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Abstract — The measurement set-ups for measuring
economic phenomena are economic systems that cannot be
controlled or shielded. Economists have to infer the desired
quantitative facts about the phenomenon under study from
the data generated by these systems. Accurate measurement
results are therefore not obtained by adjustments and im-
provements of the measurement system, but must result
from building accurate models of these systems. By taking
into account the background noise when modelling the
phenomenon, the impossibility of control for bias and error
is compensated. As a result, accuracy is obtained by first
finding accurate representations of the relevant economic
system incorporating both phenomenon and its environment.
Secondly, these representations are applied in the methods
for achieving precision of the measurement results. Because
the unobserved facts about the relevant economic phenom-
ena are inferred from data generated by the underlying
system, measurement in economics is always associative in
which the inferences are based on the models that function
as representations of this association. Section two accounts
for this kind of measurement. The principles of a broad
range of modelling strategies in economics will be discussed
in section 3. The general principles of making measurement
results precise will be explained in section 4.
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1. INTRODUCTION

In empirical economics, models are built to pro-
vide facts about phenomena. Though phenomena, like
business cycles, GDP and unemployment, are the
objects of explanation and prediction of economic
theories, these theories usually do not generate quanti-
tative facts about them. For example, theories tell us
that capitalist economies give rise to business cycles,
but not the duration of recovery. These facts about
economic phenomena are not directly observable, but
nevertheless have to be converted from data, i.e. ob-
servations (see [1] for a elaborate discussion of the
distinction between data and facts about phenomena).
If data are arranged in a considered way, meeting
specific requirements, they provide reliable quantita-
tive information about phenomena. In economics,
models function as such devices. In other words, the
measuring instruments of economists are models, that
are located on the theory-world axis mediating be-
tween facts about phenomena and data, see Fig. 1. The
dotted line in Fig. 1 represents the indication that
theories do not provide (quantitative) facts about phe-
nomena.
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Fig 1. Position of measuring instrument on theory-world
axis

There is, however, one crucial feature of models
that has profound consequences for achieving accurate
measurement results. Namely, models are ideal sys-
tems, and so all kinds of material interventions to
make measuring instruments reliable, such as control,
shielding and insulation, are not possible for mathe-
matical objects. To function as an accurate measuring
instrument, a model should include a representation of
an as far as possible invariant relationship between
facts and data. Though invariance is hard to find in an
economic world of constant flux, this paper will ex-
plore some strategies of finding representations of
invariant relationships. These strategies are based on
works of economists and econometricians who sug-
gested influential solutions to this problem of invari-
ance.

Before these works will be discussed, we first, in
section 2, have to clarify the concept of a model as an
ideal measuring instrument. Therefore, we will use
Heidelberger’s [2] correlative interpretation of the
representational theory, which is based on Fechner’s
correlational theory of measurement. In Heidelber-
ger’s work a correlation is linked to a measuring in-
strument ensuring the invariance of this relationship.
Generally for material instruments this can be done by
insulation, or in other words by taking care that ceteris
paribus requirements are fulfilled. In economics, we
often cannot create ceteris paribus environments and
so have to search for invariant relationships in the
open air. Do constellations in nature exist that can be
used as measuring instruments and how do they look
like? The works of Trygve Haavelmo [3], Herbert
Simon [4], Milton Friedman [5], and Robert Lucas [6]
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show that we do not necessarily need ceteris paribus
environments for accurate measurements.

2. MEASURING INSTRUMENT

Heidelberger [2] criticizes the representational the-
ory of measurement of having turned too much into a
pure mathematical discipline, leaving out the question
of how the mathematical structures gain their
empirical significance in actual practical measure-
ment. The representational theory lacks concrete
measurement procedures and devices. Heidelberger
argues for giving the representational theory a ‘cor-
relative interpretation’. This interpretation of the rep-
resentational theory is based on Fechner’s theory of
measurement. Fechner had argued that the measure-
ment of any attribute x generally presupposes a sec-
ond, directly observable attribute y and a measurement
apparatus 4 that can represent variable values of y in
correlation to values of x. The correlation is such that
when the states of 4 are arranged in the order of x they
are also arranged in the order of y. The different val-
ues of y are defined by an intersubjective, determinate,
and repeatable calibration of 4. They do not have to be
measured on their part. The function that describes the
correlation between x and y relative to 4 (underlying
the measurement of x by y in A) is precisely what
Fechner called the measurement formula. Normally,
we try to construct (or find) a measurement apparatus
that realizes a 1:1 correlation between the values of x
and the values of y so that we can take the values of y
as a direct representation of the value of x. The cor-
relative interpretation of measurement implies that the
scales of measurement are a specific form of indirect
scales, namely associative scales.
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Fig 2. Correlative interpretation of measurement

The association is indicated by F in Fig. 2. An as-
sociative scale for the measurement of x is then de-
fined by taking

n=M(y) = M(F(x, 0C)) (1

where M(y) is the measure of y on some previously
defined scale, and F is the correlation between x and y
that also involves other influences indicated by OC.
OC, an acronym of ‘other circumstances’, is a collec-
tive noun of all the other factors that could have an
influence on y.

The central idea of correlative measurement is that
in measuring any attribute x we always have to take
into account its empirical lawful relation to (at least)
another attribute y. To establish this relation we need a
measurement apparatus or experimental arrangement,
A. The correlative interpretation gives back to meas-
urement the idea that it concerns concrete measure-
ment procedures and devices, taking place in the do-
main of the physical state sets as a result of an interac-
tion between P and Q. A correlation should not be
considered as a numerical law, because that would
require independent measurements of both x and y.
For each of the variables in a numerical law there
must exists a measurement apparatus based on a corre-
lation before a numerical law can be established and
tested. The mapping of y into numbers, n = M(y), is
not the result of measurement but is obtained by cali-
bration.

As a consequence of this interpretation of meas-
urement, y; (i = 1, ..., k) are (indirect) observations of
x to be used for the measurement of x. Each observa-
tion involves observational errors, &;:

yvi=Fx,0)+sg (=1,..,k 2)

y is an accurate observation if we are able to reduce
the error term considerably. This error term, represent-
ing noise, reflects the operation of many different
influences. One way of obtaining accuracy is by
shielding the apparatus from these other influences,
that is by taking care that ceteris paribus conditions
are imposed. To work out this idea, it is useful to
rewrite (2) as an expression of how x and possible
other circumstances (OC) influence the observations.
Note that the observations y can only provide informa-
tion about the measurand x when variation of x influ-
ences variation of y:

Ay = AF(x,00) = a2 noc 3)
ox  80C

Comparing (3) with (2), one can see that the second

term, OF/00C-AOC, represents the noise term, &.
Equation (3) shows that accuracy can be obtained

by imposing ceteris paribus conditions: AOC = 0, or

29



by imposing even stronger ceteris absentibus condi-
tions: OC =~ 0. However, both kinds of conditions
imply control of circumstances. Generally in meas-
urement, even in a laboratory, there are always cir-
cumstances one cannot control. Fortunately, a measur-
ing instrument can also be accurate when it is de-
signed, fabricated or used in such a way that the influ-
ences of all these uncontrollable circumstances are
negligible. Using the expression of (3), this means that
OF/00C =~ 0. In other words, a measuring device
should be constructed and used such that it fulfils the
ceteris neglectis condition. In economics we generally
cannot furnish the environment for measurement pur-
poses, so we have to look for natural measuring in-
struments satisfying ceteris neglectis requirements.
Moreover, we are not able to carry out controlled
measurements and so will depend on the information
obtained by passive observation.

The problem of passive observation is that it is not
possible to identify the reason for an (disturbing) in-
fluence, say z, being negligible, 0F/0z-Az =~ 0. We
cannot distinguish whether its potential influence is
very small, 0F/0z ~ 0, or whether the factual variation
of this factor over the period under consideration is
too small, Az = 0. The variation of z is determined by
other relationships within the economic system. In
some cases a, virtually, dormant factor may become
active because of changes in the economic structure
elsewhere. However, deciding whether a factor should
be accounted for in the measurement relationship
between y and x should not depend on such changes.
The relationship should be autonomous with respect to
structural changes elsewhere.

In practice, the difficulty in economic research
does not lie in establishing simple relations, but rather
in the fact the empirically found relations, derived
from observation over certain time intervals, are still
simpler than we expect them to be from theory, so that
we are thereby led to throw away elements of a theory
that would be sufficient to explain apparent ‘breaks in
structure’ later. This is what Haavelmo [3] called the
problem of autonomy of economic relations. Some of
these relations have very little autonomy because their
existence depends upon the simultaneous fulfilment of
a great many other relations. Autonomous relations
are those relations that could be expected to have a
great degree of invariance with respect to various
changes in the economic structure. However, this kind
of invariance should not be equated with the observ-
able degree of constancy or persistence of a relation.
The degree of autonomy refers to a class of hypotheti-
cal variations in structure, for which the relation
would be invariant, while its actual persistence de-
pends upon what variations actually occur.

3. ECONOMIC MODELING

When one has to deal with a natural measuring
system F which we therefore only can observe pas-
sively, the measurement procedure is to infer from the
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observations y nature’s design of this measuring sys-
tem to determine the value of the measurand x. In
other words, we first have to find an adequate repre-
sentation A of system F before we can estimate the
value of x. In economics, both system and its repre-
sentation are usually assumed to be linear operators.
From now on, therefore, capitals like 4 and F denote
matrices and small Latin letters without subscripts,
like x and y denote vectors. We assume the following
economic system:

Xery = Fxp + 1y 4)

where F' is a NxN transition matrix of state variables
and 7 denotes the rest of the world having only a
negligible to none influence on x. The subscript ¢ indi-
cates time. Observations y are proxies of x:

yo=xt¢& (%)

where &’ denotes observational error. The economic

observations used for the measurement of x, are time
series. So, to measure x, a model M has to be specified
of which the observations y, function as input and x,,

the estimation of x;, as output:
X, = M(y; A) (6)

where 4 = (o;) are the parameters of the model.
£ = x — x denotes measurement error. The aim is accu-
racy by reducing this error term. Because we are deal-
ing with economic systems in which generally many
factors are involved, we denote the different system
variables by the subscripts i and j. We will now dis-
cuss the principles of several modelling strategies to
be found in economics.

3.1. System-of-equations approach

Let start with the simplest model, namely take as
prediction of next period yy.; the observation at time
t.

}A}IIHI =i (7)

Then, initially the prediction error is as large as the
observational error. The strategy to reduce the predic-
tion error is to add to the model a variable suggested
by theory each time the model predictions can be
made more accurate. So, we compare (7) with

D=+ @y (8)



to verify whether (8) leads to an improvement of the
predictions:

where |||| denotes a norm. The specification of the

Vit — )Ajllm ©

All
Vit = Vit

<|

norm depends on the problem field at hand, but will
be in general the mean squared error discussed below.

The general strategy is to compare two models, I
and II, and choose the one that provides the best pre-
dictions.

j/fm :Za;yﬂ (i=1,...,n) (10)
Jj=1
P n+l "
Vi =20y, (=1, .., ntl) (11)
J=l
If " Vit = Pl < " Vst — V|| for the majority of these
error terms (i = 1, ..., n), choose model II. Note that

for each additional variable the model is enlarged with
an extra (independent) equation.

If the prediction errors are reduced by taking into
account more and more variables then the measure-
ment errors are reduced. To see this compare two
different expression for y;;:

Y A4 _ A
Vi1 = Vi +gt+1 - Ayt +gt+1

=Ax, + Ag +

(12)
5:1

4

_ o
=X, TE 41

t+1 t+1

yt+1 :Fxt+77t+1+g (13)

Then the upper limit of the prediction error can be
expressed as:

The aim of the system-of-equations strategy is to re-
duce the prediction error as much as possible by ex-
panding A till we arrive at an accurate representation
of F:

< "Fxt — Ax," +|

o o
ey —Aég, ||+|

A
gt+1

M (14)

|Fx, = 4x,| = 0 (15)
Then,
R, = Ax, (16)
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can be used as measurement formula with a rather
small measurement error:

A

&

(17)

=[R2 =l <, = P |+ ] ~ |

77t+1

t+1

3.2. Decomposition of complexity

The above strategy is based on the idea to build
into the model as much background conditions (OC)
as possible to obtain accuracy; the more comprehen-
sive the models the more accurate they are. In eco-
nomics, this strategy can result in enormous models
containing more than 400 equations. Simon and Ando
[4] show how one can simplify the dynamics of such
models considerably. One of the main results is that if
OF/00C is small enough one can legitimately ignore
the background conditions for the short run.

Assume that 4 is nearly decomposable:

A =A%+ 0C (18)

where ¢is very small, and OC is an arbitrary matrix of
the same dimension as 4. 4* can be arranged in the
following form after an appropriate permutation of
rows and columns:

o

where 4% is a (n x n) submatrix and the remaining
elements are all zero. Let the roots of the submatrix
A*; be designated as A%, 1%,, ..., 1*,. We assume that
these roots are distinct, and the subscripts are so ar-
ranged that A* > A%, > ... > A%, If A=(4)and A*=
(A*) are diagonal matrices whose nonzero elements
are the distinct roots of 4 and A*, respectively, then
there exist non-singular matrices Z = (z;) and Z*
(z*;) such that

A*

0 (19)

A=27AZ" (20)

A*=7¥Axz% ! (21)

We know that

x, =A%y =ZANZ 'xg=ZA'w (22)
and

X = A¥x¥) = ZEANZF k= ZE AR (23)

Let us now look at elements of (22) more closely.
They have the form



N
X, =z Aw, (24)
j=1
From the structure of 4 * it follows that
z¥;=0fori>n,j>n (25)
If we define a matrix U = (u;) as
Z=7*+U (26)

we can divide the right hand side of (24) into three
sets of terms:

N
t t
A w; + Zui]./ijwj

/)
Jj=n+l

X, = zil/?f] w, + ZZ 27)
=)

Simon and Ando show that in the short run, that is
small ¢, for a sufficiently small &, the system character-
ized by a nearly decomposable matrix 4 behaves in a
manner similar to the behaviour of the smaller subsys-
tem, represented by A4, insulated from the environ-
ment. This becomes clear when we express x *; as

n
% _ ok ok ook % g ok
xit_zil/llwl—i_zz Z//?’A/W/'

J=2

(28)

and compare this expression with (27), noting that z;
— z%;, 4 &> A% as ¢ = 0. In the long run, we may
look at our system being dominated by the aggregate
variable wy, ignoring the relations within the subsys-
tem. Thus, if the structure of a dynamic system can be
represented by a nearly-decomposable matrix, then
such system may be viewed as a composite system,
constructed by the superposition of (1) terms repre-
senting interaction of the variables within the subsys-
tem; and (2) terms representing interactions with the
subsystem and its environment. Simon an Ando
showed that, over a relatively short period, the first
group of terms dominates the behaviour of the system,
and hence the subsystem can be studied (approxi-
mately) independent of its environment. Over a rela-
tively long period of time, on the other hand, the sec-
ond group of terms dominates the behaviour of the
system, and the variables within the subsystem move
roughly proportionately. Hence, the variables within
the subsystem can be aggregated into an index repre-
senting the subsystem.

3.3. Keep it simple

The system-of-equations approach is based on the
assumption that more comprehensiveness leads to
better predictions. However, this assumption is not
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justified by the empirical results. It appears that very
simple univariate naive models (e.g. (7), random
walks, low-order autoregressive (AR) models, or sim-
ple autoregressive moving average (ARMA) models)
perform better in predictions than the larger, more
comprehensive models. In interpreting these results,
Milton Friedman [5] suggests that the programme of
building large-scale models is probably faulty and
needs reformulation.

For Friedman, the ability to predict is the quality
of a model that should be evaluated, not its realistic-
ness. This methodological standpoint is spelled out in
the among economists well-known article “The Meth-
odology of Positive Economics” [5]. The strategy he
suggests is to keep the model A% as simple, i.e. n
small, as possible by avoiding to model the ‘other
circumstances” OC and instead to search for those
objects or systems for which 4*; is an accurate model
(tested by its predictive power). In other words, try to
decide by empirical research for which objects or
systems the other circumstances OC are negligible: ¢
~ 0. Friedman argues that a specification of the do-
main of objects and systems for which a model applies
— the scope of the model — should be attached to the
model.

Enlargement of the model is only justified if it is
required by the phenomenon to be measured. The
relevant question to ask about a model is not whether
it is descriptively realistic but whether it is a suffi-
ciently good approximation for the purpose at hand.

3.4. Calibration

A very influential paper in macroeconomics [6]
shows that the estimated parameters 4 are not invari-
ant under changes of policy. The problem is that the
model equations in social science are often representa-
tions of behavioural relationships. Lucas [6] empha-
sises that agents form expectations of the future and
that these expectations play a crucial role in the econ-
omy because they influence the behaviour of the eco-
nomic actors. People’s expectations depend on many
things, including the economic and financial policies
being pursued by government and central banks. Thus,
estimating the effect of a policy change requires
knowing how people’s expectations will respond to
the policy change. Lucas argues that the above estima-
tion methods do not take sufficiently into account the
influence of changing expectations on the estimated
parameter values. Lucas assumes that economic
agents have rational expectations, that is expectations
based on all information available at time ¢ and they
know the model M, which they use to form these ex-
pectations.

Parameters invariant for policy changes should be
obtained in an alternative way. Either they could be
supplied from micro-econometric studies, accounting
identities, or institutional facts, or they are chosen to
secure a good match between a selected set of the
characteristics of the actual time series and those of
the simulated model output. Important is that whatever



the source is, the facts being used for calibration pur-
poses should be as stable as possible. However, one
should note that in social science standards or con-
stants do not exist in the sense as they do exist in natu-
ral science: lesser universal, more local and of shorter
duration. In general, calibration in economics works
as follows: use stable facts about a phenomenon to
adjust the model parameters.

Two different calibration methods of obtaining pa-
rameter values can be distinguished. The first method
is a method of estimation which entails simulating a
model with ranges of parameters and selecting ele-
ments from these ranges which best match properties
of the simulated data with those of the actual time
series. An often-used calibration criterion is to meas-
ure the difference between some empirical moments
computed on the observed variable y, and its simulated
counterpart x,. The estimator derived by this method
is the so-called Method of Simulated Moments
(MSM) estimator [7]. Let m(y) be the vector of vari-
ous moments of the observed data. m(y) could include
the means and variances of a selected set of observ-
able variables. m(x)is the vector of simulated mo-

ments, that is, the moments of the simulations
x=M(A). Then the estimation of the parameters is
based on:

Apsyy = argpinllm(y)—m(i(A))n (29)

The second calibration method works as follows.
When for specific circumstance stable facts about the
phenomenon are known, we could use this informa-
tion to adjust the model parameters. This method can
be clarified by first rewriting (6) and assuming that M
is a linear operator:

%, =My, )= M(x,; )+ M(5 A) (30)

Express (30) subsequently as a differential equation:

_oM) M)

A¥, = — —Ax, :

G

! oe

When there are specific circumstances (sc) for which
we expect that quantity x is stable (Ax™ ~ 0), we can
adjust the parameters of 4 such that

OM(A4) , o

t

~
~

AR ~ 0 (32)

o€

Although accuracy attained for these specific circum-
stances does not guarantee accurate results for other
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circumstances, it does argue for the validity of the
measuring results.

4. PRECISION

The above section showed various strategies of ob-
taining an accurate representation 4 of a natural meas-
uring system F. When such a model is built, it can be
used for measuring x accurately. A useful, though
perhaps crude, measure of accuracy is what is called
the mean-squared error of the estimator:

E[¢%]=E[(3-x)"] (33)
Then one can easily see that
E[£*]=Varé+(x— Ex)* (34)

The first term of the right-hand side of (34) is a meas-
ure of precision and the second term is called the bias
of the estimator.

If the model is an accurate representation of the
economic system, then the estimator is unbiased:

Ix, = E,|=|Fx,, +n, — Edx, |
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Accuracy of the measurement results is then obtained
by aiming at precision, i.e. reduction of Varé .

We will now briefly discuss a few methods that as-
sume knowledge of the underlying system and there-
fore for accuracy purposes aim at precision. These
methods can be and in economics are often labelled as
“filtering’.

4.1. Moving weighted average

The moving weighted average (MWA) filter [§]
estimates the true value by taking a weighted average
of a certain number of consecutive observed values:

n
D ICAN

§s=—n

(36)

In most cases the MWA formulas are symmetric: o, =
a.,. Substituting (5) into (36), we obtain:

n n
A 0
X, = ZaxxHx + zasgtﬂ

s=—n s=—n

(37

It is assumed that the system is known, that is we
have an accurate representation of it. So we know a set



of conditions the o’s should satisfy such that the fol-
lowing condition is fulfilled:

X, =D A, (38)
S=—n
Then the measurement error is
&= a8, (39)

s=—n

Because the measurement formula is unbiased, the
measurement error is reduced by minimizing its vari-
ance. If we assume that each observation error has the
same variance, one can derive

Var(¢,) = Var(y,)z al

-n

(40)

n
So, the a’s should be chosen such that 2053 1S mini-

—-n

mized.

4.2. Kalman filter

A more efficient filter is the Kalman filter [9], be-
cause this method is based on constantly updating the
estimator with each new observation available. Let
X, denote an estimate of x, based on an estimate of

X.1, where the subscript #¢-1 denotes the estimate
made at time ¢ using the information available up to
time #-1, and assume for a moment that this estimate is
available. A new observation y, now becomes avail-
able; this in itself constitutes an estimate of x, but it is,
of course, subject to noise. To obtain the best unbiased
linear estimate of x,, a weighted linear sum of the two
available estimates is formed to yield

)%t\t = Lt£t|t—1 +K.y, 41)

where L, and K, are time-varying matrices to be speci-
fied by imposing on the filter the conditions that the
estimator at each time point should be unbiased and of
minimal variance.
We first impose the condition of unbiasedness. If
the  measurement errors are defined as
5 — x, then we have

Ep =Xy =% and e = Xy

ét‘, =[L, +K,-1lx,+ L,  +K,¢& (42)

=

In this method it is assumed that that the observations

are unbiased, E&’ =0, and if E¢, , =0, the updated

ft-1
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estimator is unbiased if L, = I - K,. When this result is
substituted in (41) we have

)%t\t = )’etv—l + Kz[yr - )’ezyfl] (43)

K, is referred to as the Kalman gain and plays a
crucial role in the operation of the filter, and so an
optimum choice of K| is desirable to ensure a precise
estimate of x,. To describe the degree of precision of
the measurement of the system variables, the variance-

covariance matrices of &’

t’g

. and &, , are required,

=Var(é,) and

,) - By minimizing the variances of the

these are defined as R =Var(s'), B,
P, =Var(¢

tle-1
measurement errors, the optimum choice of the Kal-
man gain is obtained:

te—

K, = Pz\t—l [Pt|r—1 + R]71 (44)
Then,
By ==K 1B, (45)

which is the variance-covariance matrix of the meas-
urement errors corresponding to the optimum value of
K, given by (44). This equation provides a means of
updating the variance-covariance matrix of the system
variables by taking account of the observation made at
time ¢.

When the filter is updated, the next step is to make
new forecasts, using the model describing the system
under study:

X1 = Ax+ 1 (46)

where the residual 7, is described by the variance-
covariance matrix Q. In accord with (46), the forecast
at time ¢ of the state at time #+1 is taken to be

xt+1\t = Axt\t

(47

From (46) and (47) the error of prediction is obtained
as

énm = Aé,‘[ /. (48)

from which the variance-covariance matrix of the
prediction error can be derived as

P, =AP, A" +0

1+t 1

(49)



Subsequently these results are updated by using a new
observation y,.. Etcetera.

5. CONCLUSION

Economists have developed all kinds of strategies
to compensate for their inability to control the condi-
tions for obtaining accurate measurement results.
Instead of making demands on the measuring systems,
they require the models to fulfil certain criteria such
that they can function as reliable measuring instru-
ments. To reduce the measurement errors they require
models to account for the noisy environment. In eco-
nomics, one can distinguish four general strategies.
The first strategy, system-of-equations approach, is to
build into the model as much as possible this envi-
ronment. However, if one uses as a test for accuracy
the predictive power of these models, it turns out that
even when these models are gigantic their perform-
ance can be worse than very simple predictors. The
second strategy, decomposition of complexity, shows
that there is a trade-off between the time interval over
which the accuracy of the prediction will be main-
tained and the degree of nearness of the system to a
really isolated system. The third strategy that can be
identified is to keep the models as simple as possible
and to look for systems for which the model is an
accurate representation. The fourth strategy is a cali-
bration strategy. It doubts whether the models found
by the other strategies are representations of invariant
systems. Economic systems incorporate expectations
about future developments and therefore change when
expectations change. The estimation of the model
parameters should be based on facts about the eco-
nomic system that remain invariant under changes of
expectations.

Accuracy of the measurement results consists of
two aspects: unbiasedness and precision. The first
aspect is dealt with by finding accurate representa-
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tions. Precision is obtained by filtering the data. In
economics, two filter methods are broadly applied: the
moving-weighted-average and Kalman filter tech-
niques. However, one should note that for both filter
methods accurate representations are requisite.
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