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a b s t r a c t

In this paper, we compute flash estimates of Finnishmonthly economic activity using firm-
level data. We use a two-step procedure where the common factors extracted from the
firm-level data are subsequently used as predictors in nowcasting regressions. The results
show that large firm-level datasets are useful for predicting aggregate economic activity
in a timely fashion. The proposed factor-based nowcasting model leads to a superior out-
of-sample nowcasting performance relative to the benchmark autoregressive model, even
for early nowcasts. Moreover, we find that the quarterly GDP flash estimates that we
construct provide a useful real-time alternative to the current official estimates, without
any substantial loss of nowcasting accuracy.
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1. Introduction

Statistical agencies, central banks, and numerous pub-
lic and private entities collect hundreds, if not thousands,
of economic time series every year. This ever-growing
amount of data has helped policymakers and researchers
with key activities such as forecasting, evaluating the per-
formances of economic models, and designing fiscal and
monetary policies. Unfortunately, this wealth of data is not
matched by a high degree of timeliness.Most notably, vari-
ables measuring economic activity are generally published
with long lags. For example, the first estimates of the US
and UK quarterly GDP are published four weeks after the
end of each quarter, while the lag is usually six weeks for
the Euro area (see Banbura, Giannone, & Reichlin, 2011).

In recent years, this problem of the timeliness of data
releases has been addressed in the literature on nowcast-
ingmodels and coincident economic indicators (for the lat-
ter, see e.g. Altissimo, Cristadoro, Forni, Lippi, & Veronese,
2010; Stock & Watson, 1989). Nowcasting methods have
been applied chiefly in the prediction of low frequency
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data, and quarterly data in particular, by exploiting the re-
lease of monthly data (see, e.g., Aastveit & Trovik, 2014;
Banbura et al., 2011; Evans, 2005; Giannone, Reichlin, &
Small, 2008). In these papers, the focus has been on the
creation of early estimates of the quarterly GDP growth,
which are updated as new information is released. These
revisions are analyzed by checking the contributions of
the news carried by additional data. Most of the nowcast-
ing papers are interested in quarterly variables, though
Modugno (2013) and Proietti (2011) focus on comput-
ing monthly nowcasts of GDP. Aruoba, Diebold, and Scotti
(2009) propose a real-time economic activity indicator that
is built on data observed at mixed frequencies, includ-
ing daily data. Recent examples of nowcasting applica-
tions are those of Camacho andGarcia-Serrador (2014) and
Camacho and Perez-Quiros (2010), who use a single-index
dynamic factor model based on both real and financial in-
dicators, and Foroni andMarcellino (2014),who apply vari-
ous different approaches (bridge equations, state space and
mixed data sampling models) to the nowcasting of Euro
area GDP components. Finally, a recent survey on nowcast-
ing with parsimonious mixed-frequency methods is pro-
vided by Camacho, Perez-Quiros, and Poncela (2013).

The novel idea introduced in this study is to exploit
the information contained in large firm-level datasets in

te of Forecasters.
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order to compute early estimates of economic activity. In
particular, we compute nowcasts of the Finnish monthly
economic activity indicator, the Trend Indicator of Output
(TIO), using a two-step procedure. In the first step, we
extract common factors from a large firm-level dataset of
turnovers, then in the second step we use these common
factors as predictors for nowcasting regressions. The
estimates constructed for TIO are also used subsequently
to compute early figures of the Finnish quarterly GDP.

This paper has various points in common with each of
the aforementioned strands of the literature, but also ex-
hibits substantial differences. In particular, using the fac-
tor model of Stock and Watson (2002a,b), we exploit the
information contained in large datasets for predicting eco-
nomic activity. However, we do not formulate a state space
model, as is common in the nowcasting literature. Even
though the datasets that we use contain the jagged edges
(missing values at the end of the sample due to differences
in publication times) and missing value problems that are
typical of the nowcasting literature, we do not have to
deal with mixed frequency data because we focus only on
monthly variables and estimate the quarterly GDP from the
TIO figures directly.

Another key distinction from the previous literature is
that we effectively estimate the economic activity of re-
cent months, reducing the publication lag of TIO figures,
without attempting to compute current values of the TIO,
based on higher frequency (say weekly) data. Finally, and
most importantly, the focus is shifted from the use of pub-
lic data releases to the use of data available to the statis-
tical agency, namely monthly turnovers data. Indeed, the
use of such a disaggregated dataset for nowcasting is the
key contribution of this paper to the literature. Of course,
this dataset reflects only a (timely) part of the total infor-
mation set available to Statistics Finland at the time of TIO
publication. Factor models are optimal in this scenario be-
cause they are able to summarize the important informa-
tion contained in the data, even though the latter may be
incomplete.

In this study, we concentrate on firm-level turnovers
only. This is because we want to focus on the information
carried by highly disaggregated data for predicting aggre-
gate figures. This is the main contribution of this paper: to
the best of our knowledge, no previous paper has used such
a disaggregated dataset to nowcast aggregate economic ac-
tivity in the literature on nowcasting and factor models.
Instead, different authors have concentrated on sectoral-
or regional-level data (see Banbura et al., 2011; Martin-
sen, Ravazzolo, & Wulfsberg, 2014). Matheson, Mitchell,
and Silverstone (2010) and Mitchell, Smith, and Weale
(2013) use firm-level qualitative surveys to predict eco-
nomic activity and manufacturing; however, we want to
stress the fact that we use what the literature refers to as
‘hard’ data, not qualitative surveys. Alessi, Barigozzi, and
Capasso (2013) apply dynamic factor models to firm-level
data, but their focus is different from ours. They are inter-
ested in studying the dynamics of the business cycles, and
have more of a descriptive approach. The dataset that they
use is obtained from COMPUSTAT, and the data are quar-
terly, while we use monthly data. Finally, their analysis fo-
cuses on a single data vintage, while in our application we
create a series of datasets to replicate the accumulation of
information collected by Statistics Finland.

Another, and more subtle, novelty presented in this pa-
per is the use of the regularized expectation maximization
(EM) algorithm presented by Josse and Husson (2012a).
Thismethod corrects the usual EMestimation of the factors
by reducing the risk of overfitting, by taking into account
the presence ofmanymissing observations in the factor ex-
traction and in the missing value imputation.

We find that the nowcasts based on the factors ex-
tracted from the turnover dataset perform better than the
autoregressive benchmark1 for all periods except for the
estimates computed five days after the end of the refer-
ence month. Moreover, the mean absolute percentage er-
rors of the nowcasts are not far from the average revisions
made by Statistics Finland. This is an encouraging result,
in light of the actual implementability of the method. Fi-
nally, we find that using the factor nowcasts of TIO in the
computation of the quarterly GDP allows us to reduce the
publication lag relative to the current official flash GDP es-
timates published by Statistics Finland, without any loss of
nowcasting accuracy.

The remainder of the paper is structured as follows. In
Section 2, we present the two-stage statistical model that
is employed for constructing nowcasts of TIO. In Section 3,
we describe the data, and in particular, the way in which
we simulate the accumulation of data over time. The em-
pirical results are presented in Section 4. Finally, Section 5
concludes.

2. Model

In this study, the nowcasting model employed consists
of two stages. In the first stage, we extract common factors
from a large dataset of firm-level turnovers (Section 2.1).
Once the factors have been extracted, they are used in a
nowcasting regression (Section 2.2) to construct nowcasts
of the variable of interest, namely the monthly year-on-
year growth of Finnish economic activity, in this study.

2.1. Factor extraction

The factors are computed as in the factormodel of Stock
and Watson (2002b). There are multiple reasons for this
choice. The datasets that we use to compute the TIO es-
timates are very large, with the original dataset including
over 2000 firms. However, we drop many firms in order to
achieve a balanced dataset in the first sample period, ulti-
mately leaving uswith 579 firms, which is still a large sam-
ple. Hence, we need a model that can handle such a large
cross-section but is still computationally feasible to esti-
mate. While the model of Banbura and Modugno (2014)
can also handle various data problems and is used widely
in the nowcasting literature, it is computationally too de-
manding for this application. Stock and Watson (2002b)

1 The nowcasting performance has also been tested against those of a
random walk and the TRAMO-SEATS procedure proposed by Gomez and
Maravall (2001). The results are similar to those obtained relative to the
autoregressive model benchmark, and are available upon request.
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have a large dataset that follows a factor model with r la-
tent factors included in Ft . Defining Xt now as the dataset
that contains N time series of the growth rates (year-on-
year) of firm-level turnovers at time t , we can write their
factor model as

Xt = ΛFt + et , (1)

where Λ is the matrix of factor loadings and et is the N ×1
vector of idiosyncratic components. The idiosyncratic com-
ponents are allowed to be both (weakly) serially and cross-
sectionally correlated, making this model resemble the
approximate factor model of Chamberlain and Rothschild
(1983). Given the novelty of our dataset in a nowcasting
application, we check for the correlation structure of the
idiosyncratic components in Appendix A.2. The factors are
estimated by principal components, i.e.,Ft is given by the
eigenvectors that correspond to the largest eigenvalues of
the T × T matrix XX ′, where X = [X ′

1, . . . , X
′

T ]
′. This is a

handy procedure computationally, becausewe do not have
to deal with very large matrices in the estimation, in spite
of the very large cross-section of firms.

A common feature of the datasets used in nowcasting
exercises, like that in this paper, is the presence of jagged
edges and missing values. The basic principal component
estimation requires a balanced dataset (i.e., all of the time
series should be of the same length and without missing
values). In this study, we deal with the missing values
problem in two different ways. The first method simply
involves creating a balanced dataset by taking a subset of
the variables from the original dataset. This means that we
do not have to performmissing value imputation, with the
associated estimation errors and computational intensity;
however, we do have to give up a part of the original
dataset, at least for the very early estimates. We refer to
this methodology later on as a balanced method.

As an alternative procedure, we use the regularized
iterative principal component analysis (PCA) algorithm
(see Josse &Husson, 2012a, for details). Thismethod is pre-
ferred to the simple EM iterative PCA presented by Stock
and Watson (2002a) because it is aimed at datasets with
many missing values, as is the case with the data to be
analyzed in Sections 3 and 4. Moreover, the regularized it-
erative PCA method performs better with respect to the
overfitting problem, due to the fact that the regularized it-
erative principal component algorithm shrinks the weight
of the principal components in the missing value imputa-
tion, for datasets with large numbers of missing values.

The simple EM-PCA algorithm consists of three steps. In
the first step, we impute some initial guess for the missing
values. One possibility is to impute the mean of each vari-
able, while Stock andWatson (2002a) suggest the use of an
initial balanced dataset for computing the first estimate of
the factors. In the second step,we use the estimated factors
to impute the missing data, following

Xtk = µ̂k +

S
s=1

FtsΛks, (2)

where Xtk is a missing value at time t for the variable k,
µ̂k is its mean, and S is the chosen number of factors. In
the last step, we estimate the factors from the dataset with
the imputed values. We iterate these three steps until we
reach convergence (for a formal proof, see Dempster, Laird,
& Rubin, 1977).

The basic idea behind this regularized PCA algorithm is
that if there is a lot of noise in the data, or, equivalently,
if the structure of the dataset is too weak (for example,
lots of missing values), the algorithmweights the principal
component imputation (

S
s=1
FtsΛks in Eq. (2)) less, and

tends to impute the simple mean of the variable (µk). If
there is little noise in the data, then this algorithm reduces
to the simple EM algorithm of Stock and Watson (2002a).
More formally, the regularized PCA algorithm shrinks the
principal component part of the imputation step, to get

Xtk = µ̂k +

S
s=1


λ̂s − σ̂ 2

λ̂s

FtsΛks, (3)

where λ̂s is the s singular value of the matrix X and σ 2
=

1
K−S

K
s=S+1 λ̂s, which can be interpreted as the amount of

noise in the data.
The trade-off between the balanced method and the it-

erative PCAmethod stands out from the fact thatwe do not
have to go through the missing values imputation process
in the balanced method. This is a time consuming process,
and, more importantly, may cause bad predictions of the
missing values, which could create problems for the factor
extraction, and therefore unnecessary bias in the second
stage (nowcasting) of our model. On the other hand, the it-
erative PCA has the advantage that it provides an efficient
way to use all of the firms included in the dataset.

2.2. Nowcasting model

In the second stage of our model, we use the estimated
factors as predictors in the nowcasting model

yt = βν
Ft|ν + ϵt|ν, (4)

where yt measures the monthly economic activity, with t
being the reference month we are interested in, ϵt|ν is the
nowcasting error, and ν is the period inwhichwe compute
our nowcast (i.e., the number of days after the end of the
reference period that we compute the estimate). In our
application, we estimate Eq. (4) nine times for each period,
namely at ν = {5, 10, 15, 20} up to ν = 45 days after the
end of the reference month (see Section 3 for details). We
do not compute factor estimates after ν = 45 because the
economic activity indicators have usually been released
by that time. Nowcasts that minimize the mean squared
error are constructed as ŷt|ν = β̂ν

Ft|ν , where ŷt|ν denotes
the predicted value at time ν and the parameters βν are
estimated by ordinary least squares (OLS).

One important issue in the estimation process stems
from factor selection, namely how many factors should be
included in Ft|ν . For the balanced method, factor selection
can be based on information criteria, such as the Bayesian
Information Criterion (BIC) or the factor-based regression
criterion suggested by Groen and Kapetanios (2013). As a
robustness check, we also compute nowcasts based on 10
factors and check the out-of-sample performances of the
various models. The estimation of the number of factors
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is an even more delicate matter when we deal with miss-
ing value replacement (see Section 2.1). Josse and Husson
(2012b) provide an algorithm that estimates the optimal
number of principal components for a given dataset with
missing values.

3. Data description

The variable that we are interested in for this study is
the year-on-year growth rate of the Trend Indicator of Out-
put (TIO), which measures Finnish economic activity on a
monthly basis. The sample period starts in January 1999
and ends inDecember 2012. In the out-of-sample nowcast-
ing experiment in Section 4, we nowcast TIO starting from
January 2006, giving us a total of 84 observations. To allow
for the statistical agency applying possiblemodifications to
the indicator, we do not seasonally adjust the original TIO
series. However, taking year-on-year growth rates should
remove possible seasonal components. We also follow this
strategy for the firm turnovers. To check for the absence of
seasonality in our data, we regress the firm turnovers and
the TIO onto a constant and a set of seasonal dummies. We
find that the p-value associatedwith the F-statistic of these
regressions is less than 5% only twice, indicating that sea-
sonal effects are not important in our turnover dataset. A
similar result is found for the TIO and the estimated factors.

The TIO is currently released by Statistics Finland with
two different time schedules, depending on the reference
month. For the first twomonths of a given quarter, the TIO
is released 65 days after the end of the reference month.
For the last month of a given quarter, it is published 45
days after the end of the reference period.2 The TIO is re-
vised after its first publication, and these revisions reflect
both changes in the source of data and revisions due to
benchmarking. Thedata sources are split between theprice
development and value data, which are aggregated to a
2-digit level. The primary sources of data for private man-
ufacturing are the preliminary turnover indices (which are
accumulated quickly), while the main sources for the pub-
lic sector are preliminary wages and salaries.

In the Finnish system of national accounts, a flash es-
timate of the quarterly GDP growth is published 45 days
after the end of the reference quarter, based on the TIO.
Fig. 1 depicts the time series of the TIO (year-on-year per-
centage changes) over the period examined in this study.
The TIO is deflated using average prices of the year before,
using the year 2000 as a reference year. The turnover data,
on the other hand, are not price adjusted. This feature is
handled well by factor models, which are able to separate
the main co-movements in the data and can be compared
to the presence of nominal variables in a large dataset such
as that used by Stock and Watson (2002a).

The Finnish economy expanded during the period from
January 1999 toDecember 2007,with amean year-on-year
growth of 3.6%. Since the start of the recent recession in
2008, however, Finland has faced a dramatic drop in out-
put (a mean growth rate of −0.7%).

2 A calendar of future releases can be found at http://tilastokeskus.fi/
til/ktkk/tjulk_en.html.
Fig. 1. Plots of the TIO year-on-year percentage changes during the
sample period.

A major contribution of this study is to use firm-level
data in factor estimation for nowcasting purposes. Due to
its timeliness, firm-level turnover data appears to be an in-
teresting alternative to the datasets previously used in fac-
tor extraction (see e.g. Giannone et al., 2008). These data
are accumulated right after the end of the referencemonth,
and the date on which a firm sends its data to Statistics
Finland is documented carefully and collected in a dataset.
Thanks to these reports,we can replicate the real-time data
environment closely. However, due to confidentiality is-
sues, this firm-level dataset is not available publicly.

In our nowcasting experiment, we simulate the data
accumulation process by creating different real-time
datasets of the year-on-year growth rates of turnover in-
dices available at different periods. For eachmonth,we cre-
ate nine different datasets (i.e., nine different values of ν
in Eq. (4)), corresponding to turnover indices available at
t|5, t|10, and so on. For example, when we estimate TIO
in December 2009 at ν = 20, we base our estimation on
turnovers available by January 20th, 2010, andwe use only
turnovers of private firms as predictors in the dataset.

While it is true that some additional data could be use-
ful, we want to extract and isolate as much as possible the
ability of this particular firm-level dataset to give very early
signals of the TIO. Given the originality of this dataset for
our nowcasting application, it is useful to examine its pre-
dictive power in the most straightforward way possible;
addingmore predictive variables would simply complicate
the analysis.Moreover, focusing on turnover indices allows
a very precise replication of the data accumulation, which
becomes much more cumbersome when additional data
sources are examined.

The original turnovers dataset containsmore than 2000
firms, but many of these time series present extremely
high numbers of missing values. Because we want to com-
pute nowcasts starting from the beginning of 2006 and to
start the estimation period as early as possible, we exclude
several firms from the dataset. We keep the firms that had
started reporting by 1999 and reported until at least the

http://tilastokeskus.fi/til/ktkk/tjulk_en.html
http://tilastokeskus.fi/til/ktkk/tjulk_en.html
http://tilastokeskus.fi/til/ktkk/tjulk_en.html
http://tilastokeskus.fi/til/ktkk/tjulk_en.html
http://tilastokeskus.fi/til/ktkk/tjulk_en.html
http://tilastokeskus.fi/til/ktkk/tjulk_en.html
http://tilastokeskus.fi/til/ktkk/tjulk_en.html
http://tilastokeskus.fi/til/ktkk/tjulk_en.html


14 P. Fornaro / International Journal of Forecasting 32 (2016) 10–19
end of 2005. This gives an initial balanced dataset for the
estimation. The remaining dataset includes 579 firms for
the initial sample period. Oncewe drop the firms that have
missing values in the initial sample period, the volume of
turnovers of the remaining firms amounts to 45% of the to-
tal turnovers in the original dataset, increasing to 64% of
total turnovers by the end of 2005, and to 77% by the end
of 2012.While the information loss seemsquite large at the
beginning of the sample, the later periods seem to contain
a large fraction of the total turnovers in the original dataset.

In Appendix A.1, we report additional information
about the data accumulation process, including, for exam-
ple, the average percentage of firms reporting by ν days
after the end of the reference period, and the plot of the
cumulative eigenvalues for the turnovers dataset. These
statistics are useful for analyzing how much the data ac-
cumulation affects our estimates and howmuch the infor-
mation contained in this large disaggregated dataset can
be squeezed into a few factors.

4. Empirical results

We compute nowcasts by following the methods de-
scribed in Section 2. The initial in-sample period goes from
January 1999 to December 2005, whereas the nowcasting
period starts from January 2006.We re-estimate themodel
forwardusing an expandingwindowup toDecember 2012.
We start our analysis of the empirical results by having a
look at the plots of the nowcasts against the original series.
While this is an informal method of analyzing the results,
even a visual inspection of the nowcasts can give important
insights into their performances.

In Fig. 2, we show the nowcast for the TIO for themodel
using the factors selected by the BIC. We report only the
nowcasts obtainedusing theBIC in this section, as the crite-
rion of Groen and Kapetanios (2013) led to similar results.
We compare prediction performances based on the root
mean square forecast error (RMSFE), using an AR(p) model
as the benchmark, where the lag length p is selected based
on the BIC. Moreover, we also compute the mean absolute
percentage error of the predictions, to shed some light on
the actual applicability of the method.

Fig. 2 depicts the nowcast performance using the bal-
anced method with the factors selected based on the BIC.
We immediately see that at ν = 5, i.e., five days after the
end of the reference period, the nowcasts are pretty inac-
curate. Even though the nowcasts follow the overall trend
of the series, there are some large deviations, such as at the
end of 2009 and 2011. Remember that in the case of ν = 5,
the nowcasts are based on turnovers from a very small set
of firms.Moving even to ν = 10 or ν = 15, we have a fairly
large improvement: there seem to be many fewer implau-
sible spikes, and the nowcasts seem to track the original
series much better.

Another interesting feature is that there are no visible
improvements from goingmore than 20 days after the end
of the reference period. This indicates that the selection of
ν = 20 might be optimal for the factor model in Eq. (4) in
terms of the tradeoff between timeliness and the accuracy
of the nowcasts. This selection is able to pick up the most
interesting co-movements in the turnover dataset, and it
also appears that any further increase in the accuracy of
the nowcast might require the model to be augmented
with some additional predictive variables. This impression
gained from the plots is confirmed in Table 1, where the
root mean squared forecast errors (defined in Eq. (5)) do
not change substantially after ν = 25.

Next, in Fig. 3, we depict plots of the nowcasts based on
the factors extracted using the regularized EM algorithm.
As above, the factors used in the nowcasting regression are
selected using the BIC. This allows us to perform missing
value imputation, using the relative prediction error, but
we can use larger datasets even at earlier times.

We see immediately that there is a substantial degree of
smoothing in the nowcasts computed at t|5, even though,
similarly to Fig. 2, they remain inaccurate. Looking at the
root mean squared error results, we see that the balanced
method provide a better alternative for these very early es-
timates, even though neither method is able to beat the
benchmark AR model for ν = 5. Overall, nowcasts based
on the regularized iterative PCA seem to perform well, be-
ing able to predict at the very end of the sample as well,
which is something that the balanced method seems to
have difficulties with.

Even though graphs can give a general indication of
how well the methods perform, we still need to use
some numerical evaluation criteria for judging the out-of-
sample performances of the models at hand. We use two
different measures: the root mean square forecast error
and the absolute percentage error. The former is defined as

RMSFE =

 1
T

T
t=1

(yt − ŷt|ν)2. (5)

In our tables, we report relative RMSFEs, which are com-
puted relative to the RMSFE of the benchmarkmodel. Thus,
a value below one indicates that our nowcasting model
provides better nowcasts than the benchmarkmodels. The
other measure, the mean absolute percentage error, given
by

MAPE =
1
T

T
t=1

 (yt − ŷt|ν)
yt

 ,
indicates how far our estimates are from the true value on
average, thus giving a good indication of the method’s per-
formance in the light of a practical implementation. More-
over, we rely on the Diebold andMariano (1995) test when
comparing the predictive accuracies of two non-nested
nowcasting models. Throughout this analysis, we use the
AR(p) model as our benchmark model.

In Table 1,we report the relative RMSFE for the balanced
(Bal.) and EM (EM) methods using 10 factors and factors
selected by the BIC.

According to Table 1, it seems that the methods pro-
posed here are able to beat the benchmark AR(p) model
for most of the periods ν. The relative RMSFEs are con-
sistently below unity. Only the nowcasts performed five
days (ν = 5) after the end of the reference period are
worse than the benchmark. The nowcasts based on the EM
algorithm perform better at t|5, but seem to offer only a
moderate advantage over the balanced method. Another
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(a) ν = 5. (b) ν = 10. (c) ν = 15.

(d) ν = 20. (e) ν = 25. (f) ν = 30.

(g) ν = 35. (h) ν = 40. (i) ν = 45.

Fig. 2. Nowcasts computed with the balanced method at t|ν.
interesting aspect is the fact that the predictive perfor-
mance does not improve much after ν = 20. For our now-
casting application, the principal components are able to
estimate the important underlying factors by using only a
subset of the firms, without needing the complete dataset.
This overall superiority in predictive performance is also
confirmed by the results of theDiebold andMariano (1995)
test.

It is also important to have an idea of how much our
predictions deviate from the actual (revised) values of
TIO, in order to evaluate how well the models perform
in practice. Table 2 reports the mean absolute percentage
errors for the TIO year-on-year percentage changes.
It turns out that the balanced-method-based predic-
tions perform better at ν = 5, while the EM-based
nowcasts are slightly better later on. Also, the more par-
simonious models seem to create worse estimates than
the models with more factors included in the nowcasting
model in Eq. (4).

Overall, in Table 2, looking at the EM-based nowcasts,
the usual percentage deviation from the actual revised TIO
value is 1.3%. The usual revision done by Statistics Finland
is around 0.9%, so our estimates are somewhat worse than
those made by Statistic Finland (we get around a 44%
loss in accuracy). This is to be expected, as the Statistics
Finland revisions are based on the actual figures, which
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(a) ν = 5. (b) ν = 10. (c) ν = 15.

(d) ν = 20. (e) ν = 25. (f) ν = 30.

(g) ν = 35. (h) ν = 40. (i) ν = 45.

Fig. 3. Nowcasts computed using the EMmethod at t|ν.
have substantial publication lags and are based on a much
wider dataset. However, the nowcast errors do not differ
dramatically from the revisions of the initial estimates
computed by Statistics Finland, meaning that, taking the
reduction in the publication lag into account, our method
provides an attractive alternative to the method currently
used. Ultimately, the question is how much the statistical
agency values smaller revisions relative to having a more
timely indicator. As we will see, the larger deviations from
the revised values of the TIO are not reflected in the figures
for the quarterly GDP.

So far, we have focused on the nowcasts of the monthly
TIO; however, a very interesting application of this
methodology lies in the prediction of quarterly GDP. In par-
ticular, we can use the nowcasts constructed for the TIO to
compute early estimates of the GDP, with shorter publica-
tion lags than the current GDP flash estimate published by
Statistics Finland around 45 days after the end of the refer-
ence quarter. Using themethod presented in this paper, we
can shorten the publication lag considerably. One possibil-
ity is to estimate the quarterly GDP using the classical TIO
measurement for the first two months of a given quarter
and use the factor-based nowcast for the last month. Even
though we have seen that the nowcasting performance
does not improve greatly after ν = 20, the predictions get
slightly better at ν = 25. Moreover, Statistics Finland pub-
lication procedures do not realistically allow a release of
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Table 1
Relative RMSFEs for nowcasts of TIO in percentage changes, where the AR
model is used as a benchmark.

ν BIC factor
(Bal.)

10 factor
(Bal.)

BIC factor
(EM)

10 factor
(EM)

5 1.05 1.06 1.15 1.17
10 0.65*** 0.65*** 0.73*** 0.77***

15 0.68*** 0.65*** 0.65*** 0.66***

20 0.59*** 0.60*** 0.55*** 0.57***

25 0.55*** 0.59*** 0.54*** 0.57***

30 0.57*** 0.58*** 0.54*** 0.56***

35 0.57*** 0.58*** 0.54*** 0.56***

40 0.60*** 0.58*** 0.54*** 0.56***

45 0.58*** 0.57*** 0.54*** 0.56***

*** Indicates rejection of the hypothesis of equal predictive ability at the
1% statistical significance level.

Table 2
Mean absolute percentage errors for nowcasts of TIO in year-on-year
percentage changes.

ν BIC factor
(Bal.)

10 factor
(Bal.)

BIC factor
(EM)

10 factor
(EM)

5 0.024 0.025 0.026 0.026
10 0.015 0.015 0.017 0.017
15 0.016 0.015 0.015 0.015
20 0.014 0.014 0.013 0.014
25 0.013 0.015 0.013 0.014
30 0.013 0.014 0.013 0.014
35 0.013 0.014 0.013 0.014
40 0.014 0.014 0.013 0.014
45 0.014 0.014 0.013 0.014

Table 3
Mean absolute percentage errors for the obtained nowcast and flash
estimates of quarterly GDP (year-on-year percentage changes) for
different sample periods.

ν 2006–2012 2008–2012 2010–2012 2012

t—25 factor
estimates

0.0059 0.011 0.009 0.004

t—45 flash
estimates

0.0054 0.008 0.007 0.006

GDP before 25 days after the end of the reference quarter.
For these reasons, we use the nowcasts obtained at ν = 25.

In Table 3, we report the mean absolute percentage
errors (relative to the revised GDP figure) obtained by
predicting quarterly GDP year-on-year changes using this
method. The factor model employed is based on the EM
method, andwe report results based on t|25 estimates. The
number of factors is selected using the BIC.

The results presented in Table 3 are very encouraging. It
seems thatwe can shorten the publication lag considerably
without any major increase in the revision error. In
particular, in the six years between 2006 and 2012, the
nowcasting errors of the factor model and the current
flash estimates are essentially equal, while the factor
methodmanages to beat the current estimates for the year
2012. Based on these results, we conclude that nowcasts
based on the proposed factor model provide a competitive
method for nowcasting GDP growth.

5. Conclusions

In this study, we have used a large dataset of Finnish
firm-level turnovers to compute factors which are in turn
included in a predictive regression for nowcastingmonthly
economic activity. We compute the factors using two
methods. In the first method, we simply eliminate the
firms that present jagged edges or missing values, thus
ensuring that the turnover dataset is balanced, and use a
simple principal component estimator to extract the fac-
tors. We call this routine a balanced method. In our other
method, we perform missing value imputation using the
factor model and the regularized EM algorithm proposed
by Josse and Husson (2012a). This method allows us to use
all of the firms in the dataset, but is also computationally
more intensive than the balanced method.

We find that both of thesemethods beat the benchmark
nowcasts based on the ARmodel for all estimation periods
except for very early periods close to the end of the
month that we want to nowcast. We also find that the EM
method does provide better nowcasts than the balanced
method, but the improvement is not very large. Finally, we
find that the factor-based nowcasts provide a competitive
alternative to the current flash estimates of quarterly
GDP year-on-year growth. In particular, we see that the
nowcasts computed using this method allow substantially
shorter publication lags (in our case, a 20-day reduction in
the publication lag). Overall, our main finding is that the
factors extracted from a large micro dataset are useful for
predicting economic activity.

There are several possible extensions to this paper. The
most obvious one is to expand the initial cross-section of
variables used in the factor extraction. Along with firm-
level turnovers, we could also include macroeconomic and
financial variables in our nowcastingmodel. Moreover, the
factors and the TIO estimates obtained in this exercise
could be used in awider nowcasting application. Very early
nowcasts can be produced based on surveys and financial
variables, but as time goes on, we can also add the TIO es-
timates as indicators in the nowcasting equations. In ad-
dition, the nowcasting regression used could be extended,
for example, by adding lags of the dependent variable or
the constructed factors. We could also use models which
take factor dynamics into account in the factor estimation
(see e.g. Doz, Giannone, & Reichlin, 2011).
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Table A.4
Accumulation of turnover data by ν days after the end of the reference month.

ν 5 10 15 20 25 30 35 40 45

Number of firms reporting 35 125 262 389 432 454 460 465 468
% of firms reporting 7 26 56 83 91 96 97 98 100
% of turnovers reported 7 25 57 84 92 97 97 98 100
Table A.5
Average autocorrelations and cross-sectional correlations of the idiosyn-
cratic components for different firms.

Firms Whole sample Top 10% Bottom 10%

Autocorrelation 0.11 0.10 0.11
Cross-correlation 0.002 0.02 0.01

Fig. A.4. Cumulative eigenvalues plot.

Appendix

A.1. Data accumulation

One of the nice features of the dataset used in this study
relates to the possibility of tracking the data accumulation
obtained by the official statistical agencies such as
Statistics Finland. It is interesting to see how the data
accumulation evolves over time, reflecting the dynamics of
the information available to the data producer. In Table A.4,
we report the average numbers and percentages of firms
sending their turnover data to Statistics Finland at different
points in time after the end of a given period (denoted by
ν). Note that the percentage is calculated with respect to
the number of firms that have reported by ν = 45. This
decision causes the average number of firms reporting by
ν = 45 to be less than the total number of firms present
in the dataset (579), even though we take the percentage
of firms reporting by ν = 45 to be 100%. Many firms send
their data more than 45 days after the end of the reference
month. We also include the percentage of total turnovers
reported by a given date, in order to check whether there
is any relationship between firm sizes and the timeliness
of their reports.
The accumulation of the data seems to become very
slow once it is more than ν = 20 or ν = 25 days after the
end of the referencemonth. This is also reflected in the fact
that the nowcasting performance does not improve much
after ν = 20 (see Section 4). Moreover, the percentage of
firms reporting and the percentage of turnovers accumu-
lated are very similar. This indicates that there is no specific
pattern as to which kinds of firms report their turnovers
first. If the largest firms sent their turnovers first, then we
would find that the turnover accumulation was faster than
the percentage of firms reporting.

A.2. Factor properties

Given the novelty of our dataset, we are interested in
seeing whether some of the basic assumptions of the fac-
tor model described in Section 2.1 are met. In particular,
we want to check that the idiosyncratic components do
not present strong serial and cross-sectional correlations.
In Table A.5, we report average absolute first-order auto-
correlations and cross-correlations for the whole sample
of firms. Moreover, we divide the sample of firms by the
size (calculated as the time average of the ratio of a firm
turnover to the total turnovers) and compute the correla-
tions for the bottom and top 10th percentiles.

From Table A.5, we see that the idiosyncratic errors do
not display large serial correlations. Furthermore, accord-
ing to the Monte Carlo experiment presented by Stock and
Watson (2002b), factor estimation with principal compo-
nents is effective even with moderately autocorrelated er-
rors, noting that the example that the authors use involves
correlations higher than those reported in Table A.5. Thus,
it seems that the principal component estimation using our
dataset should not generate problems in terms of error de-
pendencies.

Another interesting question in relation to this highly
disaggregated dataset is how much information can be
squeezed into constructed factors. To shed some light on
this matter, Fig. A.4 reports the plot of cumulative eigen-
values for the dataset of turnovers in December 2012 of
firms reporting by January 31st (that is, the last and most
extensive vintage available).

This plot, together with Table A.6, gives us a rough idea
of how much of the variance in the turnover dataset is ex-
plained by the common factors. Even though the cumu-
lative eigenvalues do not increase greatly after the fourth
factor, we find that a richmodel, withmore than 20 factors
in the nowcasting model in Eq. (4), performs well.
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Table A.6
Variance of the firm-level dataset explained by common factors.

Number of factors 1 2 3 4 5 6 7 8 9 10
0.37 0.47 0.55 0.61 0.65 0.68 0.70 0.72 0.74 0.75

Number of factors 11 12 13 14 15 16 17 18 19 20
0.77 0.78 0.79 0.79 0.80 0.81 0.82 0.82 0.83 0.84
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