposed the method in
a general framework and applied it to the context of forecasting macroeconomic variables of France using
WEO data. The result suggests that combining high-dimensional conditional forecasting and forecast
reconciliation of hierarchical time series can accommodate a large number of variables, systematize the
macroframework forecasting, and improve the WEO forecast.

The analysis motivates future research in various directions. Extending the general framework to other
situations, such as multilateral consistency, is an interesting application. Applying the framework to mixed-
frequency data could improve macroframework forecasting by incorporating the information from higher
frequency data and insights from nowcasting literature. Another direction is to extend the general framework by
allowing log-linear constraints since some macroeconomic accounting identities take the shape of
multiplication. One may also apply the framework conversely to search important variables. We leave these
topics for future research.
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Set the Lagrangian
L= %(fg‘ — FYWLFE — 7)) + p' (U + Kirf — d)).
Taking the derivative with respect to #* leads to
WiFr—) —Upu=0= = 7%, — WU,

Multiplying both sides by U/ and using the constraint give

Ui = Ut — UWU,pu = d, — KTk,
Since U, and W are full rank, U;W U, is invertible. Thus, the Lagrange multiplier is

w=(UWU) " (Ui + Kirk — d) = (UWU,) " (CF, — dy).

Substituting the Lagrange multiplier back to the first-order condition gives

= 72— WU, (UWU,) " (Cf — d).
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This section shows an alternative country example using Seychelles, a tourism-dependent economy with a rich
set of variables. The example shows that the 2" step forecast is comparable with the WEO forecast for
national accounts variables related to domestic activities and improves the WEO forecast for those related to
external activities.

Seychelles’ example uses the same WEO vintages as France and a smaller number of variables. The list of
variables used in the analysis is provided in Table 4. We replace fiscal variables with exports of services which
include inbound tourism. The private and public breakdown of gross national savings is dropped since they are
not available in the WEO database. We also drop real GDP so that normalization by nominal GDP gives a
natural interpretation.

Table 4. List of WEO Variables
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The object to forecast is contributions to GDP. Specifically, let y;; denote ith variable. The contribution of ith
variable to nominal GDP is defined as

Yit — Vit—1

= . 20
Tit NGDPt_l ( )
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We apply this transformation to all variables including nominal GDP itself, in which case contribution coincides
with growth rate, and known variables that are not constrained by the accounting identities.

The accounting identities for the contributions remain linear. For example, the GDP expenditure approach
equation, analogous to (18) can be expressed as

NTDD, = NTDD,_,  NFB, =~ NFB,_, NSDGDP.—NSDGDP,, NGDP,—NGDP, _ @n
NGDP,_, NGDP,_, NGDP,_, NGDP,_, -

The result suggests that the 2™ step forecast # improves the WEO forecast mainly through the variables
related to external activities. The left chart of Figure 3 shows the mean RMSE. The order of estimators is
similar to Figure 1, but the gain from conditioning true values is larger. The right chart shows that the 2" step
forecast 7 improves the WEO forecast mainly through the variables related to external activities. Imports and
exports, as well as their breakdown into goods and services, are improved. In contrast, the WEO forecast
performs better for the variables related to domestic activities such as consumption and investment.

Figure 3. Mean RMSE of Four Forecasting Methods (Left) and RMSE of Each Unknown Variable (Right)
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The left chart shows mean root mean squared error for four forecasting methods: WEQ forecast, 15 step
forecast, 2" step forecast, and 2™ step forecast conditional on true values. The 2" step forecast improves
WEO forecast by around 15 percent on average. The right chart shows root mean squared error of each
unknown variable. The 2™ step forecast improves WEO forecast for the variables related to external
activities.
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One-year ahead forecast error of unknown variable over year 1/3
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One-year ahead forecast error of unknown variable over year 2/3
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One-year ahead forecast error of unknown variable over year 3/3
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