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Abstract

Real-time assessment of quarterly GDP growth rates is crucial for evaluating an economy’s current prospects given
that the relevant data are normally subject to substantial delays in publication by the national statistical agencies. Large
information sets of real-time indicators which could be used to approximate GDP growth rates in the quarter of interest
are characterized by unbalanced data, mixed frequencies, systematic data revisions, as well as a more general curse
of dimensionality problem. The latter issues could, however, be practically resolved by means of dynamic factor model-
ing, which has recently been recognized as a useful tool to evaluate current economic conditions by means of higher
frequency indicators.

Our main results show that the performance of dynamic factor models in predicting Russian GDP dynamics appears to
be superior to other common alternative specifications. At the same time, we empirically show that the arrival of new
data seems to consistently improve DFM'’s predictive accuracy throughout sequential nowcast vintages. We also intro-
duce an analysis of nowcast evolution resulting from the gradual expansion of the dataset of explanatory variables, as
well as the framework for estimating contributions of different blocks of predictors into nowcasts of Russian GDP.

Keywords: GDP nowcast, dynamic factor models, principal components, Kalman filter, nowcast evolution
JEL Classification: C53, C82, E17
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INTRODUCTION

Over the last decade Russia has experienced periods of both favorable and adverse con-
ditions for economic growth which were caused simultaneously by internal and external factors.
Increase in GDP throughout the steady trend in oil price growth starting in 2002 were followed by
a dramatic downturn in the second half of 2008 and most of 2009, which came in the aftermath of
a global economic and financial crisis. Further revival in economic growth was not persistent and
still accompanied by some fluctuations in GDP dynamics. In the last couple of years the Russian
economy has found itself in another slump, the nature and future prospects of which could per-
haps be simultaneously described by a set of structural factors, deterioration of external economic
conditions, as well as increased uncertainty given the consequences of the recent global political
tensions and imposed sanctions.

Significant swings in the dynamics of macroeconomic variables and structural changes in
the economy in general bring additional complications to the process of forecasting economic ac-
tivity. The latter task is of great importance for conducting macroeconomic policy as a whole. With
respect to the functions of the central bank, reliable real time assessments and forecasts of future
GDP growth, as well as identification of the major forces driving the changes in growth, are es-
sential for conducting monetary policy and analyzing its possible effects on the economy over var-
ious horizons.

The problem of nowcasting GDP is mainly due to the fact that actual data on economic
growth for the current quarter are usually published by the main national statistical office with a
delay of at least 45 calendar days. However, statistical models using more timely data on higher
frequency indicators, the dynamics of which can perhaps provide signals as to economic activity
in the current quarter, are often now accepted as a common tool for assessing GDP growth in
real time. The latter dataset of timely predictors, however, may be characterized by mixed fre-
guencies or may be subject to various publication lags and hence different observation lengths at
each point in time (the ragged end problem).

This study aims to exploit the dynamic factor model (DFM) framework for the purpose of
nowcasting and short-term forecasting of Russian GDP using a large information set of potential
predictors and studying its major performance results as compared to other possible specifica-
tions. We employ the DFM methodology, advocated by Doz, Giannone, Reichlin (2011) and
Giannone, Reichlin, Small (2008), in nowcasting and short-term forecasting Russian GDP. The
latter approach allows for estimating the DFM in the state space form by using the Kalman filter to
cope with unbalanced datasets that are characterized particularly by ragged ends.

The results of our empirical study generally show that a large-scale DFM on the whole
yields performs well in short-term forecasting and nowcasting of Russian GDP, generally outper-

forming most commonly known benchmark models in terms of predictive accuracy. We also show
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that new statistical releases of higher frequency explanatory indicators tend to consistently im-
prove the accuracy of model-based nowcasts and backcasts of Russian GDP for the given quar-
ter of interest. The latter conclusion does not, however, strictly hold for the cases of one- and two-
quarter ahead forecasts of GDP, which is most likely attributable to the much greater forecasting
uncertainty of longer horizons.

Another important finding is that DFM specifications based solely on hard data (which pri-
marily includes industrial production, investments, domestic retail trade turnover, foreign trade
indicators and unemployment statistics) display similar accuracy of nowcasts of Russian GDP as
compared to larger information sets that additionally encompass various survey data, as well as
financial and external indicators. Larger datasets, nevertheless, bring a considerable value-added
in terms of a more plausible DFM forecast performance over larger horizons of one and two quar-
ters.

As for the explanatory factors for Russia’s recent growth dynamics, one of our main con-
clusions is that leading and coinciding indicators in the form of survey data, hard data, and exter-
nal and financial statistics were generally in line with each other in explaining the recent slow-
down in Russian GDP growth. The results of the latest DFM-based forecasting and nowcasting
vintages clearly show, however, that some variable groups pointed at quite different growth per-
spectives, as survey data and financial indicators have particularly proven to be the most clear
indicators of current and future possible sharp slowdown of the Russian economy.

Our paper is further structured as follows. Section 1 presents the model setup and statisti-
cal data used in our study to perform model-based predictions of Russian GDP. Section 2 de-
scribes our estimation process and analyses the accuracy of DFM’s forecasts of Russian GDP
over various horizons. Section 3 is devoted to a brief comparison of DFM’s predictive perfor-
mance with that of alternative benchmark models. Section 4 introduces some recent empirical
implications of using the results of our DFM in explaining the major sources of real time model-

based assessments of Russian GDP. The final section concludes.
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1. MODEL SETUP AND DATA

The main idea behind factor models, which are now receiving substantial attention in the
context of econometric forecasting, consists in the fact that the dynamics of a large set of eco-
nomic indicators are generally driven by a small number of common factors. Moreover, the overall
idiosyncratic component in observed indicators seems to diminish with the inclusion of additional
predictors in the factor model. The DFM proposed in our study for nowcasting and short-term
forecasting of Russian GDP can be given the following state-space representation:

X, =AF +¢ 1)
Ft = QFt—l + Ct (2)
Y = ZFtQ + EFt?l +ay, , + 1 (3)

X; is the matrix of observed indicators at month t, F; is the matrix of several identified latent
factors (in our further baseline DFM specifications there are three of these), y; is quarterly sea-
sonally adjusted GDP growth (in constant 2008 prices) officially published by Russia’s Federal

State Statistics Service (Rosstat), A, Q, Z, =, a are matrices of estimated unknown parameters
and 5t,§t177t are idiosyncratic error terms. Equations (1)-(3) are estimated by quasi maximum

likelihood approach which, as shown in Doz, Giannone, Reichlin (2011), provides reliable esti-

mates over large datasets and yields robustness to model misspecification. Further details on the

estimation process will be discussed extensively in Section 3.

Our dataset includes 116 explanatory variables that are mostly observed on a monthly ba-
sis. We include in our model those variables that are reported by Rosstat and Bank of Russia, as
well as indicators monitored and disclosed by reputable financial market participants and other
institutions. The dataset is further broken down into three major categories (blocks):

— Survey Data (50 variables: includes statistics on leading indicators based on surveys study-
ing producers’ sentiments and preconditions for industry growth: primarily, Markit PMI data
and diffusion indices published by Russian Economic Barometer for various industries).

— Hard Data (36 variables: industrial production, investments, domestic trade turnover, em-
ployment data, trade balance indicators and other relevant variables).

— External&Financial Data (30 variables: indicators of economic growth among major trading
partners, commodity prices, real sector and interbank interest rates, money and credit

growth, stock market indices, capital flows).
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Figure 1. Approximate Timing of Statistical Releases of Explanatory Variables for
Russian GDP Included in the DFM

First Nowcast Second Mowcast Third Nowecast Backecast

I 1 1 1

Month 1 Month 2 | Month 3 | Month 1 [ Month2 A | A Month 3

Quarter ¢ Quarter t+1 Official estimate
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for quarter t

Preliminary release
of GDP
for quartert

- = Survey Data
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- External&Financial Data

Figure 1 schematically demonstrates the timing of statistical releases of explanatory varia-
bles used in our DFM specification. At this stage it is important to note that for some specific cal-
endar month we perform model-based vintages of nowcasts, forecasts and backcasts of Russian
GDP close to the 20™ day of the next calendar month. For example, if the nowcast vintage for the
fourth quarter of the calendar year is performed somewhat around November 20", it employs the
most recent data available up to October, which is the first calendar month of the quarter of inter-
est, so the exercise is treated as the first vintage of nowcast for the current quarter, and so on.

We generally explain our choice of the above-mentioned period for performing DFM-based
nowcast and forecast vintages for Russian GDP by the fact that in Russia this is the period for
some crucial hard data releases for the previous months (primarily, industrial production, invest-
ments and retail trade). Our further analysis shows that this subset of statistical data is, in particu-
lar, a crucial contributor to the quality of GDP nowcasts for Russia. Consequently, in case of mak-
ing projections of Russian GDP growth for the current quarter, it is of great importance to the
forecaster that the following data are usually revealed prior to the upcoming vintage. In general,
however, nowcast exercises throughout the quarter of interest can obviously be performed more
frequently, as the question of optimal nowcast vintage periodicity is being explicitly addressed in

some specific recent studies (see, for example, Bragoli et al. (2014) for further details).
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It is also worth mentioning that one particular property of external&financial variables con-
sists in the fact that some of those are observed on a daily basis (in case of our particular dataset,
these are commodity prices, interbank interest rates, stock market indices, ruble exchange rates).
Hence, such information can be used to approximate most of the timely indicators for the current
month when GDP nowcast and forecast exercises are performed. We opt for incorporating into
our DFM simulations respective data for the previous month upon the most recent daily statistics.
This is done by converting such data into monthly frequency by taking the average of the respec-
tive values observed from the 21% day of the previous month and up to 20" day of the current
month (instead of just computing monthly average for the previous calendar month and ignoring
the most recent daily data). For the moment the following procedure did not significantly improve
our estimation results as compared to the case when values of the most timely predictors are av-
eraged over the previous calendar month. We, nevertheless, claim that the possibility of perform-
ing such a monthly shift with respect to daily predictors of GDP used in the DFM could be essen-
tial in periods of their substantial fluctuations. The latter phenomena have been recently observed
for the Russian economy, given, for instance, extremely volatile ruble exchange rate dynamics
seen generally throughout the second half of 2014.

Prior to the estimation process all the time series are transformed so as to insure station-
arity and to link the partially observed monthly values of predictors that are published in the cur-
rent quarter with their respective dynamics in the previous quarter. The latter aspect may prove
crucial in the process of constructing unobservable common factors on a quarterly basis which
are then used as explanatory variables of quarterly GDP growth. In this respect, we follow mainly
Mariano, Murasawa (2003) and Giannone, Reichlin, Small (2008) and introduce the following

three types of transformations into our monthly dataset ( X, denotes levels of a given time se-

ries):
1. Three-month differences:
Xip = Xip = Xies 4)
2. Three-month averages:
1
Xip = g(xit + Xi + X)) -
3. Average “rolling quarter” growth rates:
1 1 1
Xiy = g(ln Xig =In X _5) + g(ln Xia—InX;y) +§(In X2 =N X5 5)
(6)

The list of explanatory variables and their transformation types outlined above is provided
in Appendix .
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2. ESTIMATION PROCESS AND RESULTS OF DFM’S PREDIC-
TIVE ACCURACY

2.1 Basic methodology

We now proceed with the detailed description of the estimation process of the DFM.

In the first step, unknown parameters from equations (1)-(2), and unobserved future val-
ues of monthly predictors are estimated iteratively by principal components and a Kalman filter,
as suggested in Giannone, Reichlin, Small (2008). We further consider our latest GDP forecast
vintage to be that performed in late January 2015 which in our framework corresponds to the third
nowcast of 2014Q4 and forecasts up to 2015Q2. The estimation process was performed over the
monthly sample June 2002-December 2014 (151 observations). However, monthly and eventually
guarterly unobservable factors are also extrapolated for two extra quarters ahead (up to the end
of 2015Q2 as of now), since that period is the longest forecast horizon of interest here. We even-
tually identify three latent factors based on our preliminary tests of DFM’s predictive power as
compared to similar specifications with fewer lags.

As our second step, the latter estimates are incorporated into equation (3) and latent fac-
tors are converted into quarterly frequency in order to proceed with standard OLS estimation of
regression of real GDP growth on its lagged values and values of unobserved factors. The sam-
ple picked for estimating equation (3) on the basis of identified quarterly unobserved components
is 2003Q1 — 2014Q3, which now includes 47 observations. The final specification of equation (3)
includes real GDP growth in the previous quarter, contemporary values of three identified latent
factors, as well as their previous quarter lags, and a constant term. This choice resulted from our
prior statistical tests which included AIC and BIC as conventional lag length criterion, and analysis
of data fit and RMSEs for different specifications; the results are set out in the following sections.

One of the major caveats in the process of estimating equation (3) consists in the fact that
it uses values of GDP growth for the preceding quarter, the actual data on which are not normally
disclosed by Rosstat until late in the second month or early in the third month of current quarter.
Moreover, forecasts for the next quarter rely on GDP growth in current quarter, which is also sub-
ject to nowcasting itself. Finally, forecasts for quarter T+2 depend upon DFM-based GDP fore-
casts for quarter T+1 as well.

Consequently, we proceed with the estimation as follows. We begin by running equation
(3) for the first nowcast of the starting quarter 2003Q1 on the basis of the actually known value of
GDP growth for the preceding quarter (2002Q4). This allows us to obtain the earliest unknown
parameter estimates of the GDP equation and to use them to produce the nowcast for 2003Q1,
calculated on the latest high frequency data as of January 2003. The Kalman filter is then used to

construct future values of estimated by PCA unobserved latent factors for the maximum of eight
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months ahead: two more months in the current quarter to be nowcasted plus six months for the
forecast of two quarters ahead (up to September 2003). The first nowcast for 2003Q1 produced
by the model is simultaneously taken as a lagged value of GDP growth and plugged into equation
(3) with its current parametrization in order to compute the forecast for 2003Q2. The latter figure
could be used to obtain the first DFM forecast for 2003Q3. The following procedure is then per-
formed over the whole sample period.

With respect to the estimation procedure outlined above, a specific approach to the sea-
sonal adjustment of data must also be elaborated. Initially we use the conventional TRAMO-
SEATS approach to extract the seasonal component from the dataset of explanatory variables.
This approach, however, seems to be worth some further elaboration. In particular, Orphanides
&van Norden (2002) and Rusnak (2013) argue that the use of seasonally adjusted data on the
whole sample when parameterizing and evaluating the model’s predictive accuracy for previous
points in time may unfairly provide the model with valuable information about possible turning
points in the dynamics of predictors that was not actually available in those past periods. Against
this background, we adopt a fairer approach: sequentially performing a seasonal adjustment each
time new information on predictors arrives during the sample period.

The issue of picking a specific training sample for bringing the model to the data and esti-
mating DFM'’s predictive accuracy in pseudo real time is also worth some prior discussion. On the
one hand, we do not want this sample to be too short since model-based errors would then be
subject to a lower level of statistical confidence and greater uncertainty. On the other hand, pick-
ing a longer sample for studying DFM'’s forecast and nowcast precision is subject to caveats re-
lated to statistical breaks in the data. Provided that in the process of simulating the model over
the training sample period we aim at reestimating the DFM’s parameters recursively together with
the arrival of new relevant data each month and use the latest parametrization results for produc-
ing further nowcasts and backcasts, data for the most recent periods are generally of greater im-
portance. In this respect, our baseline training sample runs from 2012Q1 up to 2014Q3 (most re-
cent observation of Russian quarterly GDP as of late January 2015) and includes 11 historical
observations. Under alternative simulations, we perform pseudo real time vintages of forecasts,
nowcasts and backcasts for the subsample 2006Q1-2014Q3" (35 historical observations).

By using information on the monthly values of predictors within each quarter of the training
sample, short-term forecasts, nowcasts and backcasts of real GDP growth for the quarter of in-
terest can be produced for each point in time. We choose the root mean squared error (RMSE) of
the forecasts, nowcasts and backcasts of GDP as a common tool for evaluating our DFM’s pre-

dictive accuracy. RMSEs over each forecast horizon are computed as follows:

! This excludes the time period between 2008Q3 and 2009Q2 which was characterized by a sharp and quite unfore-
seen slump of the Russian economy in the sharpest phase of the world economic and financial crisis.
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N
Dy -92)°
_ t=1
RMSE = - @)

th and )7? denote actual and predicted values of quarterly real GDP growth for Russia respec-

tively, n is the number of observations within the training sample and N is the last observation of
the training sample as of now (2014Q3).

Figure 2 below depicts estimated average RMSEs of forecasts, nowcasts and backcasts
over eleven quarters in pseudo real time for full sample estimates derived from baseline simula-

tion.

Figure 2. Average RMSEs
0.5 oo s
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Note: The chart depicts average RMSEs of Pseudo Real Time 2-quarter, 1-quarter-ahead forecasts, nowcasts and backcast of Rus-
sian GDP growth in 2012Q1-2014Q3 (DFM estimates).

We perform ten exercises in total: six vintages of one- and two-quarter-ahead forecasts for
qguarter T (from the first month of quarter T-2 up to the third month of quarter T-1), three vintages
of nowcasts for quarter T (consecutively using data for the first, second and third months of the
current quarter), and one vintage of backcast in the first month of quarter T+1 (further backcast

vintages are not produced since Rosstat’s first assessments of GDP growth for the preceding
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guarter are already published roughly with a 45-60 calendar day lag, i.e. at the end of second or
at the beginning of third month of quarter T+1).

According to DFM estimates within different blocks and block mixes, forecast accuracy
generally seems to improve as we approach the period when actual GDP data for the quarter of
interest is published. Before actual monthly predictors for the forecasted quarter are observed,
these values are by construction extrapolated using the Kalman filter. Uncertainty about these
values does not seem to monotonously decrease as we move through quarters T-2 and T-1. For
instance, average RMSEs for one- and two-quarter ahead forecasts exceed the respective aver-
age RMSEs of the 2-quarter ahead forecast in the third month of quarter T-2. However, starting
from the second month of quarter T-1, average RMSE declines more clearly as new relevant data
presumably start to arrive. The highest predictive accuracy eventually comes from the backcast in

the first month of quarter T+1, which is broadly in line with prior intuition.

2.2 Other DFM specifications

We then proceed by comparing the results of our DFM-based RMSEs computed under
baseline simulations (116 explanatory variables, three latent factors, training sample starting at
2012Q1) to the respective predictive accuracy of alternative DFM specifications and training

samples. The latter include:

i. DFMs based on individual data blocks and block pairs.

ii. DFMs based on fewer latent factors.

iii. Restricted information set (reduced consecutively to 90 and 45 variables, as compared to
116 variables in baseline simulations).

iv. Alternative pseudo real time running from 2006Q1, as opposed to 2012Q1 in baseline sce-
nario.

v. Benchmark competitor models (introduced explicitly in Section 4).

Individual data blocks and block pairs

First we turn to a comparison of point estimates of our DFM-based RMSEs with respective
simulations across particular data blocks and block pairs.
Figures 3a and 3b display average RMSEs for baseline pseudo real time DFM simulation

across specific data blocks, as well as across different pairs of data blocks.
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Figure 3a.  Average RMSEs: Individual Groups
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Figure 3b.  Average RMSEs: Group Pairs
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Detailed statistics for RMSE point estimates across different data subsamples and
forecast horizons for baseline DFM simulations are presented in Table 11.1 in Appendix II.

A comparison of forecast performance on stand-alone blocks under baseline simulations
suggests that survey data block within our DFM framework outperforms the hard data and
external&financial blocks in forecasting Russian GDP. One possible explanation for this is that
leading indicators should by definition be more successful in forecasting future GDP, whereas
hard data movements reflect the most current economic activity and are presumably more
important for nowcasting and backcasting of GDP. Thus, RMSEs of late forecasts and nowcasts
obtained over the hard data block start to slide declining below the respective RMSEs of the
survey block.

External&financial block is apparently dominated by the survey data and hard data blocks.
Our additional tests suggest that in many cases the former does not provide a statistically signifi-
cant improvement in forecasting or nowcasting performance, although forecasting quality obvi-
ously does not deteriorate together with the inclusion of the respective variables in the DFM. The
latter result is generally in line with some other recent studies (see e.g. Banbura et al. (2012)).
Nevertheless, as has been shown above, a combination of the three blocks improves point
estimates of RMSEs over forecast horizons considered?.

Our baseline results generally show that the RMSE is lower for full sample simulations as
compared to the same exercise with only partial block inclusion. This is generally the case for
one-quarter and two-quarter-ahead forecast vintages. However, nowcast and backcast accuracy
of specifications that involve 36 identified hard data variables is quite close to the goodness of fit
yielded by full sample models, regardless of the number of latent factors identified in the DFM
(see Table 1.1 in Appendix II).

Fewer unobservable factors

DFM’s forecast accuracy resulting from baseline pseudo real time simulations over two
unobservable factors appears to be on average worse than that over three latent factors. The lat-
ter effect is expectedly tracked down in DFM simulations with larger portions of explanatory varia-
bles of different kinds, i.e. over the full dataset and block pairs rather than individual blocks (see

Table 11.2 in Appendix Il for further details).

2 The results provided above, however, are subject to further statistical tests. In order to check the statistical
significance of the difference in forecasts between blocks we, as a rule, also employed the conventional Diebold-
Mariano test of equal predictive accuracy. Its results clearly indicated a better performance with full sample and survey
data specifications as compared to other possible block mixes.
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Somewhat surprisingly, our results show that whereas under three-factor framework full
sample specifications outperform truncated ones (that is, separate blocks or combinations of dif-
ferent block pairs) at almost all forecast horizons, in models with two unobservable factors survey
data seems to dominate all alternative block mixes (including full sample specification), especially
for one- and two-quarter-ahead forecasts.

Figure 4. Unobserved Common Factors of Real GDP Growth Identified by Principal
Components and their Two-Quarter-Ahead Forecasts by Kalman Filter (as
of January 2015)
24.0 - 24.0
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Sources: Federal State Statistics Service (Rosstat), authors’ calculations

On the one hand, the result outlined above could perhaps be explained by the fact that
survey data consists mainly of leading indicators that appear to be more relevant for predicting
future movements in GDP as opposed to its estimates in real time, i.e. nowcasts. This is also true
for some of the financial variables (mainly interest rates, money supply and credit developments)
that have more pronounced lagged effects on GDP growth in contrast e.g. to hard data variables.
On the other hand, inclusion of an extra latent factor in the DFM improves the relative quality of
full sample forecasts (along with some other crucial statistical properties). The latter factor may

lead to an important conclusion that the third latent factor under the full sample framework cap-
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tures additional valuable information on survey indicators, as the first two unobservable compo-
nents are mainly dominated by other data blocks, primarily hard data. This is clearly shown in
Figure 4 which depicts three quarterly latent factors obtained under full sample simulations and
estimated by principal components.

The dynamics of the first unobserved factor somewhat resembles quarterly change in
Russian economic growth and is highly correlated with hard data indicators that largely encom-
pass industrial production, retail trade, investments and other relevant indicators. The dynamics
of the remaining two latent factors appear to be more mixed, and relatively larger weights in these
cases are assigned to survey indicators, as well as external&financial data, which seem to con-

tribute to improvements in the forecasts and nowcasts of GDP.

Restricted information sets of 90 and 45 variables

Another important issue with respect to the choice of particular observable variables for
forecasting with large factor models consists in choosing the appropriate dimension of the infor-
mation set. To check for parsimony, we reduced our sample size from 116 explanatory monthly
variables to 90 and 45 respectively, leaving equal numbers of variables within each block so that
neither type of data dominates (that is, 30 and 15 variables from each block respectively).

RMSEs of the latter simulations are also provided in Tables I1.3a and 11.3b in Appendix II.
Restricted subsamples on the whole worsen the DFM's predictive accuracy at one- and two-
guarter forecast horizons. However, truncated models yield obviously lower RMSEs for nowcast-
ing and backcasting vintages. The DM test rejected the null hypothesis of equal predictive accu-
racy for most of the truncated specifications against models with the full data set, and rejected the
null of equal predictive accuracy with full sample baseline specifications (116 variables) for now-
casts and backcasts.

Taken together with the fact that different data blocks seem to valuably contribute to
DFM'’s forecasting quality and that full sample specifications exhibit lower RMSEs on average, the
results stated above generally lead to the conclusion that the initially chosen dataset of 116 ex-
planatory variables is quite informative and that presumably there are no any specific groups of
variables that systematically provide misleading noise with respect to the model’s forecasts and
nowcasts. The use of this large information set is, however, justified mostly for forecasts and,
perhaps, early nowcasts, as models with fewer but most important variables (constructed on
some mixed blocks involving hard data block or hard data block only) produce essentially similar

prediction errors.
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Alternative pseudo real time simulations

Despite the fact that estimation of DFM parameters was carried out over a rather short da-
ta sample, to allow for a somewhat more reliable testing of the model’'s predictive accuracy, we
find the results outlined in the previous sections to be generally robust to particular specifications
of the pseudo real time training sample. In particular, results of RMSE calculations in alternative
pseudo real time given by the period 2006Q1-2014Q3 mostly correspond to our baseline conclu-
sion on the relative predictive accuracy of DFMs constructed over the whole information set, on
the one hand, and individual blocks and group pairs, on the other hand (for further details see Ta-
ble 11.4 in Appendix ).

3. COMPARISON OF DFM’'S PREDICTIVE ACCURACY
AGAINST BENCHMARK MODELS

In our study we eventually chose three alternative benchmark specifications for comparing
forecast performance of DFM with benchmarks: naive random walk (RW), bridge equations
(BRIDGE) and dynamic factor model of RenCap—NES (RenCap-NES).

Random walk

First is the conventional naive random walk which, however, is normally subject to a rela-
tively poor forecasting performance in case of developing economies whereas a more substantial
pattern in GDP dynamics is exhibited as compared to developed countries. However, in periods
of less volatility in GDP dynamics random walk forecasts still prove to be relatively plausible. RW

forecasts are produced from a simple equation of the form

Y =Yk TELE T N(O’GZ) (8)

Bridge equations

We also estimate conventional bridge equations (see e.g. Baffigi et al. (2004)) as one of
the benchmark competitor models. Forecasting with bridge equations is performed in two steps.
First, we forecast monthly indicators to deal with ragged ends using an ARMA(2,2) model. Month-
ly predictors are then averaged to quarterly frequency and used to forecast GDP or its compo-

nents via simple bivariate regressions of the following form:

o=a+ 2 AL +&~NOS) g
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The appropriate lag length is chosen by the standard Akaike, Schwartz and/or Hannan-
Quinn criteria.

We estimate a single bridge equation for GDP (supply-side model), and bridge equations
for each GDP component (demand-side model). Industrial production in core industries is used as
a monthly indicator for the supply-side model. In the demand-side model, we use turnover of retail
trade and services to forecast households’ consumption, and monthly indicators of fixed capital
investment, exports and imports to forecast the corresponding quarterly national accounts indica-

tor.

Rencap—NES leading GDP indicator model

The RenCap-NES Leading GDP Indicator is a joint project of Renaissance Capital and the
New Economics School in Moscow, aimed at producing forecasts and nowcasts of Russian GDP
on the basis of a large dataset of explanatory variables. The econometric approach of RenCap-
NES Leading GDP Indicator is also based on factor modeling®.

Our results of forecasting comparison with benchmark models are presented in Table 1.

Table 1. Average RMSEs of DFM (Baseline Pseudo Real Time Simulations):
Comparison with Benchmark Specifications

Model and Forecast quarter T+2 Forecast quarter T+1 Nowcast quarter T Backcast
Forecast Month | Month | Month | Month | Month | Month | Month | Month | Month Month
Horizon 1 2 3 1 2 3 1 2 3 1
DFM 0.47 0.43 0.37 0.41 0.26 0.33 0.30 0.24 0.19 0.16
RW* 0.58 0.47 0.47 0.47 0.39 0.39 0.39 0.30 0.30 0.30
BRIDGE - - - 0.59 0.42 0.54 0.54 0.55 0.59 0.50
RenCap— - - 1.12 0.79 0.68 0.69 0.68 - - -
NES

Sources: RenCap — NES, authors’ calculations

Our above-given estimates generally point at better performance in terms of accuracy of
the DFM in comparison with the random walk, bridge equations and RenCap-NES models.

Moreover, point estimates of RMSEs of almost all block combinations over both baseline and al-

® More information on the RenCap-NES Leading GDP Indicator for Russia can be obtained at

https://research.rencap.com/eng/RenCap-NES Leading_GDP_Indicator.asp

* The RMSEs of random walk are provided for the second and third month of the current quarter when at least prelimi-
nary releases on previous quarter's GDP become disclosed. For the first months, we use the two-quarter lag to predict
GDP growth assuming that at that time the data for the previous quarter are then known.
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ternative training samples are lower than those yielded by bridge equations and the RenCap-
NES factor model approach (see also Appendix Il for more details).

Bridge equations seem to be outperformed not just by the DFM estimated in our paper,
but by random walk forecasts of Russian GDP as well. This favors the use of a much larger in-
formation set for improving GDP’s forecasting accuracy, which is precisely what is done in our
study.

Surprisingly, RenCap-NES forecasts and early nowcast do not yield higher predictive ac-
curacy in comparison with less sophisticated benchmarks, although the methodology used in this
study is also associated with factor modeling. As far as the description of the methodology availa-
ble on the RenCap-NES website is available, a possible explanation for such a result may be
connected with the fact that this alternative approach does not strictly employ the preliminary
transformations of variables suggested by equations (4)-(6), which turns out to be crucial in de-
picting quarterly changes in explanatory variables and consistency of their representation in GDP

dynamics. We intend to leave the latter issue for future research.

4. ANALYTICAL IMPLICATIONS OF DFM’'S RESULTS TO
STUDYING RECENT GDP DEVELOPMENTS IN RUSSIA

4.1 Nowcast Evolution Exercise

In order to study the decomposition of current nowcast’s value into impacts of different
variables, we use the DFM’s parametrization at each point in time to perform the “nowcast
evolution” exercise. Under the “nowcast evolution” exercise observable variables are incorporated
into the model step-by-step in an arbitrary order. By convention, first come indicators that are
observed most recently, i.e. for month t-1 if the nowcast exercise is being performed at month t
(December 2014 and January 2015 respectively in the most recent vintage presented in this
paper). These are consecutively followed by data observed up to t-2 and t-3 (that is, respectively,
November 2014 and October 2014 in the most recent vintage). Within each of these periods of
latest data availability the ordering is similar: survey data, hard data, external&financial data. Or-
dering of variables within each group is done randomly and corresponds to the sequence, in
which variables in Appendix | are listed.

Figure 5 depicts model-based evolution of the nowcast for 2014Q4, performed in late
January 2015 using data on observable predictors for previous months. The latest survey data
contain relatively modest signs of economic growth in 2014Q4 as compared to most of the other
indicators used in our DFM. Among major negative contributors are several Market PMI indices,

although this result may be somewhat misleading given that at that stage too few variables had
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been introduced into the DFM. The latest release on Russian industrial production growth for
December 2014, however, was generally quite positive and better than many economists’ prior
expectations; and it led to an upward-revised nowcast estimate based on recent survey data. This
was followed by industrial production across different sectors, recent data on which either raises
the GDP nowcast or is somewhat in line with the nowcast of GDP yielded by previous variables.
The retail trade turnover variable, which comes closer to the middle of our sequence of variables
used in the nowcast evolution exercise, seems to introduce a sizeable change into the nowcast
provided by the DFM constructed on almost 60 survey and hard data variables which were added
to the model prior to that. However, the nowcast based on the most recent survey and hard data
was later substantially revised downwards on the basis of financial statistics, which were to a
large extent reflected in increasing interest rates resulting from growing uncertainty and the Bank
of Russia’s highly hawkish policy towards the end of 2014, as well as by some external indicators,

whereas the continuation of the oil price slump in December also played a crucial role.

Figure 5. Evolution of DFM-based GDP Nowcast for 2014Q4
(Performed in January 2015)
and Comparison with Results of Previous Nowcast Vintages,
% over previous quarter (annualized)s
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® For each of the nowcast vintages completed in month t data for months t-1, t-2 and t-3 is sequentially introduced into
the DFM.
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It is also important to note that data which were released with longer delays did not seem
to be highly significant for the change in the nowcast of Russian GDP for 2014Q4, after the most
recent statistics had already been introduced into the DFM. This is not the usual case, however,
when we look at the corresponding evolutions of nowcasts in some other periods.

In general, however, the results of the three nowcast vintages for 2014Q4 clearly
demonstrate that most of the macroeconomic data for December 2014 appeared to be much
more favorable in terms of signalling economic growth as compared to the earlier data which was
used in the two previous vintages conducted in December 2014 and November 2014
respectively. As a result, our final nowcast of quarterly annualized real GDP growth in Russia for
2014Q4 has reached the level of 1.1%, clearly above the estimate of 0.6% obtained one month

prior.

4.2 Contributions of Data Blocks

Another crucial implication of nowcasting models that use large datasets of explanatory
variables consists in calculating the contributions of different series or groups of data to the now-
cast.

In the previously described nowcast evolutions exercise we start by introducing variables
into the estimation process one by one and reestimate the nowcast after including each additional
variable. In this way, we can observe how some particular changes in values of variables or vari-
able groups affect our GDP nowcast as compared to the estimate produced by the preceding var-
iables. However, we cannot simply estimate the contributions of each variable to the nowcast,
because the three blocks go in a specific order. Say, nowcast evolution as a result of adding to
the estimation process all variables from hard data block is not precisely the contribution of the
hard data block to the nowcast, as it is merely a contribution to the nowcast conditional on previ-
ously included survey data. Thus, if a hard data block (with respect to our deliberate preferences)
had come first, its evolution would probably have been different from the estimated evolution if it
were included after survey and/or external&financial data. In a bid to overcome this issue, we per-

form the following simple procedure:

Step i. At initial time period the nowcast is run six times by mixing the three blocks in all possible
ways (block 1, block 2, block 3; block 3, block 1, block 2, and so on...) Obviously, each time our
model nowcast would be the same. But in that case each of the three blocks would stand in first,

second and third place exactly two times.

Step ii. Calculate the sum of each block’s evolution along all six simulated nowcasts. Clearly, the

sum over six nowcasts along all three blocks will be equal to 6 times the value of nowcast.
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Step iii. Divide the sum for each block over 6 times the value of nowcast and obtain relative and
absolute contributions of each block.

Step iv. Replicate this procedure for all nowcast iterations and/or quarters of interest.

Figure 6 shows the results of twelve monthly vintages of nowcasts performed for each of the
guarters of 2014, as well as the estimated block contributions. Our estimates clearly show that the
three identified blocks have recently been contributing to DFM’'s nowcasts both in similar and
opposite directions. For instance, in the first half of 2014 all three blocks of indicators were
contributing to GDP nowcasts in line with each other. The explanation for the slowdown in the
second half of the year is somewhat less unambiguous from the point of view of indicators which
we use to capture GDP dynamics. That is, relatively unfavourable releases of hard data in July
and September were followed by a sizeable rebound of this data block throughout 2014Q4.

Figure 6. Contributions of Different Blocks of Data into Nowcasts of Russian Quar-
terly GDP Growth in 2014, % over previous quarter (annualized)
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Survey indicators, however, contributed positively to quarterly GDP growth estimates up to
July 2014, but for the four following months have been producing progressively larger negative
effects on model-based GDP nowcasts. This coincided with the period of rising economic

uncertainty in Russia, which resulted mainly from recent geopolitical tensions and sanctions
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imposed on Russia by a group of countries. Nevertheless, as it could be observed from the most
recent model estimates over the latest data on explanatory variables, available up to December
2014, survey data releases for the respective months appeared to have become more promising
in terms of current growth and do not yet point to the sharp slowdown in the Russian economy
expected by most analysts.

External and financial indicators, in turn, have appeared to be contributing positively to GDP
nowcasts throughout most of 2014. However, tighter lending conditions combined with growing
financial uncertainty in the last several months of the year yielded a negative estimated
contribution of this data block in the second and third monthly nowcast vintages for 2014Q4. A
positive spike in the block’s impact on the final nowcast for 2014Q3 (conducted in October 2014
on the latest monthly data available up to September 2014) could be perhaps attributed to some
favourable growth statistics from the U.S. and to the fact that data within this block technically did
not signal such a high probability for a quarterly slowdown in Russian economic growth as did
other indicators. Our analysis of this block’s nowcasting and forecasting performance throughout
the training sample generally suggests its relevance among other indicators and, as opposed to
suggestions in some other recent publications, we still opt for keeping it in the model. However, in
some particular periods the necessity of this block’s inclusion into the model should perhaps be
subject to further study, especially given that Russian economy’s expected slump was largely
driven by the effects of imposed sanctions.

4.3 Changes in Model Uncertainty of Forecasts and Nowcasts Over
Time

We also use the actual RMSEs for each of the three vintages of one- and two-quarter-
ahead forecasts, plus three vintages of nowcasts and one backcast vintage for Russian GDP ob-
tained under pseudo real time simulations to bootstrap confidence intervals for the resulting DFM
predictions.

Figure 7 illustrates as an example the change in DFM-based prediction of annualized
growth rate of real GDP for 2014Q4 as this quarter of interest is being approached. As of now, the
chart depicts the results of nine out of ten DFM vintages: three two-quarter ahead forecasts (the
first one being produced in May 2014 on the latest monthly data available up to April 2014), three
one-quarter-ahead forecasts and three nowcasts (the last one performed in January 2015 on the
latest monthly data available up to December 2014). The backcast for 2014Q4 was also expected
to be produced in late February 2015, along with expected release of respective preliminary esti-

mates by Rosstat, but its results are not provided in this paper.
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Figure 7. Forecasts and Nowcast of Annualized Quarterly Real GDP Growth Rate
for Russia in 2014Q4 and Bootstrapped 70% Confidence Intervals ¢
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Relatively unfavorable data started to gradually reduce the value of the forecast starting
from data as of August 2014 (that is, latest vintage of one-quarter-ahead forecast) and onwards.
This is pretty close to the horizon, over which we particularly observe the reduction in the point
estimates of RMSEs under our baseline simulations in pseudo real time (see also Figure 2). As
for the uncertainty issue, one can clearly see that the width of confidence bands, which were
bootstrapped on the basis of actually calculated values of RMSESs, decreases along with the re-
duction of the forecast horizon. Eventually, most certainty is assigned to the final nowcast vintage

for 2014Q4 that was performed in January 2015 on latest monthly data as of December 2014.

4.4 GDP Forecasts for the “Rolling Year”

One further practical implication of our results on GDP nowcast would be to analyze the
combined performance of DFM’s forecasts and nowcasts by comparing model-based figures for
annual real GDP growth in Russia against actual data that is revealed later on. For this purpose
we bring our DFM-based forecasts not only to official quarterly seasonally adjusted GDP growth

rates, but also to yearly growth rates (that is, non-seasonally adjusted real GDP for the four

® 9% over previous quarter (annualized). For each of the nowcast vintages completed in month t data for months t-1, t-2
and t-3 is sequentially introduced into the DFM.
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quarters of interest in total divided by the sum of non-seasonally adjusted real GDP for the
respective four quarters of the previous year).

At each calendar month of the baseline training sample we calculate two DFM-based
forecasts of the levels of real seasonally adjusted GDP for one and two quarters ahead
respectively, and, in addition, one latest nowcast in the current quarter. These three figures are
later converted into non-seasonally adjusted GDP using ARIMA forecasts of Russian GDP’s
seasonal component from the TRAMO-SEATS. The resulting three figures are then added to the
actual GDP for the previous quarter’ to obtain the overall level of GDP for the current four
guarters, which are eventually compared to the similar sum of the previous “rolling year”. Our
results are shown in Figure 8.

Actual data on real quarterly GDP growth is available at most for 2014Q3 as of the period
when our last exercise prior to the publication of this paper was conducted. However, given the
fact that Rosstat published its first estimate of GDP in 2014 without quarterly breakdown at the
very beginning of February (annual growth of real GDP by 0.6% as compared to 2013), the
respective figure is treated as actual data on GDP growth as well®. Hence, the chart depicts the
true one- and two-quarter ahead forecasts of GDP growth for the “rolling year” up to the end of
2014Q2, that is, June 2014. At the same time, our current two-quarter ahead forecast for yearly
real GDP growth in Russia for 2015Q2 is 0.6%. This figure, as it has been also stated above,
does not yet depict economists’ recent concerns about probable serious slump of the Russian
economy in 2015 which are generally brought about by the effect of imposed sanctions, as the
statistical data observed up to December 2014 does not merely point at signs of future deep
recession. Nevertheless, given all the uncertainty associated with one- and two-quarter-ahead
model forecasts, combined with signs of possible future structural breaks in the path of Russian
economic growth, our recent estimate provided above may most likely be subject to further
substantial model-based revisions along with the arrival of new relevant data in the upcoming

quarters.

" Ideally, when such exercise is performed on the latest statistical data available at most upon first months of each
quarter, model-estimated backcasts of GDP instead of actually published data have to be introduced into calculation.
This is explained by the fact that when first vintages of nowcasts are made, data on GDP growth for the previous quar-
ter may not yet be published. However, we drop the following issue for several reasons. The first reason is that we pro-
duce first nowcasts for the current quarter somewhat in the middle of the second month using data for the preceeding
month at most. At that point of time some preliminary, but still reliable estimate of the GDP growth rate may already be
disclosed either by officials from the Ministry of Economy or Rosstat. The second reason is that even if the latter fact in
some quarters does not hold, our model-based GDP backcasts are by far not the main source of our DFM'’s forecast
errors, as our interest mainly focuses on nowcasting and forecasting performance.

® The first estimate of Russian GDP growth for 2014Q4 cannot be directly calculated from the published yearly value.
Upon this latest statistical release, Rosstat officially claimed that the latter yearly figure is revised and now not fully in
line with the previously published quarterly breakdown of Russian GDP (which we currently use in the model). The re-
vised quarterly data is expected to be disclosed later in March 2015. Given that, we provide actual data on Russian
“rolling year” GDP growth up to 2014Q4, whereas the pseudo real time of DFM’s predictive accuracy runs only up to
2014 Q3.
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Figure 8. GDP Nowcasts and Forecasts for One and Two Quarters Ahead, % over
Previous “Rolling Year”
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Sources: Federal State Statistics Service (Rosstat), authors’ calculations

Note: DFM-based “rolling year” forecasts are calculated as Actual Data on Previous Quarter + Nowcast of Current Quarter + Forecast
for Two Quarters Ahead, expressed as a percentage growth of total real GDP for previous four quarters. Red bars correspond precise-
ly to the forecast for the calendar year.

As for the data fit issue in general, it could be noticed that in several periods within our
baseline training sample the “rolling-year” DFM-based forecasts of Russian GDP are relatively
close to the ex post published data. In some periods obvious deviations of forecast from actual
data are also observed. This could be explained, on the one hand, by higher forecast uncertainty
of unobserved components and, naturally, GDP at longer horizons. Higher forecast errors for one-
and two-quarter-ahead forecasts of Russian GDP (as compared to nowcasts) have been
empirically obtained in our study. However, our analysis shows that in some periods nowcast
errors alone contributed substantially as well. On the other hand, since our forecasting equation
for quarterly real GDP includes a one-quarter lag of GDP, nhowcast errors are also by construction
incorporated into forecasts for the next quarter, which, in turn, reduce the accuracy of the GDP
forecast for two quarters ahead.
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CONCLUSIONS

The main motivation of our research consisted in adopting the dynamic factor model (DFM)
approach for nowcasting and forecasting of Russian GDP and elaborating some important
practical implications that could be derived on the basis of DFM predictions.

One of our key findings suggests that models based on a few latent factors and encom-
passing large sets of various relevant macroeconomic variables demonstrate quite plausible his-
torical forecast performance of Russian GDP over different short-term horizons, and are generally
quite successful in competing with possible alternative specifications (such as, primarily, random
walk forecasts and traditional bridge models). Empirical evidence shows that along with further
releases of new information on high frequency predictor variables, forecast RMSEs continuously
decline as we gradually approach the time of official data release for real GDP growth rate in the
previous quarter. This decrease can be characterized as somewhat monotonous starting from
latest one-quarter-ahead forecasts and further towards the quarter of interest, as DFM-based
predictions of Russian real GDP become accompanied by more certainty.

As for the problem of determining the optimal size of the dataset for dynamic factor mod-
els, our paper demonstrates some interesting findings. Unlike the results presented in some re-
cent studies, which suggest against inclusion of too many predictors into the factor model be-
cause of possible irrelevant noise contained in many time series, we find that the DFM specifica-
tion encompassing over 100 variables slightly contributes to an increase in primarily forecast ac-
curacy as compared to models whereas the size of the dataset is reduced by as much as two or
three times. Although not in every case this increase in predictive accuracy with a larger infor-
mation set is found to be statistically significant. In general, DFMs seem to perform clearly better
against simplistic models that are not constructed by means of a factor framework.

Our analysis of DFM’s predictive accuracy shows that models based either on hard data
of about 30-40 variables or mixed data blocks of 40-60 variables in total seem to exhibit nowcast
and backcast accuracy practically similar to that of models constructed over substantially larger
datasets of over 100 variables. However, models with larger datasets, which additionally incorpo-
rate survey and financial indicators, bring a clear value-added into forecasting GDP over one- and
two-quarter horizons. The latter conclusions suggest for considering the possibility of using differ-
ent blocks or block mixes of identified higher frequency explanatory variables for predicting Rus-
sian GDP depending on the forecast horizons.

Further implications introduced in our study include the analysis of the contribution of dif-
ferent blocks of data identified above into historical nowcasts, examining nowcast evolution for
different quarters of interest along with consecutive inclusion of new potential predictors into the
model, identifying major sources of forecast updates and revisions in real time, performing factor
model’s robustness checks and comparison with alternative widely used methodologies, as well
as some other practical exercises.
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APPENDIX |
List of Variables, Respective Publication Lags and Transformation
Types
Latest
Ne Block Variable Name Publication monthly Transformation
lag obserg\)/atlon type
1 Block1 (Survey) Rosstat’s Business _Confldence Index: 1-2 calendar Month t-1 3
Manufacturing Sector days
2 Block1 (Survey) Rosstat’s Busmes_.s Confidence Index: 1-2 calendar Month t-1 3
Extracting Sector days
Rosstat’s Business Confidence Index: | 1-2 calendar
3 Blockl (Survey) Utilities Sector days Month t-1 3
4 Block1 (Survey) PMI: COMPOSITE — OUTPUT 5 Cg‘fy’;dar Month t-1 1
5 Block1 (Survey) PMI: COMPOSITE — NEW ORDERS | ° Cgfy';dar Month t-1 1
6 Block (Survey) PMI: COMPOSITE - INPUT PRICES | ° Cgfyldar Month t-1 1
PMI: COMPOSITE — OUTPUT 5 calendar
7 Block1 (Survey) PRICES days Month t-1 1
8 Block1 (Survey) PMI: COMPOSITE —EMPLOYMENT | ° Cgfy';dar Month t-1 1
PMI: COMPOSITE — WORK 5 calendar
9 Blockl1 (Survey) BACKLOG days Month t-1 1
10 Block1 (Survey) PMI: MANUFACTURING (total) 1-2 gg')‘fs”dar Month t-1 1
11 Block1 (Survey) PMI: MANUFACTURING — OUTPUT | 172 gzlfsndar Month t-1 1
PMI: MANUFACTURING — NEW 1-2 calendar
12 Blockl (Survey) ORDERS days Month t-1 1
PMI: MANUFACTURING — NEW EX- 1-2 calendar
13 Block1 (Survey) PORT ORDERS days Month t-1 1
PMI: MANUFACTURING — FINISHED 1-2 calendar
14 Block1 (Survey) GOODS days Month t-1 1
PMI: MANUFACTURING — 1-2 calendar
15 Block1 (Survey) EMPLOYMENT days Month t-1 1
PMI: MANUFACTURING - STOCKS 1-2 calendar
16 Block1 (Survey) OF PURCHASE days Month t-1 1
PMI: MANUFACTURING —QUANTITY | 1-2 calendar
17 Block1 (Survey) OF PURCHASE days Month t-1 1
PMI: MANUFACTURING - INPUT 1-2 calendar
18 Block1 (Survey) PRICES days Month t-1 1
PMI: MANUFACTURING - OUTPUT 1-2 calendar
19 Block1 (Survey) PRICES days Month t-1 1
PMI: MANUFACTURING — DELIVERY | 1-2 calendar
20 Block1 (Survey) TIMES days Month t-1 1
PMI: MANUFACTURING — WORK 1-2 calendar
21 Block1 (Survey) BACKLOGS days Month t-1 1
PMI: SERVICES — BUSINESS 1-2 calendar
22 Block1 (Survey) ACTIVITY days Month t-1 1
23 Block1 (Survey) PMI: SERVICES — NEW BUSINESS | 12 gg')‘fsndar Month t-1 1
PMI: SERVICES — OUTSTANDING 1-2 calendar
24 Block1 (Survey) BUSINESS days Month t-1 1
25 Blockl (Survey) PMI: SERVICES — EMPLOYMENT | 172 gzlfsndar Month t-1 1

® particular monthly lag of the variable that is eventually used in our DFM is determined upon the availability of data
by approximately 20" calendar day of each month.
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Latest
Ne Block Variable Name Publication monthl_y Transformation
lag obserslatlon type
26 |  Blockl (Survey) PMI: SERVISES PRICES 1-2 gz‘;sndar Month t-1 1
27 Blockl (Survey) PMI: SERVICES — INPUT PRICES | 172 gzl)?sndar Month t-1 1
28 | Blocki (survey) PV SERVICES ~ BUSINESS | 12 calendat | oy . )
Russian Economic Barometer: Expec-
tation Diffusion Index: Sales Prices: 15 calendar
29 Blockl (Survey) Enterprises with Rising Indicator Next 3 days Month t-1 2
Months
Russian Economic Barometer: Expec-
tation Diffusion Index: Purchasing Pric- | 15 calendar
30 Block1 (Survey) es: Enterprises with Rising Indicator days Month t-1 2
Next 3 Months
Russian Economic Barometer: Expec-
tation Diffusion Index: Wages: Enter- 15 calendar
31 Block1 (Survey) prises with Rising Indicator Next 3 days Month t-1 2
Months
Russian Economic Barometer: Expec-
tation Diffusion Index: Employment: 15 calendar
32 Block1 (Survey) Enterprises with Rising Indicator Next 3 days Month t-1 2
Months
Russian Economic Barometer: Expec-
tation Diffusion Index: Production: En- 15 calendar
33 Block1 (Survey) terprises with Rising Indicator Next 3 days Month t-1 2
Months
Russian Economic Barometer: Expec-
tation Diffusion Index: Equipment Pur- 15 calendar
34 Block1 (Survey) chase: Enterprises with Rising Indica- days Month t-1 2
tor Next 3 Months
Russian Economic Barometer: Expec-
35 Block1 (Survey) t_atlgn Diffusion Index: Financial Situa- | 15 calendar Month t-1 2
tion: Enterprises with Improving Situa- days
tion Next 3 Months
Russian Economic Barometer: Expec-
tation Diffusion Index: Orders: Enter- 15 calendar
36 Block1 (Survey) prises with Rising Indicator Next 3 days Month t-1 2
Months
Russian Economic Barometer: Expec-
tation Diffusion Index: Debt to Banks: 15 calendar
37 Blockl (Survey) Enterprises with Rising Indicator Next 3 days Month t-1 2
Months
Russia: Industrial Production, Total 15 calendar
38 Block2 (Hard) (Monthly % Change) days Month t-1 3
Russia: Industrial Production: Mining 20 calendar
39 Block2 (Hard) and Quarrying (Monthly % Change) days Month t-1 3
Russia: Industrial Production: Manufac- | 20 calendar
40 Block2 (Hard) turing (Monthly % Change) days Month t-1 3
Russia: Industrial Production: Electrici-
20 calendar
41 Block2 (Hard) ty, Gas & Water Supply (Monthly % davs Month t-1 3
Change) Y
Russia: IP: Metallurgical Production & 20 calendar
42 Block2 (Hard) Finished Metalware (Monthly % davs Month t-1 3
Change) Y
Russia: IP: Pulp, Paper, Publishing & 20 calendar :
43 Block2 (Hard) Printing (Monthly % Change) days Month t-1 3
a4 Block2 (Hard) Russia: IP: Cgﬁzr;]lggl)s (Monthly % 20 ((:jeg)e/;ldar Month t-1 3
Russia: IP: Coke and Petroleum Prod- | 20 calendar
45 Block2 (Hard) ucts (Monthly % Change) days Month t-1 3
Russia: IP: Electrical and Optical 20 calendar
46 Block2 (Hard) Equipment (Monthly % Change) days Month t-1 3
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Latest
Ne Block Variable Name Publication monthl_y Transformation
lag obsmyanon type
Russia: IP: Food, Beverages, and To- 20 calendar :
47 Block2 (Hard) bacco (Monthly % Change) days Month t-1 3
Russia: IP: Leather and Leather Prod- 20 calendar
48 Block2 (Hard) ucts (Monthly % Change) days Month t-1 3
Russia: IP: Other Nonmetallic Mineral 20 calendar
49 Block2 (Hard) Products (Monthly % Change) days Month t-1 8
Russia: IP: Manufacture of Textiles 20 calendar
50 Block2 (Hard) (Monthly % Change) days Month t-1 3
Russia: IP: Rubber and Plastic Prod- 20 calendar
51 Block2 (Hard) ucts (Monthly % Change) days Month t-1 3
Russia: IP: Transport Equipment 20 calendar _
52 Block2 (Hard) (Monthly % Change) days Month t-1 3
Russia: IP: Wood and Wood Products 20 calendar
53 Block2 (Hard) (Monthly % Change) days Month t-1 3
Russia: IP: Machinery and Equipment 20 calendar )
54 Block2 (Hard) (Monthly % Change) days Month t-1 3
— - - 3
55 Block2 (Hard) Russia: Output.cﬁgrr%uel;ure (Monthly % | 20 %ﬂsgdar Month t-1 3
Volume of Orders in Construction 20 calendar
56 Block2 (Hard) (Monthly % Change) days Month t-1 3
Housing Developments 20 calendar )
57 Block2 (Hard) (Monthly % Change) days Month t-1 3
Russia: Investment in Fixed Capital 20 calendar
58 Block2 (Hard) (Monthly % Change) days Month t-1 3
i 0,
59 Block2 (Hard) Retail sales éut:gggg; (Monthly % 20 %ﬂsgdar Month t-1 3
Retail sales turnover: food, beverages 20 calendar )
60 Block2 (Hard) and tobacco (Monthly % Change) days Month t-1 3
Retail sales turnover: non-food items 20 calendar
61 Block2 (Hard) (Monthly % Change) days Month t-1 3
Block3 Moscow interbank overnight effective
62 (External&Financial) rate (MIACR) No lag Month t-1 2
. . One
Block3 Nominal effective exchange rate
63 (External&Financial) (Monthly % Change) ce\tl:leeré(:(ar Month t-1 s
One calen-
dar week
Block3 Real effective exchange rate (Monthly (subject to )
64 (External&Financial) % Change) further revi- Month t-1 s
sion in 30
days)
Block3 Foreign currency reserves (Monthly % :
65 (External&Financial) Change) No lag Month t-1 3
Block3 Moscow stock exchange index MICEX
66 (External&Financial) (Monthly % Change) No lag Month t-1 3
Block3 I 0
67 (External&Financial) Oil prices (Monthly % Change) No lag Month t-1 3
Block3 . 0
68 (External&Financial) Wheat prices (Monthly % Change) No lag Month t-1 3
Block3 . 0
69 (External&Financial) Gas prices (Monthly % Change) No lag Month t-1 3
Block3 . . 0
70 (External&Financial) Aluminum prices (Monthly % Change) No lag Month t-1 3
Block3 . . 0
71 (External&Financial) Nickel prices (Monthly % Change) No lag Month t-1 3
. . One
0,
79 Block_3 _ US Industrial Production (Monthly % calendar Month t-1 3
(External&Financial) Change) month
European Commission Manufacturing
73 BlOCk.?’ . Confidence EU 27 Industrial Confi- 20 calendar Month t-1 2
(External&Financial) days

dence
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Latest
Ne Block Variable Name Publllcatlon monthl_y Transformation
ag obser{yatlon type
Block3 . 20 calendar
74 (External&Financial) US ISM Manufacturing PMI SA days Month t-1 2
Block3 Investment deflator 20 calendar
75 (External&Financial) (Monthly % Change) days Month t-1 3
. 30-35
76 Block2 (Hard) Exports of goods and services (Month- calendar Month t-2 3
ly % Change) d
ays
Exports of goods and services to non- 30-35
77 Block2 (Hard) : calendar Month t-2 3
CIS countries (Monthly % Change) days
Exports of goods and services to CIS 30-35
78 Block2 (Hard) . calendar Month t-2 3
countries (Monthly % Change) days
. 30-35
79 Block2 (Hard) Real Unit Labor Costs calendar Month t-2 3
(Monthly % Change) d
ays
Real Disposable Income (Monthly % 30-35
80 Block2 (Hard) calendar Month t-2 3
Change) d
ays
30-35
81 Block2 (Hard) Real Pensions (Monthly % Change) calendar Month t-2 3
days
30-35
82 Block2 (Hard) Services Paid (Monthly % Change) calendar Month t-2 3
days
. 30-35
Railway Cargo Turnover :
83 Block2 (Hard) (Monthly % Change) caéendar Month t-2 3
ays
Railway Freight Volumes (Monthly % 30-35
84 Block2 (Hard) calendar Month t-2 3
Change) d
ays
Russia: Total Output [5 Basic Indica- 45 calendar :
85 Block2 (Hard) tors] (Monthly %Change) days Month t-2 3
86 Block2 (Hard) Unemployment, % 45 %ﬂsgdar Month t-2 2
87 Block2 (Hard) Employed (Monthly % Change) 45 %ﬂsgdar Month t-2 3
88 Block3 Short-term loans to non-financial insti- | 45 calendar Month t-2 3
(External&Financial) tutions (Monthly %Change) days
89 Block3 Long-term loans to non-financial insti- 45 calendar Month t-2 3
(External&Financial) tutions (Monthly %Change) days
Block3 Short-term loans to population (Month- | 45 calendar :
90 (External&Financial) ly %Change) days Month t-2 3
Block3 Long-term loans to population (Monthly | 45 calendar :
91 (External&Financial) %Change) days Month t-2 3
Block3 M2 monetary aggregate (Monthly 45 calendar :
92 (External&Financial) %Change) days Month t-2 3
Block3 MO monetary aggregate (Monthly 45 calendar :
93 (External&Financial) %Change) days Month t-2 3
94 Block3 Interest rate on short-term deposits for | 45 calendar Month t-2 2
(External&Financial) population days
5 Block3 Interest rate on short-term deposits of | 45 calendar Month t-2 2
(External&Financial) non-financial institutions days
9 Block_3 _ Interest rate on Iong-‘germ deposits for 45 calendar Month t-2 2
(External&Financial) population days
Block3 Interest rate on long-term deposits of 45 calendar :
97 (External&Financial) non-financial institutions days Month t-2 2
08 Block3 Eurostat Industrial Production EU In- 45 calendar Month t-2 3
(External&Financial) dustry Ex Construction MoM days
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Latest
Ne Block Variable Name Publllcatlon monthl_y Transformation
ag obser{yatlon type
99 BlOCk.3 . Industrial Production, Eurozone (total) 45 calendar Month t-2 3
(External&Financial) days
100 Blocks Interest rate on short-term loans to 45 calendar Month t-2 2
(External&Financial) population days
101 BIock_S _ Interest rat_e on ;h(_)rt-t_(&rm loans to 45 calendar Month -2 2
(External&Financial) non-financial institutions days
102 BIocKS . Interest rate on Iong-term loans to 45 calendar Month -2 2
(External&Financial) population days
103 Blocks Interest rate on long-term loans to non- | 45 calendar Month t-2 2
(External&Financial) financial institutions days
Russian Economic Barometer: Expec-
tation Diffusion Index: Sales Prices: 60 calendar
104 Blockl (Survey) Enterprises with Rising Indicator Next 1 days Month -3 2
Month
Russian Economic Barometer: Expec-
105 Block1 (Survey) tatlo_n Diffusion Index: Purchasing Pric- | 60 calendar Month t-3 2
es: Enterprises with Rising Indicator days
Next 1 Month
Russian Economic Barometer: Expec-
tation Diffusion Index: Wages: Enter- 60 calendar
106 Block1 (Survey) prises with Rising Indicator Next 1 days Month t-3 2
Month
Russian Economic Barometer: Expec-
tation Diffusion Index: Employment: 60 calendar
107 Blockl (Survey) Enterprises with Rising Indicator Next 1 days Month t-3 2
Month
Russian Economic Barometer: Expec-
tation Diffusion Index: Production: En- 60 calendar
108 Block1 (Survey) terprises with Rising Indicator Next 1 days Month t-3 2
Month
Russian Economic Barometer: Expec-
tation Diffusion Index: Equipment Pur- | 60 calendar
109 Block1 (Survey) chase: Enterprises with Rising Indica- days Month t-3 2
tor Next 1 Month
Russian Economic Barometer: Expec-
110 Block1 (Survey) t_atlgn D|ffu5|_0n Ind_ex: Flnan(_:lal Sl_tua- 60 calendar Month t-3 2
tion: Enterprises with Improving Situa- days
tion Next 1 Month
Russian Economic Barometer: Expec-
tation Diffusion Index: Orders: Enter- 60 calendar
1 Block1 (Survey) prises with Rising Indicator Next 1 days Month -3 2
Month
Russian Economic Barometer: Expec-
tation Diffusion Index: Debt to Banks: 60 calendar
112 Block1 (Survey) Enterprises with Rising Indicator Next 1 days Month t-3 2
Month
Russian Economic Barometer: Capaci- 60 calendar
113 Block1 (Survey) ty Utilisation Rate: Actual: Normal davs Month t-3 2
Monthly Level=100 Y
Russian Economic Barometer: Labour 60 calendar
114 Block1 (Survey) Utilisation Rate: Actual: Normal Month- Month t-3 2
— days
ly Level=100
Russian Economic Barometer: Stocks: 60 calendar
115 Block1 (Survey) Actual: Normal Monthly Level=100 days Month t-3 2
Russian Economic Barometer: Orders: | 60 calendar
116 Block1 (Survey) Actual: Normal Monthly Level=100 days Month -3 2
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APPENDIX I

Comparative Analysis of RMSEs Across Different DFM Specifications

Table I11.1. Baseline Simulation: Summary of Average RMSEs of DFM Forecasts,
Nowcasts and Backcast (Pseudo Real Time 2012Q1-2014Q3, 116 Explanatory

Variables)
Model and Forecast Forecast quarter T+2 Forecast quarter T+1 Nowcast Backcast
Horizon Month | Month | Month | Month | Month | Month | Month | Month | Month | Month 1
1 2 3 1 2 3 1 2 3

Full Sample 0.47 0.43 0.37 0.41 0.26 0.40 0.35 0.24 0.19 0.16

Blockl (Survey Data) 0.55 0.56 0.54 0.46 0.34 0.42 0.33 0.33 0.38 0.35

Block2 (Hard Data) 0.69 0.65 0.58 0.60 0.59 0.39 0.38 0.36 0.21 0.20

Block 3 0.87 0.90 0.86 0.66 0.70 0.68 0.46 0.52 0.50 0.32

(External&Financial
Data)

Blocks 1&2 0.64 0.59 0.49 0.47 0.35 0.43 0.38 0.30 0.23 0.21

Blocks 2&3 0.53 0.51 0.40 0.42 0.48 0.33 0.30 0.36 0.23 0.18

Blocks 1&3 0.50 0.49 0.41 0.50 0.34 0.38 0.38 0.28 0.22 0.21

Best DFM 0.47 0.43 0.37 0.41 0.26 0.33 0.30 0.24 0.19 0.16

Table 11.2. RMSEs for Baseline

with Two Unobservable Factors

Pseudo Real Time Simulations (2012Q1-2014Q3): DFM

Backcast
Model and Forecast Forecast quarter T+2 Forecast quarter T+1 Nowcast T T-1
Horizon Month | Month | Month | Month | Month | Month | Month | Month | Month Month 1
1 2 3 1 2 3 1 2 3
Full Sample 0.76 | 0.72 0.67 | 0.66 | 0.48 0.53 0.43 | 0.30 0.24 0.24
Blockl
(Survey Data) 0.62 | 0.58 054 | 0.48 | 0.36 0.42 0.34 | 0.28 0.29 0.30
Block2
(Hard Data) 0.69 | 0.65 056 | 0.59 | 0.59 0.39 0.39 | 0.38 0.20 0.19
Block 3
(External&Financial
Data) 0.88 | 0.83 0.74 | 0.60 | 053 045 | 037 | 0.34 | 0.26 0.21
Blocks 1&2 069 | 064 | 060 | 056 | 0.40 | 045 | 0.38 | 0.30 | 0.26 0.24
Blocks 2&3 087 | 084 | 074 | 0.70 | 0.69 0.53 041 | 0.42 0.28 0.23
Blocks 1&3 069 | 064 | 057 | 057 | 0.39 0.42 039 | 0.27 0.23 0.25
Best DFM 062 | 058 | 054 | 048 | 036 | 039 | 034 | 027 | 0.20 0.19
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Table Il.3a. RMSEs for Baseline Pseudo Real Time Simulations (2012Q1-2014Q3): 45
Explanatory Variables

Model an(_j Forecast Forecast quarter T+2 Forecast quarter T+1 Nowcast T Backcast
Horizon T-1
Month Month | Month | Month | Month | Month | Month | Month | Month Month 1
1 2 3 1 2 3 1 2 3
Full Sample 0.71 062 | 047 | 044 | 038 | 050 | 048 | 0.25 | 0.25 0.20
Block1
(Survey Data) 0.55 056 | 055 | 046 | 038 | 056 | 029 | 036 | 0.32 0.37
Block2
(Hard Data) 0.66 060 | 052 | 051 | 049 | 036 | 0.33 | 0.30 | 0.22 0.21
Block 3
(External&Financial
Data) 0.75 069 | 058 | 055 | 041 | 041 | 0.35 | 0.27 | 0.24 0.18
Blocks 1&2 0.73 066 | 061 | 066 | 051 | 060 | 041 | 0.23 | 0.19 0.16
Blocks 2&3 0.88 085 | 074 | 071 | 074 | 058 | 043 | 0.38 | 0.26 0.20
Blocks 1&3 0.62 057 | 055 | 050 | 039 | 041 | 045 | 0.37 | 0.28 0.24
Best DFM 0.55 056 | 047 | 044 | 038 | 036 | 0.29 | 0.23 | 0.19 0.16

Table 11.3b. RMSEs for Baseline Pseudo Real Time Simulations (2012Q1-2014Q3): 90
Explanatory Variables

Model anc_i Forecast Forecast quarter T+2 Forecast quarter T+1 Nowcast T Backcast
Horizon T-1
Month Month | Month | Month | Month | Month | Month | Month | Month Month
1 2 3 1 2 3 1 2 3 1
Full Sample 0.53 053 | 050 | 050 | 033 | 049 | 039 | 021 | 0.18 0.16
Block1l
(Survey Data) 0.71 073 | 065 | 058 | 050 | 055 | 041 | 056 | 0.42 0.44
Block?2
(Hard Data) 0.67 063 | 055 | 056 | 059 | 042 | 036 | 0.32 | 0.20 0.16
Block 3
(External&Financial
Data) 0.88 089 | 0.86 | 0.68 | 070 | 0.68 | 0.47 | 0.49 | 0.48 0.30
Blocks 1&2 0.82 077 | 073 | 068 | 054 | 057 | 039 | 032 | 0.27 0.22
Blocks 2&3 0.62 055 | 045 | 042 | 051 | 043 | 033 | 034 | 0.23 0.18
Blocks 1&3 0.67 061 | 056 | 056 | 038 | 046 | 038 | 029 | 025 0.22
Best DFM 0.53 053 | 045 | 042 | 033 | 042 | 033 | 021 | 0.18 0.16
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Table I1.4. RMSEs for Alternative Pseudo Real Time Simulations (2006Q1-2014Q3): 116
Explanatory Variables

Backcast
Model and Forecast Forecast quarter T+2 Forecast quarter T+1 Nowcast T T-1
Horizon Month Month | Month | Month | Month | Month | Month | Month | Month Month
1 2 3 1 2 3 1 2 3 1
Full Sample 0.65 063 | 060 | 077 | 076 | 070 | 054 | 044 | 035 0.27
Block1
(Survey Data) 1.98 204 | 180 | 129 | 131 | 122 | 069 | 075 | 0.70 0.50
Block2
(Hard Data) 0.77 096 | 1.07 | 073 | 095 | 095 | 049 | 058 | 054 0.30
Block 3
(External&Financial
Data) 0.97 0.80 | 074 | 104 | 077 | 070 | 067 | 057 | 062 0.41
Blocks 1&2 1.01 0.92 0.81 0.90 087 | 0.75 058 | 043 | 0.32 0.25
Blocks 2&3 0.70 0.81 092 | 0.62 0.78 078 | 0.48 | 050 0.48 0.31
Blocks 1&3 0.69 063 | 062 | 073 | 077 | 073 | 057 | 055 | 048 0.35
Best DFM 0.65 063 | 060 | 062 | 076 | 070 | 048 | 043 | 0.32 0.25




