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Abstract

We pool a large data set of business cycle indicators to produce Nowcast of contempo-
raneous GDP growth. We also conduct Nowcast using factors for a restricted subset of the
indicators. Using an AR(7) benchmark to compare the forecasting performance of both Now-
casts, we conclude that only the Nowcast with pooling outperforms this univariate model. The
Giacomini and White (2004) test is employed to evaluate the out of sample forecasting perfor-
mance of the pooling compared to the AR(7). In general, results indicate that a rich data set
approach can provide valuable predictions about GDP behavior for the immediate future.
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1 Introduction

While real time assessment of the state of the economy as well as forecast of its future path are
key for the conduct of monetary policy, the main source of information on economic activity are the
national accounts, which are released on a quarterly basis.

Recent advances in the forecasting literature, focused on working in a rich-data environment
could be very helpful to deal with this problem.? Here we will concentrate on two strategies de-
veloped to profit from the availability of a large number of business cycle indicators to improve
forecasts: Factor models and forecast pooling (see Stock and Watson, 2006). Both have proved to
deliver good results in terms of forecast accuracy.

Rich data sets can also be profited from at different frequencies during the quarter. In fact, a
large data set of daily, weekly and monthly indicators are in general available to predict GDP within
the quarter, what is known as Nowcast in literature. This approach is "real-time" because the
estimate for current quarter GDP growth can be updated using the flow of conjunctural information
as new data become available. Early forecast of GDP is particularly important, taking into account
that official GDP figures for a specific quarter are released around 10 weeks after it ends.

Using a large set of daily, weekly and monthly business cycle indicators we construct a pooling
and conduct a Nowcast exercise of GDP growth. In the case of data based contemporaneous
GDP growth Nowcast, we assess the information content of these indicators in terms of the im-
provement they produce in forecast accuracy when sequentially added to the information set used
to estimate current GDP growth. Individual estimations are combined using R-squared values of
fitted models, which appears to be a plausible weighting method when prediction is based on es-
timated fitted values. We compare the performance of this combination against an AR(7) model
used as a benchmark.

We additionally conduct a Nowcast exercise with factors using a subset of the selected busi-
ness cycle indicators. We estimate factors through principal components techniques as introduced
by Stock and Watson (2002a).

Using the Giacomini and White (2004) approach we also evaluate the out of sample predictive
performance of the pooling to forecast GDP growth compared to the AR(7) as the natural bench-
mark. This test focuses on conditional predictive ability, comparing rival forecasting methods in
terms of today’s accuracy to produce forecast for the near future.

The paper is organized as follows. Section 2 briefly describes the new developments in the
forecasting literature related to working on a rich data environment. Our empirical approach and
the results obtained from the Nowcast exercise are presented in section 3. We conduct an out of
sample forecast exercise in section 4. Finally, section 5 concludes.

2 Methodology: Forecasting in a rich data environment

Causal econometric models often provide a satisfactory representation of the data-generating
process (DGP) in terms of the behavior suggested by economic theory. These models do how-
ever tend to perform poorly when forecasting relevant time series, compared to simple devices.

'See in this respect Timmerman (2006).



One reason for this is that the latter tend to respond better to unanticipated changes in the data-
generating process, given their intrinsically adaptive nature.

In recent years the forecasting literature has progressed in several directions in order to deal
with these difficulties. Models employing a large number of predictors to forecast are now widely
used. These models were developed in two avenues:

(i) Forecast pooling, which combines a considerable number of models using different weighting
criteria.

(i) Factor models, which make it possible to find summarized measures of the variability of a
large number of relevant business cycle indicators.

In the first case, the path chosen aims to preserve the causal models and eventually to achieve
better forecasts by expanding the group of predictors. In the second, a large set of business cycle
indicators is considered, and by means of multivariate statistical techniques, a reduced number of
factors -that explain a significant portion of their variability- underlying those series is extracted.
Empirical evidence indicates that these variables add relevant information to explain the variability
of the predicted variable.

2.1 Nowecast using pooling

Nowcast of a given economic indicator y; implies conducting contemporaneous assessment of
incoming information to produce continuous updates of forecast -as flows of conjuntural information
become available. Nowcast uses a wide variety of xz; indicators and their bivariate relationships
with y; to predict it within the quarter.

It can be performed using bridge equations, linking monthly data released within the quar-
ter with quarterly data. These individual-indicator forecasts are then aggregated using different
weighting criteria to obtain an overall forecast of ;. Individual autoregresive distributed lag models
are estimated for each indicator and their fitted values are combined to produce a prediction of y;
for the current period. Although alternative procedures for combining individual bivariate forecasts
are available, the use of weights based on in-sample relative explanatory power (R?), seems as a
plausible way to produce Nowcast.

The Nowecast procedure using bridge equations and pooling works as follows: (i) selects the
most recent data available by indicator, (ii) estimates the bivariate equation based on the last
data available by indicator, (iii) produces a forecast by indicator and (iv) combines the individual
forecasts according to their explanatory power. One of the benefits of this approach is that the
regressions do not use forecasts of the independent variables.

As stressed in the literature, the combination of forecasts provides advantages at various levels:

(i) Forecast combinations provide diversification. Intuitively, when there is a quadratic loss func-
tion, even if one of the models outperforms another in terms of predictive power, by generat-
ing a lower loss, a linear combination could be preferable.?

2For a detailed view of the advantages of combining forecasts, see Hendry and Clements (2002), Marcellino (2002)
and Timmermann (2006).



(i) In the case of economies subject to structural changes, forecast combinations offer better
predictions than individual models. In general, the speed at which models adapt to structural
changes tends to differ. In such an instance, combination of models with different adaptability
to changes could improve on individual models forecast.

(iii) Forecast combination could be seen as a way of making forecasts more robust in the face
of specification bias and variable measurement errors in individual forecasts. For example, if
two forecasts have different biases, in opposing directions, it is easy to see that a combination
of both could generate an improvement in the forecast.

(iv) As stressed by Clements and Hendry (2006) forecast pooling can help dealing with structural
breaks. In fact, they propose a battery of forecasting models that take into account break
points in the mean and changes in deterministic trend.

The pooling or combination of forecasts implies combining two or more forecasts derived from
models that use different predictors to produce a forecast. This technique was originally developed
by Bates and Granger (1969), and the basic idea is as follows:3

Let {Y;+yn,i=1,....,n} be a panel of n forecasts at time ¢ for the t + L period of a target
variable Y. The combined forecast or forecasting pool will be given by the linear combination

Yiine =wo+ Z WitY5 ¢4 h)e
=1
where w;; is the weight of the i** forecast in period t.

Bates and Granger (1969) show that the weights that minimize the root mean squared forecast
error (RMSFE) are given by the projection to the population of Y, , ;,|; in a constant and the individual
forecasts. Frequently the constant is omitted, and by imposing > w;; = 1 it is determined that if

=1
each of the forecasts is unbiased, so is Y, ;- As long as none of the forecasts is generated by the
real model, the optimal combination of forecasts spreads the weight over a multiple combination
of forecasts. The minimum RMSFE combining those forecasts will be variable over time if the
variance and covariance matrixes for (Y, {Y;4n}) change over time.

In practice, optimal weightings are not viable because the variance and covariance matrixes
are unknown. Granger and Ramanathan (1984) propose estimating weights using minimum least

squares or restricted least squares, if wop = 0 and Y w;; = 1 is imposed, although if n is large
i=1
it is expected that estimates will perform poorly, simply because by estimating a large number

of parameters, uncertainty is introduced into the sample. If n is proportionate to the size of the
sample, the O LS estimator is not consistent, and the combinations that use it are not asymptotically
optimum. For this reason, research into combination or pooling of forecasts has concentrated on
imposing greater structure to the combination of forecasts. Among several weighting techniques
we use the following two:

(i) Weights based on in sample relative explanatory power (R?): which combines forecast ac-
cording to the strength of the estimated past relationship between each indicator and GDP growth.*

3A detailed description of forecast pooling techniques and the principal developments contained in this literature can
be found in Stock and Watson (2006), and in even greater detail in Timmerman (2006).
4See Kitchen and Monaco (2003).



R?

)

w; = Py
>R
j=1
where j = 1, ....n are the monthly indicators considered to forecast GDP growth.

(i) Weights based on out of sample performance (RMSFE): In this case the combined forecast
is constructed assigning weights which are inversely related to individual forecast RMSFE

T+h
A 2
-1 Z (yi,t - yt)
; t=T+1
Wit = — € where my = .
-1
> my,
J=1

2.2 Nowcast using factors

Nowecast can also be conducted through the estimation of common factors from a large set of
monthly data and subsequently using them as regressors for GDP -as proposed by Giannone,
Reichlin and Small (2005).

The idea underlying the use of Dynamic Factor Models is that covariance between a large
number of n economic time series with their leads and lags can be represented by a reduced
number of unobserved ¢ factors, with n > ¢. Disturbances in such factors could in this context
represent shocks to aggregate supply or demand.

Therefore, the vector for n observables in the cycle can be explained by the distributed lags of
g common factors plus n idiosyncratic disturbances which could eventually be serially correlated,
as well as being correlated among i.

Given a vector of n stationary monthly indicators time series x; = (214, .....xn¢), Witht = 1, ... T,
the vector for n observables in the cycle can be explained by the distributed lags of ¢ common latent
factors plus n idiosyncratic disturbances which could eventually be serially correlated or correlated
among the i's

Xit = Ni(L)fi 4w (1)
Where f; is a vector ¢x 1 of unobserved factors, A is a ¢x 1 vector lag polynomial of dynamic factor
loadings and the u;; are the idiosyncratic disturbances that are assumed to be uncorrelated with
the factors in all leads and lags, that is to say E(fiu;:) =0V i,s.
The objective is therefore to estimate E(y; | X;) modeling 3, according to

yr = B(L)fr + e (2)
If the lag polynomials A; (L) in (1) and 5 (L) in(2) are of finite order p, Stock and Watson (2002a)
show that the factors f can be estimated by principal components.
If we define quarterly GDP as the average of monthly latent observations th = (Yyt+yi—1+yi—2)
and we obtain quarterly factors ftQ from these observations, we could use the bridge equation

59 = B(L)F2

to produce Nowcast of GDP within the quarter.

5



3 The nowcasting exercise

3.1 Our empirical approach

The data comprises a broad set of 55 economic indicators ranging from financial indicators to tax
collection data, business surveys, disaggregated data on industrial production, use of energy at
the industry level and cars sales.® The sample used to estimate models is 1993:QI-2004:Ql. We
perform Nowcast and out of sample forecast for the period 2004:Q2-2007:QlIV.

Series were seasonally adjusted when needed, de-trended or differenciated to make them
stationary and finally log transformed.

In order to produce Nowcast, we estimate autoregressive distributed bivariate models with four
lags of GDP for each of the corresponding business cycle indicators.

4 4
Y=o+ Zaiyt—i + Zﬁﬂjt—z‘ + €
i=1 i=0

Where y is real GDP growth and z; corresponds to the 4" indicator calculated at a quarterly
rate as to make it homogeneous with output.

Following Drechsel and Maurin (2008) we estimate simple models regressing GDP growth on
individual indicators. This procedure helps to reduce the problem of over-fitting and poor forecast
performance.

Models were specified as to ensure white noise, homoskedastic and normally distributed resid-
uals. Although very simple, models fit the data very well.® This is a promising property of models
estimated for forecasting purposes, since it is highly probable that combining them would produce
good out of sample forecast.

The Nowecast procedure is based on updating predictions according to incoming information.
Given the diversity in the publication lags of the different indicators, the series are merged into
three groups and converted to a quarterly basis to sequentially update the prediction of GDP for
the current quarter.

The Argentine Institute of Statistics releases the official figures of quarterly GDP 10 weeks
after the end of the respective quarter. Figure 1 describes the sequential updating scheme of data
releases of both, monthly indicators used to predict and quarterly GDP. As can be seen from the
figure, six weeks after the beginning of the quarter a first Nowcast release for the quarterly GDP is
available. This Nowcast is afterwards updated with the incoming information every fortnight.

®See Table A.1. in Appendix I for details.
6See Table A.2. in Appendix | for details on models.



Figure 1: Sequential updating scheme of data releases for monthly indicators and GDP
Date 15/02/2007 28/02/2007 15/03/2007 31/03/2007 15/04/2007 30/04/2007 15/05/2007 31/05/2007 15/06/2007
1 1 ] ] 1 1 ] ] ]
I I I I I I I I I
Available GroupBLRjani®bs) Group@Rjankbs) GroupBAHfeb®bs) GroupBLAfebbs) Group@Emardbs) Group@Fmaridbs) GroupBLHapribbs) Group@AFapridbs) GroupBLEmaymbbs)
Dat GroupR2HFdecibs) Group2{janibs) Group@2{janibs) GroupR(febibbs) GroupR(febRbs) Group@2{maribs) Group2{maribs) Group@2HFapridbs) GroupR2Fapridbs)
ata GroupBHFdecibs) GroupBFdecibs) GroupB{janbs) GroupBFjanibs) GroupBfeb@bs) GroupB{feb®bs) GroupBFmaribs)  GroupBEmarbs) GroupBFapridbs)
122007
Nowcast 12007 12007 122007 12007 12007 12007 112007 112007
112007
Official Fist@uarter
releases official@elease




3.2 Results

In Table 1 we present the sequentially updated predicted values of GDP growth and their perfor-
mance measured by the absolute value of the difference between actual and fitted values. It can
be seen from the table that Nowcast performs exceptionally well for every quarter. It can also be
noticed that it is not clear that performance improves with the addition of information. In fact, the
prediction for the first month outperforms the prediction using the complete set of information for
the current quarter in some quarters. The set of variables available at the end of the first month,
which is used to produce this forecast includes monetary and financial indicators such as inter-
est rates, stock prices, money aggregates, as well as tax revenues, automobile sales, steel and
portland cement production, and energy demand, among others.

Table 1: Nowcast performance

Sequential@pdating®furrent@GDPErowth@redictions

Date Actual 15@ays 1@nonth 45@&lays 2@nonths 75@ays 3@nonths 105@ays
20042 0.01092 0.01452 0.01458 0.01717 0.01711 0.01802 0.01819 0.01698
20043 0.02306 0.01092 0.00924 0.00938 0.01025 0.01044 0.01133 0.01150
2004mM4 0.02668 0.02638 0.02649 0.02311 0.02314 0.02411 0.02411 0.02362
2005M1 0.02240 0.01457 0.01818 0.01600 0.01538 0.01683 0.01717 0.01871
2005002 0.02375 0.01506 0.01650 0.01439 0.01418 0.01478 0.01468 0.01588
20053 0.01914 0.01960 0.02174 0.02051 0.01922 0.01781 0.01885 0.01893
20054 0.01906 0.01649 0.01931 0.01766 0.01752 0.01605 0.01577 0.01544
2006M1 0.02146 0.00991 0.01264 0.01435 0.01411 0.01782 0.01854 0.01759
20062 0.01952 0.01934 0.01934 0.01988 0.02005 0.02006 0.01985 0.01882
20063 0.02372 0.02048 0.01794 0.01706 0.01757 0.01664 0.01684 0.01661
20064 0.01741 0.02385 0.02036 0.01934 0.02005 0.01869 0.01870 0.01870
200701 0.01716 0.01770 0.01685 0.01287 0.01396 0.01341 0.01778 0.01778
2007002 0.02322 0.01807 0.02080 0.01660 0.01643 0.01782 0.01779 0.01714
20073 0.01927 0.02222 0.01897 0.01632 0.01756 0.02112 0.02101 0.01929
200704 0.02379 0.02301 0.02296 0.02369 0.02387 0.02127 0.02130 0.02023

Sequential@pdating:Evolution®ffpredictivefreformance

Date Actual 15Rays 1@nonth 45Rlays 2@nonths 75@ays 3@nonths 105Rays
2004m@2 0.01092 0.00361 0.00366 0.00625 0.00619 0.00711 0.00728 0.00607
20043 0.02306 0.01214 0.01381 0.01367 0.01281 0.01262 0.01173 0.01156
20044 0.02668 0.00031 0.00019 0.00358 0.00355 0.00258 0.00257 0.00307
2005M1 0.02240 0.00783 0.00422 0.00640 0.00702 0.00558 0.00524 0.00370
2005mM2 0.02375 0.00869 0.00726 0.00937 0.00958 0.00897 0.00908 0.00788
20053 0.01914 0.00046 0.00260 0.00137 0.00008 0.00133 0.00029 0.00021
20054 0.01906 0.00256 0.00025 0.00140 0.00153 0.00301 0.00329 0.00362
2006M1 0.02146 0.01154 0.00881 0.00711 0.00735 0.00363 0.00292 0.00386
20062 0.01952 0.00018 0.00018 0.00037 0.00053 0.00054 0.00034 0.00069
20063 0.02372 0.00323 0.00577 0.00665 0.00615 0.00708 0.00688 0.00710
200604 0.01741 0.00644 0.00295 0.00193 0.00264 0.00128 0.00129 0.00129
2007@1 0.01716 0.00054 0.00031 0.00429 0.00320 0.00375 0.00062 0.00062
2007602 0.02322 0.00515 0.00242 0.00661 0.00679 0.00539 0.00542 0.00607
20073 0.01927 0.00294 0.00030 0.00295 0.00171 0.00185 0.00173 0.00002
200704 0.02379 0.00079 0.00084 0.00011 0.00008 0.00253 0.00250 0.00357

In order to evaluate the predictive performance of Nowcast relative to a benchmark we compare
the three months Nowecast estimation (including the complete set of information) with one quarter
ahead forecast of an AR(7) model of GDP growth for the same quarter.



Table 2: Nowcast relative to benchmark

Forecast Relativeorecasting®erformance
Date Actual

ARA1) Nowcast ActualPAR ActualNow
2004002 0.01092 0.01899 0.01698 [.00807 .00607
2004m3 0.02306 0.00834 0.01150 0.01472 0.01156
200404 0.02668 0.01698 0.02362 0.00971 0.00307
2005M1 0.02240 0.01984 0.01871 0.00256 0.00370
200502 0.02375 0.01699 0.01588 0.00676 0.00788
200503 0.01914 0.01816 0.01893 0.00098 0.00021
20054 0.01906 0.01497 0.01544 0.00409 0.00362
200601 0.02146 0.01502 0.01759 0.00643 0.00386
200602 0.01952 0.01689 0.01882 0.00263 0.00069
2006mM3 0.02372 0.01559 0.01661 0.00812 0.00710
200604 0.01741 0.01879 0.01870 .00138 .00129
200701 0.01716 0.01427 0.01778 0.00289 .00062
2007602 0.02322 0.01356 0.01714 0.00966 0.00607
2007@03 0.01927 0.01894 0.01929 0.00033 #.00002
200704 0.02379 0.01786 0.02023 0.00593 0.00357

The results, shown in Table 2, indicate that the nowcast outperforms the AR(1) for 13 of the 15
quarters used to compare the predictive accuracy of the Nowcast. This result is strong since the
AR(1) is the model usually considered as a benchmark for short term forecast, given its outper-
forming accuracy.

3.3 Testing for equal predictive ability

As usual in forecast evaluation,” we compare the predictive accuracy of the two previous nested
models: The AR(1), which is the parsimonious null model and a larger model, in our case the Now-
cast, that nests the first one. Under the null the autoregresive model is the data generating process
(DGP). Thus, the larger model is supposed to introduce noise because its forecast requires the
estimation of population parameters that are supposed to be zero under the null. Given that, the
MSFE of the AR(1) model is expected to be smaller than that of the Nowcast, Clark and West
(2007) construct a test of equal predictive accuracy in nested models that takes into account this
noise, adjusting the MSFE of the larger model.

The test proposed by Clark and West evaluates the predictive accuracy of the parsimonious
model (in our case the AR(1)) with that of the larger model that nests it (the Nowcast).

The null hypothesis is that model 1 (AR(1)) has the same predictive accuracy than model 2 (the
Nowecast). The alternative hypothesis is that model 2 has better predictive accuracy than model 1
(one sided test).

The test compares the MSFE of model 1 with the MSFE of model 2 adjusted for the squared
difference of the forecasts of the two models.

Fre1 = (Wr1-Tiee1)? — [(er1-ot41)* — Greps1-Yores1)’]

In practice, the test consists on regressing ft+1 on a constant and evaluating its significance
using the t statistic for the null of a 0 coefficient. Rejecting the null implies that the MSFE of the
parsimonious model is significantly higher than that of the larger model.

Considering the sample period 2004 — 2007 to compare the predictive accuracy of the two
models we can reject the null of equal predictive accuracy, indicating that the MSFE of the Nowcast

"See West (2006).



is significantly lower than that of the AR(7) model. The value of the ¢ statistic is 5.985 with a p
value of 0.000, rejecting the null at the 1% level, what indicates that the Nowcast outperforms the
benchmark.

3.4 Comparing forecasting performance of Nowcast using pooling with Nowcast
using factors

As an additional way of evaluating the performance of the Nowcast using pooling, we conduct
a simple Nowcast exercise using factors. We followed the methodology proposed by Stock and
Watson (2002), as described in section 2.2, and estimated factors using principal components
analysis. To solve the problem of dealing with an unbalanced panel of monthly indicators, we
forecasted missing values using univariate autoregressive models. Factors were obtained from a
selected subset of 17 series included in the group of business cycle indicators used to produce
the Nowcast with the pooling of bridge equations. The reason to restrict the number of time series
was that factors estimated with the complete set of business cycle indicators explained a small
portion of the variance of the multivariate set of business cycle indicators. As shown by Boivin
and Ng (2006) this outcome could be due to the fact that idiosyncratic errors in equation (1) are
cross-correlated or because a subset of the time series considered are "noisy". In this case Boivin
and Ng show that restricting the data set to estimate factors could be better. The 17 series used
to construct the factors where selected according to a simple R? criteria. Out of the 55 series
available, we kept those that presented a R? superior to 0.75 in an OLS regression for the period
1993Q1-2004Q1.8
Table 3 shows the performance of the Nowcast using factors.

8See Appendix | for a description of the time series included in the subset.
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Table 3: Nowcast with factors performance

Sequential@pdating®fRurrent@lGDPErowthiredictions@vithFactors

Date Actual 15@lays 1@nonth 45@ays 2@nonths 75Rays 3@nonths
20042 0.01092 0.01318 0.01119 0.03634 0.03851 0.03635 0.03639
2004m03 0.02306 0.01338 0.01250 0.02329 0.02363 0.02337 0.02364
20044 0.02668 0.02381 0.02364 0.02501 0.02534 0.02270 0.02263
2005M1 0.02240 0.00960 0.01041 0.00434 0.00418 0.01511 0.01486
2005602 0.02375 0.01147 0.01099 .00779 [.00796 [.00034 .00033
20053 0.01914 0.00795 0.00809 0.03054 0.03052 0.02338 0.02336
20054 0.01906 0.02378 0.02384 0.03657 0.03642 0.02184 0.02192
2006M1 0.02146 0.00041 0.00037 .05577 [.05639 0.03403 0.03378
200602 0.01952 0.01337 0.01348 0.03561 0.03566 0.03398 0.03377
20063 0.02372 0.02975 0.03035 0.02912 0.02910 0.02254 0.02242
20064 0.01741 0.02841 0.02854 0.03619 0.03629 0.03239 0.03243
200701 0.01716 0.02784 0.00816 [.01819 [0.01742 .01992 0.02929
20070022 0.02322 0.01209 0.01254 0.00751 0.00751 0.02347 0.02337
20073 0.01927 0.01452 0.01446 .01234 .01308 0.03381 0.03360
200704 0.02379 0.01304 0.02089 0.07484 0.07447 0.03758 0.03768

Sequential@pdating:Evolution®flpredictivereformance

Date Actual 15@ays 1@nonth A5@ays 2@nonths 75@ays 3@Enonths
2004m2 0.01092 0.00226 0.00028 0.02543 0.02759 0.02544 0.02548
200403 0.02306 0.00968 0.01056 0.00023 0.00058 0.00031 0.00058
2004@4 0.02668 0.00288 0.00304 0.00168 0.00135 0.00398 0.00405
2005M1 0.02240 0.01281 0.01200 0.01806 0.01822 0.00729 0.00754
2005m@2 0.02375 0.01229 0.01276 0.03154 0.03171 0.02409 0.02408
20053 0.01914 0.01119 0.01105 0.01140 0.01138 0.00424 0.00422
20054 0.01906 0.00472 0.00478 0.01752 0.01736 0.00278 0.00286
20061 0.02146 0.02104 0.02109 0.07722 0.07784 0.01257 0.01233
200602 0.01952 0.00615 0.00604 0.01610 0.01614 0.01446 0.01425
20063 0.02372 0.00604 0.00663 0.00541 0.00538 0.00117 0.00130
20064 0.01741 0.01100 0.01113 0.01878 0.01888 0.01498 0.01502
2007m@1 0.01716 0.01068 0.00900 0.03535 0.03458 0.03708 0.01213
2007002 0.02322 0.01113 0.01068 0.01570 0.01570 0.00025 0.00016
20073 0.01927 0.00475 0.00481 0.03161 0.03235 0.01454 0.01433
20074 0.02379 0.01075 0.00291 0.05105 0.05068 0.01378 0.01388

It can be noticed from that the Nowcast with factors performs quite well and again, it is not clear
that adding information improves predictive accuracy.

We additionally perform a Nowcast based on a pooling of the 17 selected series used to con-
struct the factors.

A comparison of the predictive performance of the Nowcast pooling with the complete and
restricted sets and Nowcast with factors with a forecast using an AR(1) are presented in Table 4.

Table 4: Nowcast with pooling and factors relative to benchmark

Forecast Relative®Forecasting@®erformance
Date Actual Nowcast Nowcast@vith Nowcast ActuallNow  Actual@Now ActualiNowcast
AR{1) with with®ooling| ActualZAR R with®Pooling@7
. Factors . Pooling Factors .
Pooling 17Beries series
2004mM2 0.01092  0.01899 0.01698 0.03639 0.02057 .00807 .00607 [@.02548 [.00965
2004m3 0.02306 0.00834  0.01150 0.02364 0.01219 0.01472 0.01156 .00058 0.01087
200404 0.02668 0.01698  0.02362 0.02263 0.02670 0.00971 0.00307 0.00405 .00002
2005M1 0.02240 0.01984  0.01871 0.01486 0.01883 0.00256 0.00370 0.00754 0.00357
2005M2 0.02375 0.01699 0.01588 [.00033 0.01273 0.00676 0.00788 0.02408 0.01102
20053 0.01914 0.01816  0.01893 0.02336 0.01895 0.00098 0.00021 [®.00422 0.00019
20054 0.01906  0.01497  0.01544 0.02192 0.01570 0.00409 0.00362 [.00286 0.00335
2006M1 0.02146  0.01502 0.01759 0.03378 0.02344 0.00643 0.00386 ®.01233 [.00198
20062 0.01952  0.01689 0.01882 0.03377 0.02161 0.00263 0.00069 [®.01425 [.00210
20063 0.02372  0.01559 0.01661 0.02242 0.01672 0.00812 0.00710 0.00130 0.00699
20064 0.01741 0.01879 0.01870 0.03243 0.02066 .00138 .00129 ®.01502 .00325
2007mM1 0.01716 0.01427  0.01778 0.02929 0.01811 0.00289 .00062 ®.01213 [.00095
2007@2 0.02322 0.01356  0.01714 0.02337 0.01629 0.00966 0.00607 .00016 0.00692
2007@3 0.01927 0.01894  0.01929 0.03360 0.02317 0.00033 .00002 [.01433 [®.00390
2007M4 0.02379 0.01786  0.02023 0.03768 0.02660 0.00593 0.00357 ®.01388 [0.00281

From Table 4 it seems that all Nowcast models outperform the AR(7). From the results of
subsection 3.3. we know that the Nowcast with pooling (considering all series) outperforms the
AR(1).
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Thus, in order to test for equal predictive accuracy of the Nowcast with factors relative to the AR
(1) benchmark model, we also perform the Clark and West. Results show that the null hypothesis
of equal predictive accuracy cannot be rejected at the 1% level. The value of the ¢ statistic is 1.033
with a p value of 0.3042, giving evidence that the Nowcast with factors does not outperform the
benchmark, contrary to what we find for the Nowcast with pooling.

When we conduct this test for the Nowcast with pooling (17 series) the value of the ¢ statistic is
4.812, with a p value of 0.0000 indicating that this model outperforms the AR(1).

These results suggest that the use of high frequency within the quarter information by means
of a pooling is valuable to generate predictions of GDP growth.

4 Out of sample forecast of GDP growth

We also evaluate the out of sample forecasting performance of the pooling relative to that of the
autoregressive GDP growth model used as benchmark. For this we conduct an out of sample
forecast for 1 to 3 quarters horizon for the period 1999Q1-2009Q2.

In this case we compare the predictive accuracy of the two previous forecasting methods:
The AR(1) and the pooling, using the methodology developed by Giacomini and White (2004).°
The Giacomini and White approach differs from that followed by previous accuracy evaluation
methodologies, as those proposed by Dieblod and Mariano (1995) and West (2003) in what it is
based on conditional rather than unconditional expectations, as it is the case of the tests proposed
by the latter. In this regard, the Giacomini and White approach focuses on finding the best forecast
method for the following relevant future. Their methodology is relevant for forecasters who are
interested in finding methodologies that improve predictive ability of forecast, rather that testing the
validity of a theoretical model.

The test has many advantages: (i) it captures the effect of estimation uncertainty on relative
forecast performance, (ii) is useful for forecasts based on both nested and nonnested models, (iii)
allows the forecasts to be produced by general estimation methods, and (iv) is quite easy to be
computed. Following a two-step decision rule that uses current information it allows to select the
best forecast for the future date of interest.

The testing methodology of Giacomini and White consists on evaluating forecast by conducting
an out of sample exercise using rolling windows. That is, using the R sample observations available
at time ¢, estimates of y; are produced and used to generate forecast 7 step ahead. The test
assumes that there are two methods, fr; and gg; to generate forecasts of y; using the available
set of information F;. Models used are supposed to be parametric.

fre = fri(WRry)

)

Jrt = gRt( R,t)

A total of P,, forecasts which satisfy R + (P, — 1) + 7 = T'+ 1 are generated. The forecasts are
evaluated using a loss function L, (y:+-, fr), that depends on both, the realization of the data
and the forecasts. The hypothesis to be tested is:

®See Pincheira (20086) for a nice description and aplication of the test.
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Ho : Eht(Ltvr(Ytsr, frRt) = Ltvr (Ytar, 9r1t)) | Fil =0
or alternatively
HO . B [htALt—i-T ‘ ft] =0Vt 2 0

for all ; -measurable function h;.

In practice, the test consists on regressing the differences in the loss functions on a constant
and evaluating its significance using the ¢ statistic for the null of a 0 coefficient, in the case of 7 = 1.
When 7 is greater than one, standard errors are calculated using the Newey-West covariances
estimator, that allows for heteroksedasticity and autocorrelation.

The results of applying the Giacomini and White procedure to evaluate the forecasting perfor-
mance of the pooling relative to the AR(7) are shown in Table 5. They show that the pooling of
forecasts using the business cycle indicators outperforms the AR(7) at the very short horizons of
one and two quarters. Thus, it seems that rich data set can provide valuable predictions about
GDP behavior in the immediate future.

Table 5: Results of the Giacomini and White test

Sample:F1999Q1#R2009Q2
1Ryuarterhead 0.000189
(#B.41245)*
2@uarterhead .00033
(P1.959476)**
3@uarterzmhead .000391
(P1.671884)

*Bignificant@tEL %
**Bignificant@t®%
(.)Btudentdtest

5 Conclusions

While real time assessment of economic activity is crucial to evaluate the presence of inflationary
pressures for the purpose of monetary policy decision making, GDP figures are produced in a
quarterly basis and released with a 10 week lag.

Recent advances in the forecasting literature, focused on working in a rich-data environment
have developed strategies to profit from the availability of a large number of business cycle indica-
tors to improve forecast through the use of factor models and forecast pooling. Both have proved
to deliver good results in terms of forecast accuracy.

In terms of producing real time forecast, pooling has the advantage of being flexible to sequen-
tially update forecast at the time new information is released.

Using a large set of daily and monthly business cycle indicators we construct a pooling and
conduct Nowcast with pooling of Argentina’s GDP growth. We also develop a Nowcast exercise
using factors from a restricted subset of business cycle indicators.

In the case of data based Nowcast with pooling of contemporaneous GDP growth we assess
the information content of these indicators in terms of the improvement they produce in predictive
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accuracy when they are sequentially added to the information set used to estimate current GDP
growth. In this case individual estimations are combined using Rsquared values of fitted models,
what appears to be a plausible weighting scheme when prediction is based on estimated fitted
values.

The results show that the Nowcast with pooling performs well, although it is not clear that the
performance improves with the addition of information.

In order to evaluate the predictive performance of Nowcast with pooling relative to a benchmark
we compare the three months Nowcast estimation with a forecast one quarter ahead of an AR(1)
model for the GDP growth. The results indicate that the Nowcast with pooling outperforms the
AR(1) model for 13 of 15 quarters considered. When we test the differences in predictive accuracy
between both models we confirm that the Nowcast with pooling has better accuracy. We also
evaluate the predictive performance of a factor model and a pooling using a subset of the complete
set of business cycle indicators. In this case the predictive accuracy of the Nowcast with factors is
not statistically different from that of the AR(7) while the Nowcast pooling with the restricted subset
does outperform the AR(1). Thus, Nowcast with pooling using both the complete dataset and a
subset of incoming information within the quarter improve forecast accuracy of an AR(1).

Additionally, we conduct an out of sample forecast for different horizons using the pooling of
forecast and find that it outperforms the AR(7) for the very short run horizons.

These results for nowcasting and forecasting using a large data set are promising, since the
AR(1) is the usual model chosen in the literature for short term forecasting.

The Nowcast methodology has a potentially broad application to any macro or goal variable of
interest. It also represents a potentially valuable approach to provide timely information for policy
decision making.
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Appendix |

The series used were seasonally adjusted (when necessary) using the X-12 ARIMA program,
and were subsequently standardized either by differentiating them (diff) or by subtracting a linear
deterministic trend (trend).’® Table A1 presents the complete series.

Table A.1.: Data Set

Series Release Stationary
GroupiL:FL5Rays@elay
AutobileBhational®roduction@Rnits monthly dif
Autobile@xports@inits monthly dif
AutobileBales@E inits monthly dif
AutobileBhational@ales@units monthly dif
Portland@ement@roduction@®housands@®fions monthly dif
IncomefRevenues monthly tend
IncomeRevenuesEDGI monthly tend
IncomeRevenues@IDGA monthly dif
VATevenue monthly tend
VATZevenue@DGI monthly dif
MERVALI?.tockljmarket@ndexmﬂnonthly@verage* daily dif
MERVALBtock@Enarket@ndex@EtEnonthFEnd monthly dif
Group®:FEnonth@elay
Steel@odsHorEoncrete@roduction@®ons monthly dif
RawBteel@production@®housands®fons monthly dif
Cold@olledBteel@roductionfhousandsfions monthly dif
HotolledmhonlatBteelfhousands@fEons monthly dif
Flatthot@olledBteel@®housands®fidons monthly dif
Energy@lemandBales@EBWh monthly dif
Private@2’ daily tend
Nominalnterest@ateMB0E IR aysmprivatefbanks daily dif
Group®:R2Enonthslelay

IndustrialBurvey@industryBtock@evels@nanufacturing monthly dif
IndustrialBurveyfhonlurable@ons.BoodsBEtockdevels monthly dif
IndustrialBurveyfBonsumeriurablesBtockdevels monthly dif
IndustrialBurveyfRapital@EodsBtockdevels monthly dif
IndustrialBurveyflintermediate@oodsBtockdevels monthly dif
IndustrialBurvey@butlook@Enanufacturingfindustry monthly dif
IndustrialBurvey@butlook@honkurable@ons.@oods monthly dif
IndustrialBurvey@butlook@onsumer@urables monthly dif

0Standard ADF unit root tests were conducted.
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Group®:R2Enonths@elayfcont.)

IndustrialBurvey@butlookapital@oods
IndustrialBurvey@butlook@ntermediate@oods
IndustrialBurvey@EeneralBituation@nanufacturingndustry

IndustrialBurveyfEeneralBituationthondurable@onsumer@oods

IndustrialBurveyifEeneralBituation@onsumer@urables
IndustrialBurvey@EeneralBituation@apital@Eoods
IndustrialBurvey@EeneralBituation@ntermediate@oods
IndustrialBurvey@@anufacturing@ndustry@emandi@rend
IndustrialBurvey@honurable@ons.&oods@emand@rend
IndustrialBurveyfonsumer@lurables@lemand®rend
IndustrialBurveyi®apitalFods@emand®rend
IndustrialBurvey@intermediate@Eoods@emandi&rend
IndustrialBroduction@ndexd|Pl)ERgeneraldevel
IPIfhonBHurable@onsumer@oods
IPIf®lurable@onsumer®oods

IPIfAntermediate@oods

IPIEREapitalEoods

|IPIfood@Endibeverages

IPIFRigarettes

IPIf®extiles@nput

IPIf®b ulpEndBbaper

IPIEHuels

IPIEREhemicalsEnd@lastics

IPIEEh onBmetallic@ninerals

IPIEBteel

|IPIfnetalworking

IPI@Rutomobiles

monthly
monthly
monthly

monthly

monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly
monthly

dif
dif
dif

dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif
dif

*quarterlyfigures@re@®btained@romBveraging@aily@lata
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Table A.2.: Summary of models

Model Dummies@ncluded R2

variable@l  D1995M1EED1995M2EHD2000M1FED2001M3ED2001M4 0.8185
variable®2 0.6493
variable®  D2001M3FED2001MAFD2002M1 0.7406
variable@ 0.6042
variable®  D1999M2 0.7487
variable® 0.6328
variable  D1995M2@D2000M1 0.7507
variable® 0.6086
variable® D1995M2EED2001M3FED2003M1FED2001MAFED 1996 M 1D 1996 M2 0.7407
variable@0 D1995M2 0.6367
variable@1 0.5547
variable@2 0.5551
variable@3 D1995M1ED1995M2EHD1996M 1FED 1996 M2ED2001M3EHD2004M2 0.8580
variable@4 D1995M1EED1995M2[ED1996M2{HD2004M 2D 1999MAFED2001M2 0.6688
variable@l5 D1996M1FED1996M2EED2001M3 0.6570
variable@l6 D2000M1FED2001M3EED2002M1 0.7935

. D2001M3EHD1995M1[D2002M1ED1995M2EHD2000M 1ED2001 M4FD 2003 MED 1996 M 2D 2004 M 2@
variable@7 0.8792
D2004M2
variable@8 0.5570
variable@9 0.5456
variable®20 0.5428
variable®1 0.6208
variable®22 D1995M1@ED1995M2ED2001M4 0.6981
variable®23 0.5811
variable®24 D1995M1ED1995M2EHD2001M3FD1999M4 0.7148
variable25 D1995M1ED1995M2@HD2001M3 0.8013
variable®26 0.5791
variable®27 0.5904
variable28 D1995M1FED1995M2FD2001M3FED2001MAFED1996M 1D 1996 M 2{ED1999M 0.8090
variable®29 0.6093
variable30 0.5464
variable®1 0.5511
variable®2 0.5648
variable33 0.5659
variable®4 0.6460
variable35 0.5991
variable®6 D1995M1[D1995M2@D2001M3EHD2001MAFD1999MAMD1996 M 1ED1996M 0.7776
variable37 0.5807
variable38 0.5653
variable39 D1995M1EED2001M3FEED2000M1EED2001M4FED2003M4 0.8629
variable®@0 D1995M1FED1995M2FD2001M3FD2001MAFED1996M2 0.7566
variable@1 D1996M2@ED2003M4 0.8366
variable®2 D1995M1EHD2001M3ED2000M1ED1999M2 0.7935
variable®3 D1995M1@D1995M2EHD2001M4 0.7865
variable@4 D1995M1EHD1995M2EHD2001M3FED2001MAFD1999MAFHD 1998 M3FD 1998 MED 1996 M2 0.8054
variable®@5 D1995M1ED1995M2EED2001M3 0.6917
variable®6 0.6417
. D1995M1[ED1995M2(EED2001 M3 1996 M 1D 1996 M 2[{ED 2001 MAFHD 1998 MEHD 1998 MATD 2003 M 1
variable®7 0.8489
D2003M1

variable®8 D2001M3ED1996MI1FD1996M2 0.7457
variable®9 0.6306
variable®0 0.6288
variable®1 D1995M1EED1995M2EED2000M1 0.7248
variable®2 0.6881
variable®3 D1995M1E@ED1995M2@D2001M3FD2000M1FED2001M4 0.8187
variable®4 D2002M1ED2003M1ED2004M2ED1999M4 0.6828
variable®5 D2002M2 0.75178

Note:Shaded figures indicate R? superior to 0.75
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Selected series to construct Factors.

Table A.3.: Selected series

No.Beries

Description

1

9

13

16

17

25

28

36

39

40
41
42
43
44
a7
53

55

Autobilefhational@roduction
Hot®olledBhonflatBteel@broduction
IncomeRevenuesustomsFDGA)
MERVALBtock@Enarket@ndex@nonthly

MERVALBtock@arket@ndex@t@nonth
end
IndustrialBurvey@utlook@honk
durable®ons.@Goods
IndustrialBurveyi®utlook
intermediate@oods
IndustrialBurveyf®utlook@urable
cons.@Goods
Industrial@productiond@ndexdIP1)@
generaldevel
IPIEonkdurable@onsumer@oods
IPIERiurable@onsumer@oods
IPIfHENtermediate@oods
IPIftapitalEoods
IPIfood@ndibeverages
IPIfBbulpEndBbaper
IPIFRAUutomobiles
Nominal@nterest@ateB0E 9@ aysH
privatefanks
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