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Abstract

The purpose of this article is to introduce an ioaggmacro code written in
SAS 4GL. This macro is used to automate the prootssrecasting with
dynamic factor analysis. Automation of the prodesips to save significant
amounts of time and effort for the researcher.l4b @&nables to compare
different model specifications directly and, henttemake conclusions that
would be imperceptible without such automation, alhis shown on the
empirical study example.
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1. Introduction

Ongoing monitoring and inflation forecasting arecay the main tasks of central
banks. The predictive models currently used, howeeemmonly deliver forecasts of
unsatisfying quality. For this reason, analyticathods to find more accurate predictors are
being developed. One of the intensively researdbegtcasting methods is dynamic factor
analysis. The method is gaining more supporterause of its good prognostic properties.
Many articles comparing predictive ability confircthgéhe usefulness of dynamic factor
analysis in forecasting.

In spite of the growing popularity of dynamic factoodels, there continues to be a lack
of dedicated effort-saving procedures in most #tiatil packages. This leads to the necessity
of strenuous manual search for the best fitted m&ilece this method usually requires using
large data sets and estimating many models witlerdifit specifications, forecasting with
dynamic factor analysis takes considerable amoohtsme and effort. These prerequisites
indicate the need to investigate whether there psssibility of at least partially automating
the research process.

This article shows that a significant part of tleetasting process with factor models
can be automated. In section 2. the general idedymmmic factor analysis, its history, the
advantages and disadvantages of the method anesgéest Section 3. presents a theoretical
approach to dynamic factor analysis. Issues likeitlea behind and outline of the method,
factor estimation, selecting the number of factersg forecasting are described. The next
section of the article is divided into two subsews. At first, an empirical study based on
dynamic factor analysis is shown. Then, the contitbn of the macro code, its assumptions
and functions are described. Section 5. summatineearticle.

2. Dynamic factor analysis

Due to the considerable dynamism and complexityhef determinants of economic
processes, price levels are inconstant in timerefbee, central banks perform an ongoing
monitoring of the economy, constantly expanding rdnege of factors that could potentially
affect the inflation rate. Among many economic @adors one should consider world trade
indexes, the prices of goods and raw materialsitarnational markets, monetary aggregates,
labor market and property market indicators, inicea for manufacturing, interest rates,
exchange rates, stock market indexes.

Direct usage of all available data (comprising hmedd or even thousands of time
series) is usually not possible due to statistioatations, particularly too many observations
in relation to the length of the time series.



On the other hand, excessive or improper aggregatioomission of many relevant
variables can result in inaccurate and biased &stscFor this reason, methods to incorporate
as many desired variables as possible into the hardeinvestigated and developed, while
assuring the stability and accuracy of forecasts.

One of the most commonly used methods that meetafttrementioned criteria is the
dynamic factor analysis model (also called dynafaactor model-DFM). This method was
first described by Geweke (1977) and Sims and $&ard®77). These articles presented an
innovative way of analyzing macroeconomic time esriTheir starting point was the
abandonment of the traditionally used macroeconatnicctural models in favor of methods
that use as little a priori information as possifileis approach was combined with an attempt
to find unobservable factors responsible for therall pattern of change in the analyzed
phenomenon.

Geweke and Singleton (1981) contributed to theh&rrtdevelopment of the method.
They showed that analytical methods appropriateter classical hidden variables models
also apply to hidden variables models based on serees. Engle and Watson conducted
research on methods of estimation for such mottel&ngle, Watson 1981) they presented a
DFM estimation algorithm using maximum likelihoogtienation with the Kalman filter.
Then, in (Engle, Watson 1983) two additional estioraalgorithms were shown. Further
considerations in this area were led by Stock aadsdh (1991).

An important contribution was the article of Stoakd Watson (1998), in which
dynamic factor model was presented in the statimfdlrhis enabled to use the principal
components method (well-known from static factoalgsis) to determine the unobservable
factors and model parameters. This approach to B&tvhation is currently very popular and
was also applied in this study.

Dynamic factor analysis is based on the idea ofepa of change (called factors),
which are common to all variables. Factors are saotable variables determined from the
covariance matrix of a set of predictors; theyeeiflthe variability of this set in a synthetic
way. From an economic point of view, factors hanetheoretical construction. This lets one
avoid many assumptions concerning the shape ofoaaicnrelations and structure of model
(Kottowski 2008). On the other hand, these unolm#es variables do not have clear
economic interpretations. In the literature theg asually identified as the driving forces of
the economy (Stock, and Watson 1998).

There are many applications of dynamic factor madel macroeconomic studies, this
method is often used for acquiring indicators (el and concluding from them directly.
For example, Forni and Lippi (1997) pointed out thedequacy of using excessively
aggregated data in macroeconomic models. The autb@nducted a study of relations
occurring in the U.S. economy by extracting unotaiele factors using factor analysis. Del
Negro and Otrok (2007) used Bayesian DFM to inteouh the synthetic state of the U.S.
housing market. The article Altissimo et al. (2Q0it) which a business indicator for the
Eurozone was constructed, is also worth mentiorfigpilarly, Eickmeier (2004) researched



the impact of U.S. macroeconomic shocks on the @ereconomy. In this study, a very large
number of different economic values was used ttlaumulti-dimensional structural DFM.

Recapitulating, the biggest advantage of dynamatofaanalysis is undoubtedly the
possibility of including information from a largaumber of predictors without entering them
into the model. This increases the number of degoééreedom considerably and enables to
avoid having to determine which variables shouldrdjected from the set of regressors in
order to achieve traceability. Due to the atheoattconstruction of factors, it is possible to
avoid a priori assumptions about the shape of eoancelations. An undeniable advantage of
this method is also good forecasting performancenoflels based on the extracted factors,
especially in the case of inflation forecasting {aski 2008; Baranowski, Leszazska,
Szafraski 2010). Moreover, the results of such analyses teansparent (in terms of the
significant reduction in size of the analyzed phaeaoon). Another significant benefit is the
considerable time and effort saved compared tativadl methods. The versatility of this
method has contributed to its wide range of appboa

Again, the biggest drawback of the method- the latla clear interpretation of the
factors- results from its atheoretical charactdthdugh sometimes the extracted factors can
be economically interpreted, they are usually ater&d as unobservable driving forces.
Another consequence of the concept of synthesinfiogmation that underlies the DFM is the
inability to clearly examine the impact of a specifegressor on the dependent variable,
which is a big disadvantage compared to alternatieéhods, such as multiple regression. It
seems that, due to the reasons described abovamayactor analysis is worse suited for
examining the structure of phenomena. It may alsoldss transparent for people not
acquainted with quantitative methods of analysisrtfermore, there are relatively few
sources describing the DFM method.

3. Dynamic factor analysis- a theoretical approach

This section describes the assumptions, structumd, method of estimation of the
dynamic factor analysis model. At first, the ovem@ncept of dynamic factor analysis is
presented. The next subsection describes the DEMat®n method. Then, issues connected
with the further specification of the model andl@img forecasts are discussed.

3.1. The basic concept

Dynamic factor analysis is an extension and geizettadn of the idea of static factor
analysis. Above the static form, the dynamic apgmoassumes as well that any linear
combination of factors can be extended by lagsoafroon factors up to a maximum of order
g. Such an approach allows for time series analydigs is a significant extension of the
applicability of factor analysis, as many econonatues (especially in macroeconomics) are
analyzed dynamically. Also, from the macroeconomnt of view extracting factors is
reasonable because some macroeconomic theoriey itn@l existence of unobservable



driving forces in the economy. In addition, extergihe analysis in the dimension of time
allows for forecasting, which is very importantrftdhe point of view of macroeconomics.

The structure of the dynamic factor analysis mddeanalogous to the static factor
model. As already mentioned, the difference lies imeluding the time dimension.
Consequently, theth variable has different forms depending on thalyed period. The
value of tha-th variable at momerit(t = 1, 2, ...,T) can be expressed as follows (Kottowski
2008):
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e;. - idiosyncratic error of theth variable in period,

g - lag order.

Equation (1) is called a dynamic factor modelslaiso possible to present this model in
the static form (without the lag polynomial), asdoas the lag order is less than infinity (
<w). Let:
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X = NeFiy + €500 ()

Equation (2) is a dynamic factor model in the stdtom (Stock, Watson 1998).
Similarly to static factor analysis, if there is correlation between specific factors, i.e. if:

cov(s,i.5,0) = 0 foralli #j #t#0q, .

model (2) is called an exact (or strict) factor lggid model (Baranowski, Leszarska
and Szafraski 2010). If the condition (3) is not satisfietheh we define an approximate
factor model (Chamberlain, Rotschild 1983).

To discuss the estimation of the dynamic factor ehoil is convenient to use matrix
notation for allN variables and time periods. Let:

X, =[Fm %@ o %] ’
F=[Fn Fuy -+ Fnlre ’
e, = [Bitn) € = G ]1sa
Now, equation (2) can be presented in vector fanitfei-th variable:
X, =FA, +e, (4)
Introducing further notation:
X=X X - Xylruw '

A=Ay Ay oo Myl ,



e=[8 & - Eirpy ’

the full factor model for alN variables and periods may be presented in the following
form (Kottowski 2008):

X=FA' te.
(5)

To sum up, equation (5) defines the factor modehe static form. The matri%;., .
containss unobservable factors which are common to all pteds. The matrixy,... consists

of factor loadings (constant in time), which are tioefficients of linear combinations of these
factors. Idiosyncratic components which are elesefits.,; represent specific variability

(variability unexplained by common factors). Thusfided, the model will be subject to
further considerations.

3.2. Factor estimation

The most common method of DFM model estimationhis principal components
method. Due to its computational simplicity and Ivkelown asymptotic properties of its
estimators under general assumptions, (Stock, amgd 1998) this method is very popular.
Stock and Watson (1998) first applied this methmédtimate a dynamic factor model in the
static form.

The principal components method allows one to fine two unknown matrices of
equation (9), i.e. the factor loadings matiix= [A],__,] and the factors matrig = [f,;,_ ;]

in a single step.
Equivalently, model (5) can be presented as:

— =1 at
X=FHH "A'+e (6)

where H_,. # 1. In order to obtain the factor matrix, Stock and Watson (1998)

propose the imposition of the conditi@ = [, to ensure matrix H orthonormality.

The estimation of matrices and/\ using the principal components method consists in
finding suchF and A estimators that minimize the sum of squared redsdaf the equation
(5) (Bai & Ng 2002):
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To obtain estimates of the matrix, the first stepo minimize the expression (7) with
respect to F under the assumption that the matrixA is fixed.
As a result of this operation, the estimétas a function of\ will be obtained. Then, the

estimateF is reinserted into equation (7), which has onlg amknown matrix\ after this



operation. In the next step, we minimize the medifequation (7) with respect faunder the

ll -
condition™-= = 1, obtaining.

Subsequent columns of matrik are composed of eigenvectors XiX multiplied by

VN. These vectors correspond tcs highest eigenvalues of X'X matrix.
To obtain the estimated valuesFfwe use the following formula:

. (XA
T 8)

The condition“%= I., which is applied to the function (7) in the sedostep of

estimation, is a statistical condition imposed taabily. For this reason, factors found in
equation (8) cannot be interpreted economically.

It is worth noticing that Stock and Watson (1998jnp out that, if the number of
variables is larger than the number of observat{dhsT), the more efficient algorithm is to
solve (7) with respect to the matrix under the assumption that the matfixis fixed.
However, in terms of forecasting on the basis efdlgnamic factor model, it is not relevant
which of the methods described will be applied (gwski 2008).

What should also be emphasized is the fact thae taee methods of estimating DFM
models other than principal components. Most ngtaptincipal component analysis with
spectral estimation of the lag order and maximiraif the likelihood function using the
Kalman filter should be mentioned. As emphasized Baranowski, Leszczgka and
Szafraski (2010), the choice of the factor estimationmetdoes not significantly affect the
quality of predictions in models with the same nemobf factors. For this reason, this article
concentrates only on the principal components nektho

3.3. Selecting the number of factors

The literature on the subject points to many waysdive the problem of selecting the
number of factors in the model. The most commotuae:

1. The explanation level of input variables’ vadan The researcher arbitrarily sets a
level of variance (usually 60%-70%), and selecésdimallest number of factors explaining at
least that percentage of the variance.

2. Including into the analysis only those factavhpse corresponding eigenvalues of the
covariance matrix are greater than 1.

3. Rejection of all factors which explain a smalbert of the input variables’ variance
than the established level.

4. The a priori assumption of a specified numbédrofors.



5. Producing a graph with the consecutive eigeregind finding the inflection point
that separates high eigenvalues from low onesggest).

6. Information criteria proposed by Bai and Ng (200 he criteria allow not only for the
selection of the number of factors, but also tlgededer in the dynamic factor model.

As suggested by Baranowski, Lesztzka and Szafreski (2010), methods for selecting
the number of factors give the optimal number atdes in terms of the description of the

variability of a set of predictors(]. This, however, may not be optimal in terms addicting
the dependent variablg)(

3.4. Forecasting

The idea of forecasting based on the dynamic faotmiel was proposed by Stock and
Watson (1998) in a diffusion index model. This mlodéroduced diffusion indexes, which
presented the common variation of a set of predictbhe method used to extract the
unobservable diffusion indexes was factor analySisen the current notation, the diffusion

index model can be represented as follows (seenBauski, Leszczigska and Szafreki
2010):

B
F¥iesen) = Qg T Z ¥ie—z) ¥ie—p) +

=0

9)

where:

y — forecasted variable,

h — forecast horizon,

p — autoregressive lag order= 1, ...,P,

U4y — IdiOSyNCratic error.

In equation (9), in addition to the part containithg diffusion indexes (double sum
in equation (9)), there is also an autoregressare \pith lag ordep (single sum in equation
(9)). In this equation, the forecast for pertotl h was obtained directly from the information
available in periodt. Thus, this forecast was obtained in a non-itegatvay (directly).
Empirical research for DFM models indicate that hsugay of prediction has better
performance (Breitung, Eickmeier 2006). As emplesiby Baranowski, Leszcigka and
Szafraski (2010), models with small number of factors dnayood prognostic properties.
Also, the authors draw attention to the fact thamen of the DFM models containing only



variables in the real categories, nominal categpaed both nominal and real have no clear
prognostic advantage over the others (Angelini,rigedestre 2001).

4. DFM model-based forecasting automation

In section 1. of this study the need to construcalgorithm that automates the process
of building DFM models and forecasting with themsHaeen indicated. Due to the large
number of variables used in DFM modeling and tlok laf existing procedures dedicated to
this class of models, forecasting based on dyndagtor analysis is currently not very
efficient. There are significant opportunities focreasing efficiency by automating most of
the research activities through statistical prograng.

This section is divided into two subsections. Astfi an empirical study based on
dynamic factor analysis is shown. The analysisb®en performed using an original macro
for forecasting with DFA. Then, the constructiontbfs macro code, its assumptions and
functions are described.

4.1. Empirical study

The data wused in the study are monthly data for theriod
from January 2000 to October 2010. In total, 52tsaries (each 130 observations long) were
used. They represent the basic macroeconomic vahiess, social benefits, foreign trade,
exchange rates, monetary aggregates, money sugiplk indexes, labor market, interest
rates, indicators of economic activity. The fulitlof variables used in the study is presented
in Appendix 1.

The collected data have been appropriately tramsfdrbefore their inclusion into the
analysis. Variables were divided into three grodpee first group is time series characterized
by seasonal fluctuations. These fluctuations haeenbremoved by the procedure of
ARIMA-X12%. Then, the variables from this group were logamited and first order
differenced. This group includes variables suclprase indexes, the volume of exports and
imports in constant prices, money supply aggregMésand M3. The second group of
variables consists of time series that are notattarized by seasonal fluctuations, but
required logarithmizing and taking first order difénces (in order to obtain stationary series).
This group includes exchange rates and stock irsdéXae third group consists of variables
that do not show seasonality and do not requirarldgnizing. These are, among others,
variables presented in the form of fractions (eooicoindicators, interest rates). For this
group of variables, the only transformation madetaking first differences. As in the
Kottowski (2008) study, it was arbitrarily assuntbdt all variables are integrated in the first

'ARIMA-X12 is the algorithm proposed by the U.S.@aes Bureauused to decompose time
series. Extracting the components of time seridsased on a class of moving average filters, alsmvk as
X-11 filters. The term ARIMA (AutoRegressive Integed Moving Average) occurring in the name arisemf
the application of this class of models to calaulate theoretical values. Obtaining theoreticaligalis
necessary to extend the series, which is esséntiddtain the values needed to determine the maaiegages at
the ends of the series. The X12-ARIMA algorithm a0 used in Kottowski (2008).
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order. For this reason, to ensure stationaritjhefanalyzed time series, the variables from all
groups were only first order differenced.

The diffusion index model (9) was used to produredasts. Static factor analysis was
used to extract factors from the analyzed data(s#ich contains also the forecasted
variable). Then, the model (9) was created. Asraparative model the autoregressive model
(AR) was used:

B
Yiesrn) = @ F Z Yie-p) Yie—p) T Uiesn) (10)

=0

Due to the fact that the article’s purpose is n@neining the predictive capabilities of
DFM, and that there are many studies raising thssie (Kapeniatos, Labhard, Price 2008;
Kottlowski 2008; Baranowski, Leszaiska, Szafraski 2010), only one comparative model
was used (10).

In this example, an inflation-related variable, tlee procurement price of wheat was
used as the explanatory variable. The out-of-sarfgperast has been made for the forecast
horizonsh = 1 andh = 3. The criterion for selecting the best modekwaean square error
(MSE). The maximum number of extracted factors2s 1

The estimation results are as follows: 12 fact@gehbeen extracted from the analyzed
data set. Nine models with lag order up to 8 haenbkestimated. The notation of the models
is as follows: F_Lag [], where [] is the maximung larder. For example, the notation F_lag4
indicates a model with 12 factors with lag ordertaiphe fourth (inclusive). Thus, this model
has
5* 12 = 60 explanatory variables.

Regarding to comparative models, the best fittedlehof the autoregressive models
class was AR (1). Further lags were not statisyicagnificant.

Table 4.1.1. presents MSE values for each modeh whie forecast horizorh = 1.

10



Table 4.1.1. The values of the models’ mean squageror with the forecast horizonh =1

Model MSE (O?_I\f:gi)

F_lag0 0,007488964 266%
F_lagl 0,008047651 286%
F_lag2 0,006619311 235%
F lag3 0,00580022 206%
F _lag4 0,005879009 209%
F_lag5 0,004612012 164%
F_lag6 0,004536832 161%
F_lag7 0,002813814 100%
F_lag8 0,004289446 152%
A lagl 0,007827712 278%

Source: Own calculations

The results presented in Table 4.1.1. indicaté tthea best predictive model is F_lag7,
i.e. model with 12 factors and lag order up to #®ak square error of the model is much
lower than the MSEs of the other models, in paldicthan the MSE of the comparative
AR(1) model. Thus, the described DFM has much baitedictive properties than the
autoregressive model. This confirms the resultspmdvious studies (Kottowski 2008,
Baranowski, Leszcayska, Szafraski 2010). Nevertheless, in the illustrated cake,model
with a large number of lags is much better than elodvith a reduced number, which is
contrary to what is suggested by, among othersar@avski, Leszczyska, Szafraski (2010).
At this point, the advantage of the automation apph is visible. It would be very effort-
demanding to make the above conclusions withoatudmmation macro.

Because F_lag7 model is the best prognostic madeill be further discussed. Model
F _lag7 contains 12 * 8 = 96 variables. None of d@liéoregressive parameters prove to be
statistically significarft Therefore, this model requires the estimation9a@f parameters
(intercept and 96 variables). R-squared is 94%. él@n, it should be emphasized that this
value is overestimated by a large number of exjptapasariables in the model. The value of
the mean square error is 0.0028 and is signifigdoter than in the competitive models (see
table 4.1.1.).

Due to the complex form of the model and the largmber of factors it is not possible
to interpret the factors. However, as stated ini@e@., in terms of forecasting, the factors’
interpretability is not required.

2 This result is not surprising, since the requiretnef the presented macro is that the dependerablaris

included in the analyzed data set. Information aimed in this variable is therefore included (atstepartly) in
the extracted factors. For this reason, it can Xmeeted that relatively often the autoregressive pathe

diffusion index models is negligible. However, éesns that the arbitrary a priori exclusion of théoeegressive
is too strong an assumption.
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Figure 4.1.1. presents a fragment of the outcomda daet for F_lag7
(see next section) that contains information alibet model fit statistics and estimates of
parameters. Since no estimate of the autoregregsiv@meters proved to be statistically
significant, the values of these parameters inseteare marked as missing data (symbol "',
not shown in Figure 4.1.1.).

Figure 4.1.1. Fragment of the F_lag7 data set

E.' ViEWI AR BanametersEshmates andStatisties:

: Parameter Parameter Parameter
Label of Convergence MName of Dependent Estimate of Sum of Intercept . . .
: : Estimate for Estimate for Estimate for
Model Status Variable Variance Squares Emor Parameter Factor] Jag0 | Factor? lagD | Factor3 lagD
1 F_lag? 0 Converged CENY_PSZENICA_D11 0.0028138136 0.0675315264 0.0064074326 -0.017310723 0.0166124207 -0.0Z2256577

Source: Own calculations

Figure 4.1.2. shows a fragment of the output sdbadZ pred containing all the
variables of the model, as well as the theoretw@dlies (column ‘yhat’) together with the
lower and upper confidence limits (columns ‘Icl’dafucl’ respectively). The theoretical
values cover the range of modelled data and thiti@olal observations which are forecasted.
In this case the forecast horizbn= 1, so in the output data set F_lag7 pred therene
additional observation containing the forecastddevé&row 131 in column "yhat").

Figure 4.1.2. Fragment of the F_lag7_pred data set

= WIEWIAELE WorkeFlaeyipred

yhat Ied |  ud  |CENY_PSZEMICA_D11| Factorl_lagl | Factor?_lagD | Factor3 lagD |
120 | 0037497633 -0.173514034 0.1035187568 -0.000738301 15801060059 -0.378106955 04190180463
121 | 0084207412 -0.060125356 0.2285401798 0.042510538% 04375978775 -0.083225001 0.6085728675
122 | 0108368499 -0.254577583 0.0378405854 0110233493 0568562463 1.0525839641 -0.002164027
123 | 0031363621 -0.177250104 0.1145228614 0010238576 061041306 -1310891696 07994653225
124 | 0.0450158746  -0.10256737 0.1925991191 0.0310034257 13729945735 -0.510509201 0.9630866452
125 | 0.0656793238 -0.082173817 0213532585 00380453375 -0.004010046 0.5360439381 01325855897
126 | 0.0284254834 -0.120729583 0.1775805434 00380383443 -1.504516389 0.3895011334 -0.143238566
127 | 0.0721716438 -0.075728887 0.2200721748 0.0671262552 -0.721690268 0.1619420448 -0.115180245
128 | 0.2764913873 0.1304260238 04225579508 0.2752860284 12678953442 04711738223 -0.746502517
129 | 0.0042226996 -0.143214818 0151660217 0019572998 0446588308 07858625304 1.1564567022
130 | 0.0077230323 -0.133014935 0.1545809934 00198181292 14563451574  0.01838125 -1.242711599
131 | -0.073510335 0262153586 0.1031329158 . 05394738507 0.2171127086 -D.809173144

O

Source: Own calculations

The next step of the analysis is to forecast widhzon greater thah = 1. Table 4.1.2.
presents results for the forecast horizos 3 analogous to those presented in Table 4.1.1.
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Table 4.1.2. The values of models’ mean square errim the forecast horizonh = 3

%MSE

Model MSE (F_lag6)

F_lag0 0,006802523 136%
F_lagl 0,005664764 113%
F_lag2 0,006467925 130%
F_lag3 0,005947402 119%
F_lag4 0,005452566 109%
F_lag5 0,005518686 111%
F_lag6 0,004993473 100%
F_lag7 0,006033056 121%
F_lag8 0,006187312 124%
A lagl 0,007827712 157%

Source: Own calculations

For the forecast horizom = 3 the best prognostic model is F_lag6, but digaatage is
not as overwhelming as it was in the case of thdehb_lag7 foih = 1. Models with fewer
lags have mean square errors that are not conblgdrigher. It seems that a model with only
a first order lag can be successfully applied.

The above example shows that even when predictiegegconomic value for only two
forecast horizons, at least twenty models haveacestimated. Considering the common
practice to make forecasts for a larger numbeiaagbles with multiple forecast horizons, the
previously indicated need to automate at least phthe research activities seems to be
indispensable.

4.2. The DFA_Forecast macro

The main purpose of this study is to create a caempprogram (a macro) that
automates the process of obtaining forecasts friffustn index models. This program is
written in the SAS 4GL language, which is one @& thost common statistical systems in the
world.

The main task of the DFA_Forecast macro is to prediorecasts for the indicated
variable within a particular forecast horizon. Tsere full macro automation, autonomous
modules that process the intermediate results desegned. It was also necessary to ensure
the compatibility of the consecutive modules. Hoese reasons, in order to increase the
readability of the code, the macro level structues separated by functionality.

The description of the consecutive modules of thacnm with regard to their
functionality is presented below. In the prograndethe modules are described in comments
(see Appendix 2).
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0. Data transformation
In the described empirical study, which is an exiang the macro’s functioning, the
variables used have been divided into groups aoapitd their type of transformation
(see section 4.1.). Point O of the below descniptioes not directly belong to the macro
code, it is an example of transformation of inpaitad
0.1. Variables with the transformations: seasonal adjushg, logarithmising,
first order differentiation
0.1.1. Seasonal adjusting
0.1.2.  Logarithmising, first order differentiation
0.2. Variables with the transformations: logarithmising, first order
differentiation
0.3. Variables with the transformations: first order dif ferentiation
0.4. Merging the results
1. Dynamic factor analysis
Extracts the factors from the indicated data skte@ criteria for selecting the number
of factors have been arbitrarily assumed: the eiglele of each isolated factor must be
at least 1, the cumulative explanation degree @filput data set’s variance must be at
least 0.6, the maximum number of separate factotBlfiactors” where "NFactors" is a
parameter whose value is given by the user. Theepoe selects a number of factors,
which is the minimum of the values indicated by thgove eligibility criteria. In
practice, the value of the last of the formal cr#edetermines the final number of
factors most often, therefore only this criterienparameterized. The more advanced
user can manually change the value of the othtareiin the code for the macro.
In this part of the code the variable that spesifige maximum lag order taken into
account is also automatically declared. It has labitrarily assumed that this value is
[0.15*n], where [] denotes the integer part, ané the number of observations in the
analyzed data set. It seems that this value i€ largpugh to take into account all lag
distributions possible to obtain (in a statistic&nse) or theoretically justified. For
example, in the analysis described in section 4t1lvas possible to estimate models
with lag order not greater than eight (this resulie®m the large number of extracted
factors- each addition of a subsequent lag ordduced the number of degrees of
freedom by 12).
1.1. Transforming the results
At this point, essential transformations are pernied on the intermediate
outcomes to ensure further modules’ compatibility.
1.1.1. Factors
Among others, lags of extracted factors are caledlaThey will be
used further to build the diffusion index model.
1.1.2.  Forecasted variable
The user declares a variable from the input datavdgch is further
considered as a dependent variable.
2. Index model forecast
2.1. Preparing the data set in terms of forecasting
2.2. Index model’s forecast
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2.2.1. Forecast for different lag distributions
Diffusion index models for all lag distributionsfaeed in point 1 are
estimated. In each model there is also an autasiges part added (in
accordance with formula (9)). The macro automdgicakamines the
statistical significance of all the lags of thepesse variable up to order
10 inclusive (this value has been chosen arbiyrarind estimates only
the autoregressive parameters, which are considasedtatistically
significant (the backward elimination method). Thé&r each model,
the forecast is calculated according to (9).
2.2.2.  Putting the results into the outcome table
2.3. Autoregressive model’s forecast
The autoregressive model with backward eliminatien estimated with
backward elimination. Similarly to models from pbih2.1., only lags up to 10
are taken into account. For the final form of thedel, the forecast is
calculated according to (10).
2.4, Choice of the best model
The criterion for selecting the model with the h@®tdictive properties is mean
square error (MSE). The macro indicates the maatelvhich the value of this
criterion is the lowest.
3. DFA_Forecast macro
The command that runs the macro DFA_Forecast. $be aalls the whole code saved
in a macro by submitting a single line. The fivegmaeters of the macro have to be
declared: the name of the library where the in@ta det is saved (parameter LibName),
the input set name (DataSetName), the name ofafeedsted variable (PredVar; this
variable must be included in the input data sé®, garameter defining the maximum
number of extracted factors ("NFactors”) (see paintthe parameter "FrcstHorizon",
which defines the horizon of the forecast. It sdoble noted that the first three
parameters are text type, the other two are numgre
Furthermore, note that (in calse 1) only the last value prediction is consisterthwhe
model (9). For example, selecting FrcstHorizon éh & 3), will set to forecast for the
period € +1), ¢ +2), ¢ +3), but only the forecast for period+ 3) is consistent with the
model (9).

All intermediary data sets as well as the resutadsets are saved in the temporary
system library Work. This ensures that the usdimity containing the set of data is not filled
up with unnecessary sets. However, it should bechttat the contents of the Work library
are cleaned by the end of the SAS session. Fordhson, the result data sets, if necessary,
should be copied to another location.

The most important outcome data set of the mactimeifResult data set. It indicates the
model with best predictive properties. Values ofamsquare errors for all estimated models

% As mentioned earlier, it is expected that in meages estimates of all of the autoregressive pgaatameters
are statistically insignificant.
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are stored in the set F_lags (on the basis ofdhia set Table 4.1.1. and 4.1.2. have been
prepared). Detailed information for each model &&nfound in sets F_lag[] and F_lag
[l_pred. For example, in the case of the F_lag7 ehgolhrameter estimates and selected fit
statistics of this model can be found in the F_lagiZ The forecasted values with upper and
lower confidence limits are in the F_lag7_pred $etthe case of the autoregressive model
(see point 2.3), these sets are named as A _lag dad_pred respectively.

The described program is available for download the Internet address
http://akson.sgh.waw.pl/~aj39683/DFA_Forecast.sd$ie macro code has also been
presented in Appendix 2.

The macro DFA_Forecast presented above is fullgraated. Because of that, the user
does not have to understand the programming aspédte analysis. Deep knowledge of
dynamic factor analysis is also not required. Diesthiis, to use the macro fully consciously, a
good knowledge of DFM methods is suggested. Intaofhdito fully take advantage of the
macro (such as changing the value of these formmaéria which have not been
parameterized), at least a basic knowledge of SAfgramming is recommended. It is,
however, not necessary to efficiently obtain goodlidy forecasts using the diffusion index
model.

In section 4.1. an example empirical analysis wasented. In this example, to achieve
a fair comparison of the predictive ability of DRNlbdels with different lag distributions and
with the comparative model, it was necessary tonegé twenty models. Taking into account
the fact that all compared models had the same aumbfactors, there is a much larger
number of potential forecasting models which shdagdtconsidered. Comparing all models by
manually setting up their estimation would requiexy large amounts of time and work.
Moreover, the amount of labor and time needed talgot research increases several times
when the analyst needs to get forecasts of moredha economic value. In the face of these
facts it is reasonable to automate the researchayts, at least in the technical part of the
work. Although the final decisions about the shapehe researched relationships, model
specification, and forecasting should belong tordsearcher, some elements of the research
process can be automated without loss of qualitheffinal results, thus greatly contributing
to raising the effectiveness of the effort. The rogaresented in this article automates most of
the research activities in the process of forengdiased on dynamic factor analysis.

5. Summary

This study presents a SAS macro created to autamageof the research process while
forecasting with dynamic factor analysis. As anmgke of the usage of the macro, the
procurement price of wheat was predicted. The Hasithis was 52 times series (each 130
observation long) representing the basic macroenanwalues in Poland for the period from
January 2000 to October 2010.
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The results of the study confirm that for one- #&mee- month forecast horizons DFM
models perform better than autoregressive moded. skdy also indicates that a significant
number of models with different specifications slddoe estimated to choose the model with
best forecasting properties.

The macro automating most of the research actvifehe process of forecasting based
on dynamic factor analysis was presented. The prog@automatically produces forecasts for
diffusion index models, depending on the lag disttions and autoregressive part. Then, the
results are confronted with the comparative modlee program indicates which model has
best forecasting properties measured by mean sgueoe On this basis, the researcher is
free to compare the models and make the final ehoicthe model, as well as see the
estimated parameters from the intermediary data Jétis saves the researcher’s time and
labor— they can choose the best model without dueutn of estimating all the models
manually. At the same time, conscious use of theronavoids operating with a "black box" -
an algorithm with unknown rules- while keeping fatintrol over the research process. This
allows for a more thorough examination of the shabeeconomic relations and the
construction of forecasts based on them.

Further research is planned into expanding the rprmogwith statistical tests of
significance between the forecasts of the modets the automation of model estimation
with regard to the number of extracted factors.sehactions could help to further improve
the program.
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Appendix 1

List of variables used in the study.

Seasonally Transformation

Variabl N .
anaple ame adjusted performed

Prices
Alcohol and tobacco prices CENY_ALK_TYTON yes Aln
Procurement price of cattle CENY_BYDLO yes Aln
Education CENY_EDU yes Aln
Export transaction prices CENY_EXPORT yes Aln
Import transaction prices CENY_IMPORT yes Aln
Recreation and culture CENY_KULTURA yes Aln
Telecommunications CENY_LACZN yes Aln
Housing maintenance and CENY_MIESZK_UZ yes Aln
energy prices
Home furnishing and CENY_MIESZK_WYP yes Aln

housekeeping
Milk CENY_MLEKO yes Aln

Average expected inflation

rate in 12 months horizon CENY_OCZEK_INFL yes Aln
Clothes and footwear CENY_ODZIEZ yes Aln
Procurement price of wheat CENY_PSZENICA yes Aln
Transport CENY_TRANSPORT yes Aln
Procurement price of pigs CENY_TRZODA yes Aln
Health CENY_ZDROWIE yes Aln
Food CENY_ZYWN yes Aln

Fractions of answers on inflation expectations syrv

Fraction (1) will grow faster

FRAKCJAl no A
than now
Fraction (2) same growth as FRAKCJA? no A
now
Fraction (3) will grow slower ~ FRAKCJA3 no A
Fraction (4) will be same as FRAKCJA4 no A
now
Fraction (5) will be lower FRAKCJAS no A
Fraction (6) hard to say FRAKCJAG6 no
Oil OIL no
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Retirement

Average monthly gross old-
age pension

Average monthly gross old-

EMERYT_NROL

age pension in the agriculturalEMERYT_ROL

social insurance system

Stock exchange

Dow Jones Industrial Average

NASDAQ Index
Crude Oil Future
S&P500 Index
WIG Index
WIG20 Index
Foreign trade
Balance of payments
Exports (in constant prices)
Imports (in constant prices)
Exchange rates
EUR/PLN
USD/PLN
Government
Balance of the state budget
Money
Foreign assets
Deposits of households
Deposits of enterprises
Currency in circulation
Loans to households
Loans to enterprises
M1 aggregate
M3 aggregate
Real properties

Number of completed
dwellings

Labor market

Number of registered
unemployed

DOWJONES_INDAVG

NASDAQ
OIL_FUTURE
SP500

WIG

WIG20

BILANS_PLATN
EKSPORT
IMPORT

EURPLN
USDPLN

SALDO_BUDZETU

AKTYWA ZAGR
DEP_GD
DEP_P

GOTOWKA
KRED_GD
KRED_P

M1

M3

MIESZK

BEZROBOT
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yes

yes

no
no
no
no
no

no

no
yes

yes

no

no

no

yes
yes
yes

yes
yes
yes

yes

yes

yes

yes

Aln

Aln

Aln
Aln
Aln
Aln
Aln
Aln

Aln
Aln

Aln
Aln

Aln
Aln
Aln
Aln
Aln
Aln
Aln
Aln

Aln

Aln



| nterest rates
Rediscount rate STOPA_WEKSLE
Business climate indicators

Overall situation in
construction

Overall situation in trade OG_HAND
Overall situation in industry OG_PRZET

OG_BUD
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Appendix 2

DFA_Forecast macro code in SAS 4@oint O of the description below does not
belong directly in the macro code, it is an exangflthe transformation of input data.

[rrxxeex Emptying WORK library ******/

proc datasets lib =work memtype=data Kkill nolist ;
quit;

[F*¥0% 0 Data transformation *****x/
[****0.1. Variables with the transformations: seas onal adjustment,

logarithmizing, first order differentiation ****/

/**0.1.1. Seasonal adjustment **/

proc x12 data=dfa.data date=TimelD seasons= 12 noprint;

var  CENY_PSZENICA CENY_BYDLO CENY_TRZODA CENY_MLEKO

CENY_ZYWN CENY_ALK_TYTON CENY_ODZIEZ CENY_MIESZK_UZ CENY_MIESZK_WYP
CENY_ZDROWIE CENY_TRANSPORT CENY_LACZN

CENY_KULTURA CENY_EDU CENY_EXPORT CENY_IMPORT EMERNROL EMERYT_ROL
EKSPORT IMPORT DEP_P DEP_GD KRED_P

KRED_GD GOTOWKA AKTYWA_ZAGR M1 M3 MIESZK BEZROBOT
CENY_OCZEK_INFL

transform  power= 0;

arima model=(( 0, 1, 1)( 0, 1, 1));
estimate;

x11;

output out=sa d11;

run;

proc datasets lib =work nolist ;

modify sa;
attrib ~_all_ label = ;
quit;
/**0.1.2. Logarithmizing, first order differentiat ion **/

proc expand data=sa out=sa (drop = TimelD);
convert _ALL_

/ TRANSFORMIN=(LOG DIF  1);

run;

[* --> output: sa */

[****(0.2. Variables with the transformations: loga rithmizing, first

order differentiation ****/

proc expand data=dfa.data (drop =

TimelD CENY_PSZENICA CENY_BYDLO CENY_TRZODA CENY_MEKO

CENY_ZYWN CENY_ALK_TYTON CENY_ODZIEZ CENY_MIESZK_UZ CENY_MIESZK_WYP
CENY_ZDROWIE CENY_TRANSPORT CENY_LACZN

CENY_KULTURA CENY_EDU CENY_EXPORT CENY_IMPORT EMERNROL EMERYT_ROL
EKSPORT IMPORT DEP_P DEP_GD KRED_P

KRED_GD GOTOWKA AKTYWA_ZAGR M1 M3 MIESZK BEZROBOT
CENY_OCZEK_INFL )

out=saz;
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convert USDPLN EURPLN WIG  WIG20 NASDAQ SP5000IL_FU TURE
DOWJIONES_INDAVG
/ TRANSFORMIN =(LOG DIF  1);

[****0.3. Variables with the transformations: firs t order
differentiation ****/
convert BILANS PLATN FRAKCJA1 FRAKCJA2 FRAKCJA3 FRA KCJA4
FRAKCJAS FRAKCJAG SALDO_BUDZETU

OG_PRZET OG_BUD OG_HAND OIL STOPA_WEKSLE
/ ~ TRANSFORMIN=(  DIF 1);
run,

[* --> output: sa2 */

[**** 0.4, Merging the results ****/
proc SQ;

create table dfa.data_tf as

select * from sa ASsa

inner join sa2 ASsa2

on sa.time=sa2.time;

Qui t;

* *

* *

kkkkkkkkkhkkkkkhkkkkkkkkkkkkhkkhkhhhhhhhikx

kkkkkkkhhkhkhhhhkkkkkkkkkkkkkkkkhkhkhkhkhhhhhhhhhhrrhrix *kkkkkkkkkkhhhhhhhhhhx

ok

[*options nosymbolgen nomprint nomlogic;*/

%VACRO DFA_Forecast (LibName, DataSetName, PredVar, NFact ors,
FrcstHorizon);

Proc datasets library=work kill nolist;
quit;

[xx*=*%%% 1 Dynamic factor analysis ******/
data _null_;

set & LibName. . &DataSetName nobs=nobs;
nlags=FLOOR(nobs* 0. 15);

call symput( 'nobs' ,compress(put (nobs, 11.)));
call symput( 'nlags' ,compress(put (nlags, 11.)));
run;
proc factor data=& LibName. . &DataSetName out=dfa noprint
method=prin
vardef=df

singular= 1E- 08
mineigen= 1
proportion= 0.6
nfactors=&NFactors
priors=one
rotate=none;

var _all_;

run;
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[****1.1. Transforming the results ****/
/**1.1.1. Factors **/
data dfa_factors;
set dfa (keep= factor:);
run;

%let mlist="";

%VACRO MM i st ;

data _null_;

set dfa_factors (firstobs=&nobs);
length list $ 200;

%doi= 1 %to &NFactors;

if Factor&i= . then list=trim(list)|| " |ltrim(  "Factor&i"

%end;

call symput ( 'mlist’ , list);
put list;

run;

%VEND Mmlist;

% i st ;

%put &mlist;

dat a dfa_factors;
set dfa_factors (drop = &mlist);

run;
proc sql;
create table nvar as
select nvar from sashelp.vtable
where libname ='WORK' and memname=DFA_FACTORS';
quit;
data null_ ;
set nvar;
call symput( 'NF' ,compress(put (nvar, 11.)));
stop ;
run;
%put &NF;

%VACRO Fact or Lags;
data dfa_factors;

set dfa_factors;

array Datalags (*) _ALL_;

%doj= 0 %to &nlags; /*lags loop*/

%doi= 1 %to &NF; [*variables loop*/
Factor&i._lag&j= lag&j(DataLags(&i));

%end;

%end;

drop Factorl-Factor&NF;

run;

%VEND;

%-act or Lags;

/**1.1.2. Forecasted variable **/
dat a dfa_PredVar;

set dfa (keep = &PredVar);
run;
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dat a dfa_all;
merge dfa_PredVar dfa_factors;
run;

[Fx*xxx 2 - Index model forecast ******/
[**+* 2 1. Preparing data set in terms of forecasti ng **/

dat a dfa_indexForecast;

set dfa_factors (obs=&FrcstHorizon);
call missing (of _all );

run;

proc sql;

insert into dfa_indexForecast
select * from dfa_factors;
quit;

dat a dfa_indexForecast;
merge dfa_PredVar dfa_indexForecast ;
run;

[¥** 2.2, Index model’s forecast ****/
[**2.2.1. Forecast for different lag distributions **/
%VACRO AutoRegF (reg_nlags);
proc autoreg data=dfa_indexForecast outest=F Lag&re g_nlags noprint;
F_lag&reg_nlags: model &PredVar= factorl_lag0--
factor&NF._lag&Reg_nlags
Inlag=( 1234567 89 10)

backstep;

output out=F Lagé&reg_nlags._pred Predicted=yhat Icl=lcl
ucl=ucl;

run;

quit;
%VEND;

%VACRO Aut oRegF _| oop;

data _null_;

%doj= 0 %to &nlags;
%Aut oRegF (&));

%end;

run;

%VEND;

%Aut oRegF_| oop;

[** 2.2.2. Putting the results into the outcome tab le **/
dat a F_lags;
set F_lag0 (keep =_MODEL__MSE_);
run;

%VACRO SQL _insert (reg_nlags);
proc sql;
insert into F_lags
select MODEL_, MSE_ from F_lag&reg_nlags;
quit;
%VEND;

9%ACRO SQL i nsert _2;

data _null_;

%doj= 1 %to &nlags;
%SQL_i nsert (&));
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%end;

run;

%VEND;

%SQ_i nsert_2;

proc sql;

create table F _lags as
select * from F_lags
where MSE_<> 0 ;

quit;

[**** 2 3. Autoregressive model’s forecast ****/
proc autoreg data =dfa_indexForecast outest =A_Lag noprint;

A lag: model &PredVar=

/ nlag =(1 23456789 10)
backstep ;
output out =A Lag pred Predicted =yhat Icl =lcl ucl =ucl;
run;
qui t;

proc sql;

create table A _lags as

select _MODEL_, MSE_ from A_lag;
quit;

[¥*** 2. 4. Choice of the best model ****/
proc sql;

insert into F_lags

select * from A _lags;

create table F_lags as
select * from F_lags
where MSE_<>0;
create table Result as
select * from F_lags
having MSE_=min(_MSE _);

quit;

%VEND DFA_FORECAST;

[xex¥xx 3 DFEA_Forecast macro *x****/

Y%FA_For ecast (LibName= dfa, DataSetName= data_tf, PredVar=
CENY_pszenica_d11, NFactors= 12, FrcstHorizon= 1);

/*%MACRO DFA_Forecast (LibName, DataSetName,
PredVar,NFactors,FrcstHorizon);*/
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