International Input-Output Association

Working Papers in Input-Output Economics

WPIOX 10-001

Umed Temurshoev, Norihiko Yamano and Colin Webb

Projection of Supply and Use tables:
methods and their empirical assessment



Working Papers in Input-Output Economics

The Working Papers in Input-Output Economics (WPIOX) archive has been set
up under the auspices of the International Input-Output Association. The series
aims at disseminating research output amongst those interested in input-output,
both academicians and practitioners. The archive contains working papers in
input-output economics as defined in its broadest sense. That is, studies that
use data collections that are in the format of (or are somehow related to) input-
output tables and/or employ input-output type of techniques as tools of analysis.

Editors

Erik Dietzenbacher Bent Thage

Faculty of Economics and Business Statistics Denmark
University of Groningen Sejrggade 11

PO Box 800 2100 Copenhagen @
9700 AV Groningen Denmark

The Netherlands

h.w.a.dietzenbacher@rug.nl bth@dst.dk



mailto:h.w.a.dietzenbacher@rug.nl
mailto:bth@dst.dk

Code: WPIOX 10-001

Authors: Umed Temurshoev, Norihiko Yamano and Colin Webb

Title: Projection of Supply and Use tables: methods and their
empirical assessment

Abstract:

In this paper we present and perform the relative performance test of eight existing
updating methods for the projection of Supply and Use tables (SUTSs) in the example of
the Netherlands and Spain. Some of the presented methods are less (or not) known in
the literature, and have been slightly revised in projecting negative elements and
preserving the signs of the entries of original matrices in the estimated ones. It has been
found that (G)RAS and two other methods proposed, respectively, by Harthoorn and
van Dalen (1987) and Kuroda (1988) produce the best estimates for the data at hand.
Their relative success also suggests the stability of transactions’ ratios for larger
deliveries.

Keywords: Supply, Use, Updating techniques
Archives: Construction of input-output tables; Methods and mathematics

Correspondence address:
Umed Temurshoev

Faculty of Economics and Business
University of Groningen

PO Box 800

9700 AV Groningen

The Netherlands

E-mail: u.temurshoev@rug.nl

Date of submission: February 15, 2010


mailto:u.temurshoev@rug.nl

World Input-Output Database

Projection of Supply and Use tables: methods
and their empirical assessment

Working Paper Number: 2

Authors: Umed Temurshoev, Norihiko Yamano and Colin Webb

Working Paper Series



Projection of Supply and Use tables: methods and
their empirical assessment*

Umed Temurshoev’ Norihiko Yamano? Colin Webb?

Abstract

In this paper we present and perform the relative performance test of eight
existing updating methods for the projection of Supply and Use tables (SUTs)
in the example of the Netherlands and Spain. Some of the presented methods
are less (or not) known in the literature, and have been slightly revised in
projecting negative elements and preserving the signs of the entries of original
matrices in the estimated ones. It has been found that (G)RAS and two
other methods proposed, respectively, by Harthoorn and van Dalen (1987)
and Kuroda (1988) produce the best estimates for the data at hand. Their
relative success also suggests the stability of transactions’ ratios for larger
deliveries.

Keywords: Supply, Use, updating techniques
JEL Classification Codes: C61, C89, D57

*We gratefully acknowledge financial support provided by EU FP7 WIOD project. This project
is funded by the European Commission, Research Directorate General as part of the 7th Framework
Programme, Theme 8: Socio-Economic Sciences and Humanities. Grant Agreement no: 225 281,
www.wiod.org. This paper was partly written when the first author was in a short visit to the
Organisation for Economic Co-operation and Development (OECD) in Paris. He thanks the staff
of the Directorate for Science, Technology and Industry of the OECD for their hospitality. We also
thank the seminars’ participants in the OECD and University of Groningen for their comments
and suggestions. The views expressed in this paper are those of the authors and do not necessarily
represent those of the OECD.

"Department of Economics and Business, University of Groningen, PO Box 800, 9700 AV
Groningen, The Netherlands. E-mail: u.temurshoev@rug.nl (corresponding author)

iDirectorate for Science, Technology and Industry (DSTI), Organisation for Eco-
nomic Co-operation and Development (OECD). E-mail: yamano.norihiko@gmail.com and
colin.webb@oecd.org



1 Introduction

It is well-known that Supply and Use tables (SUTs) are the core of the System of
National Accounts, and provide the detailed picture of the entire economy. These
tables provide a thorough overview of the production process, of the use of goods and
services (commodities), and of income generated in the production process. SUTs
are building blocks of the the so-called symmetric input-output tables (SIOTSs),
which together provide a powerful tool for very different types of economic analyses.
The areas that make extensive use of these datasets are, for example, environmental
analysis, globalization, international trade, productivity and efficiency, innovation
and R&D, and migration.

Although the delivery and quality of SUTs provided by different statistics com-
mittees around the world are much better now than 10-15 years ago, still the problem
of timeliness of these data remains. This has to do with the large financial expen-
ditures and human efforts required in collecting SUTs. That is why most statistical
committees of countries provide benchmark tables based on detailed surveys on usu-
ally five years interval. However, for the policy research objectives these five-year
tables are often not adequate, hence the in-between benchmark SUT's and SIOTs are
estimated. For this purpose, very different non-survey methods have been proposed
and extensively used.

The purpose of this paper is twofold. First, we present eight methods of up-
dating SUTSs, four of which are less (or not) known in the literature. These less
known updating techniques are the methods of EUKLEMS (Timmer et al. 2005),
Euro (Beutel 2002, Eurostat 2008),! Harthoorn and van Dalen (1987), and Kuroda
(1988). Other considered approaches are the well-known (G)RAS (see e.g., Leon-
tief 1941, Stone 1961, Bacharach 1970), and the family of least squares ‘distance’
functions-based mathematical programs: improved normalized squared differences
(Friedlander 1961, Huang et al. 2008), improved squared differences (Almon 1968,
Jackson and Murray 2004, Huang et al. 2008), and improved weighted squared dif-
ferences. Second, we empirically assess the relative performance of all the above
mentioned updating methods in the example of Dutch and Spanish SUTs. We
should note that all these methods are equally applicable for updating SIOTs as
well. To the best of our knowledge, this is the first attempt to perform the relative
performance test of the mentioned less known updating methods for SUTs esti-
mation. The EUKLEMS method is discussed fully for the first time in this work.
Further, Harthoorn and van Dalen’s (1987) and Kuroda’s (1988) methods, also for

!The Euro method was originally devised for updating symmetric input-output tables, but is
also used in a SUT-setting, see a report prepared by Joerg Beutel to the European Commission
(e.g., contract number 1508302007 FISC-D, April 2008). The method will be presented in detail
in this paper.



some reason less known and rarely used in the related literature, were slightly revised
in this paper with respect to (i) considering negative elements and (ii) preserving
signs of the updated tables’ elements. The well-known RAS method is a bipropor-
tional technique that estimates a new matrix from an initial matrix by scaling row-
and column-wise the entries in the initial matrix such that it satisfies pre-specified
row and column totals of the projection table.? RAS can handle only non-negative
matrices, but in many cases one needs to estimate a new matrix that may have nega-
tive entries as well, which is the case for SUTs updating. Generalized RAS (GRAS)
due to Giinliik-Senesen and Bates (1988) and Junius and Oosterhaven (2003) allows
also for updating matrices with negative entries, hence as a generalization of RAS

will be discussed in the next section.

It is impossible to consider all updating methods, because theoretically their
number is infinity. For example, consider an estimation technique that is based on
a (linear or nonlinear) program, which searches for the minimum ‘distance’ between
the original and a new matrix subject to certain constraints. But the definition of
‘distance’ is rather arbitrary, and one can define an infinite number of functions that
can be used as a measure of distance. However, there are some updating methods
that we deliberately do not discuss here, and the reasons are explained in what
follows. The problem of the minimum sum of cross entropies (CE) (Golan et al.
1994, Golan and Vogel 2000) is not considered for two reasons. First, it is applicable
only to semipositive matrices, but in SUTs one can always find negative entries
(for example, in the valuation adjusment and final demand matrices). Second, its
objective function is biased (see for this point Lenzen et al. 2007): CE solutions
tend to be 1/e of the original elements, where e is the base of natural logarithm;
one instead wants them to be as close as possible to the ‘base’ year table.®* The
TAU and UAT methods proposed by Snower (1990) are not applicable for updating
SUTs as they are based on the Leontief quantity and price models, hence are (only)
valid for estimating SIOTs. One, of course, can transform the updated SIOTs into
the SUTSs (on the base of the so-called product or industry technology assumption),
but then a lot of information is lost, and, to our view, leads to poor estimates of
SUTs. Further, it requires substantially more information than the eight methods
analyzed in this paper. We do not consider a new variant of RAS — the so-called Cell-
corrected RAS (CRAS) proposed recently by Minguez et al. (2009). The reasons are
as follows. First, CRAS at this moment can handle only non-negative matrices, and,

second, it requires the availability of rather long time-series of SIOTs, which is not

2See Lahr and de Mesnard (2004) for details on RAS (including its history), which also gives
an extensive set of references on the topic.

3See McDougall (1999) for detailed comparison of RAS and entropy-theoretic methods, who
argues that, in general, the RAS remains preferable matrix balancing technique.



the case for many countries, especially, developing ones. Next, we did not analyze
the so-called univariate updating methods, such as Proportional Correction Method
(see e.g., Eurostat 2008, pp. 449-451) and Statistical Correction Method (Tilanus
1968). These methods ‘correct’ the original matrix only row-wise with a diagonal
matrix of correction factors in order to get the updated matrix (hence, the term
univariate). We think that such a correction is rather simple and less realistic than
the RAS method, which corrects the original matrix both row-wise and column-wise
to get the final estimate. A recent updating method is a multi-objective approach
(Strgmman 2009), which combines two different programs by introducing one of the
objective functions as a constraint into the other program. This approach needs a
thorough analysis (e.g., dealing with negative elements), hence is not analyzed in
this paper either.

The literature on evaluating non-survey methods is rather large. Some early
work include Allen and Gossling (1975), Davis et al. (1977), Parikh (1979), Butter-
field and Mules (1980), Giinliik-Senesen and Bates (1988) and St Louis (1989). We
should mention that the RAS procedure was extensively used in other fields, such
as demography (see e.g., Rees 1979, Schoen and Jonsson 2003), stochastic modeling
(see e.g., Mari Bhat 1990), political studies (see e.g., Johnston and Pattie 1993),
and transportation research (see e.g., Carey et al. 1981). The ‘novelty’ of this paper
is that we also consider methods that, to our knowledge, have never been evaluated
before in such a comparative setting, and implement the performance test on SUTSs
rather than SIOTs.

The rest of this paper is organized as follows. In Section 2 we present the above
mentioned eight updating methods. Their empirical evaluation is carried out in
Section 3 using the Dutch and Spanish SUTs. Some concluding remarks are given

in Section 4.

2 Review of the updating methods

In this section we provide the description of different methods of updating Supply
and Use tables (SUTs) and input-output (10) tables. The attempt was to employ the
notations used in the IO literature as much as possible. Adopting usual convention,
matrices are given in bold, capital letters; vectors in bold, lower case letters; and

scalars in italicized lower case letters. Vectors are columns by definition, thus row

4The three-stage RAS (TRAS) proposed by Gilchrist and St. Louis (1999) extends the original
RAS by including additional information on the individual cells, and row and column totals of
a submatrix of the original table. This variation of RAS is not considered here, since it is, in
general, found that introduction of accurate exogenous information into RAS (besides row and

column sums of the projection table) improves the resulting estimates (see e.g., de Mesnard and
Miller 2006).



vectors are obtained by transposition, indicated by a prime. X denotes the n x n
diagonal matrix with the elements of the vector x on its main diagonal and zero

otherwise.

2.1 EUKLEMS method

In what follows we present in detail for the first time the method of estimating time
series of SUTs in current prices that is partially discussed in Timmer et al. (2005),
which we refer to as the EUKLEMS’s method.
Step 1: Data requirements. For the benchmark year 0 we need the following data:
1. V|, — Supply matrix at basic price with dimension of commodity by industry
(i.e., com x ind). Note that its transpose V is known as the Make matrix;
2. Up — Use matrix at purchase price (of dimension com x ind);
3. Y, — Final demand matrix at purchase price (com X f, where f is the number
of final demand categories)
st” — trade margin vector (com x 1);
sif — transportation margin vector (com x 1);
sg™ — VAT (non-deductable) vector (com X 1);

7. s — the com x 1 vector of taxes on products net of subsidies.

A AN o

For each projection period t the following data are needed:
8. x; — total industry output at basic price (ind x 1);
9. u; — total industry intermediate inputs at purchase price (ind x 1);
10. y; — total of final demand uses at purchase price (f x 1);
11. m; — total imports of all commodities (at cif) (only if imports by commodity
is not available);
12. si™ — total value of trade margins;
13. s!* — total of transportation margins;
14. sy — total value of VAT (if available);

15. s — total net taxes on products (if available).

Note that from the basic accounting equations it follows that x; = V2 and u, = Ujs,
where 2 is the summation vector of ones of appropriate dimension.

A general remark applicable to all methods considered in this paper is related to
the use of benchmark SUTSs in estimating new tables for some projection year(s). For
interpolation, when data is available both for the beginning and end of a projection
period, both benchmark data should be used. Assume we need to project SUTSs
for k years inbetween the start and ending periods with available SUTs. Then the
benchmark data maybe taken to be simply as the arithmetic average of both available
tables, for example, Vi = (1/2)(V',,,. + VL.,4)- However, since in some cases k can

end

be large, it is better to use some weighting scheme that gives more weight to the



closer available data for the projection time ¢ € (0, k + 1). Therefore, for example,

the Supply matrix as the variable ‘benchmark’ depending on the projection year ¢

: ! k+1—tx7/ t / I :
can be written as Vi = 55V, + 157 Vi, Similar variable benchmarks should

be used for the base year Use tables and any other necessary benchmark table.

The reason for such a weighting scheme is that structural change can be, at least,
partially be taken into account by using variable benchmark tables. Note that if
k =1 (i.e., projection of only one year SUTSs is required), the base year data boils

down to a simple arithmetic average of the two benchmarks as given earlier.

Step 2: Generating Supply tables. Compute the industry output proportions (or,

equivalently, product miz) matrix for the base year as
Co = Vix,',

where xy = V. Its typical element c;; denotes the fraction of total industry j’s
output that is in the form of commodity :. The EUKLEMS method assumes that the
product mix matrix Cy is valid for the entire projection period. Thus, the Supply

matrice at time ¢ is

Note that these estimated Supply matrices are consistent since v'V; = ¢/Cyx; =
VVix,'%, = x}. If commodity imports vector is not available for the projection
period, they are constructed as follows. Let mg be the vector of imports in the base
year, then the projected imports vector is derived simply by applying the share of
commodity imports compositions of the base year to the available aggregate imports

value (data 11 in Step 1), i.e.,

my

m; = mg.

Z/mo

Consequently, the time series of domestic commodity output and gross commodity

output vectors at basic prices are found, respectively, as follows

d !
q; = Vi,

qt :qf—i—mt.

Step 3: Generating gross commodity outputs at purchase prices. The initial guess for
the vectors of margins and taxes are constructed using their corresponding rates from
the benchmark year. These rates are taken relative to the corresponding outputs at
basic prices, i.e.,

f‘lg = élgélal for k = tr, tt, vat, nt,

6



where, for example, 7y = si%,/¢}%. The EUKLEMS method assumes that g is valid

for the projection period, thus the initial guess, denoted by the subscript (1), of the

trade and transportation margins, and VAT and other taxes is found as
Sf(n =roq; for k =tr tt, vat, nt. (2)

The totals of these estimated margins and taxes have to be consistent with their
corresponding actual totals. Hence, given the time series of total margins and taxes
(data 12-15 in step 1), the following normalization is used

k

Sf - Szi Sf(l) for k = tr, tt, vat, nt. (3)

Z/St(l)

If the totals of taxes are not available, their initial estimates (2) are taken as the
final estimates. The time series of the gross commodity outputs at purchase price

(pp) is then generated as
o = q; + s + sl + 7 + 87

Step 4: Generating Use table at purchase price. Simple correction method is used to
equate supply and use of each commodity. The commodity growth rates are given
by the diagonal matrix

APP(

g = qy App)_l-

¢0)

Denote the com x f final demand matrix by Y. The initial guess of the Use table
at time ¢ is
Uiy, Yy = &:[Uo, Yo

In general, it is the case that +'[U,q), Yy1)] # [0}, y3], that is, the total estimated
intermediate and final uses are not equal to their actual totals (data 9-10 in step 1).
Thus, normalization is needed so that the estimated Use table becomes consistent

with the totals of actual intermediate and final uses. This is implemented as follows

—_— —_— 71
[Ut>Yt] = [Ut(l)aYt(l)][UhYt] [ut(1)>}’t(1)] ) (4)
/ / S - -1 / / - =
thus 2 [Ut,Yt] =1 [Ut(1)7Yt(1)][ut7 Yt] [ut(l): Yt(l)] = [ut(l)a Yt(l)][ut(1)> Yt(l)] [ut, Yt]

CAAR
It is, however, very important to note that the final demand matrix excludes
the column of changes in inventories and valuables, which is considered as a residual

category in order to guarantee the consistency of the Supply and Use tables. That

®Note that steps (9)-(11) are similar to the first two steps in a RAS iteration procedure.

7



is, the vector of changes in inventories will be taken as the difference between total
supply by product at purchase price derived in Step 3 and the sum of the interme-
diate and final uses by product (that excluded changes in inventories and valuables
during the projection).

Step 5: Generating Use table at basic price. To transform the Use table at purchase
price in (4) from Step 4 into basic prices, we need five valuation tables, namely, the
matrices of: wholesale trade margins (WTR), retail trade margins (RTR), motor
trade margins (MTR), transportation margins (TTM), and taxes net of subsidies
margins (TXM). These matrices are found using the projected margins from (3).

First, the following rates are defined:

gF = &M@ for k = wtr,mtr,tt, tx and g = &§¥E
where f, = Y,z is the final commodity demand vector at purchase prices. The
reason for having separate rate for RTR is that retail trade is mainly used by the
final demand categories, and only a minor part of it is due to the intermediate use.
These rates are then applied row-wise to the projected Use tables at purchase prices
in order to get the desired margins matrices. For example, the WTR and RTR

matrices are estimated as
WTR; = g;;“““ U, Y:, RTR,= g{"Yt.

Other required matrices are estimated similar to the WTR projection. These are

used to obtain the Use tables at basic prices as
U, Y " =[U,, Y] - WTR, — RTR, — MTR, — TTM; — TX M,. (5)

Note that the resulting Use table (5) will be consistent with the Supply matrix at
basic prices in (1), since the vectors of margins and taxes by product (3) are taken

from the Supply table projection.

2.2 Euro method

The Euro method was developed by Joerg Beutel (see e.g., Eurostat 2008, Chapter
14).5 The distinguishing feature of this method is that the estimated Supply and
Use tabes are based on macroeconomic forecasts of the growth rates of: (i) value
added of industries, (ii) total final demand uses, and (iii) total imports. The method

uses these official forecasts as exogenous input, and replicates them in the derived

6The SUT variant of the Euro method is given in different reports prepared by Joerg Beutel to
the European Commission (e.g., contract number 150830-2007 FISC-D, April 2008).



SUTs, whose projection is based on two important assumptions. First, the shares of
industries in the production of commodities remain constant, and second, the con-
stant input coefficients (in each iteration) determine the relations of all commodity
inputs to production of industries. In what follows we present the basics of the Euro
method.

To implement the Euro method, it is required that the intermediate and final
use tables are distinguished between the domestic and imported uses. Thus, the

original base year SUTs consist of the following components all expressed at basic

prices:
1. U - domestic intermediate Use matrix (com x ind),
2. Uy — imported intermediate Use matrix (com x ind),
3. Yd — domestic final demand matrix (com x f),
4. Y§' — final demand matrix of imports (com x f),
5. Vo — make matrix (ind x com),
6. vo — the vector of total value added of industries (ind x 1).

Further, the following macroeconomic forecasts for the projection year t are needed:

7. gy — growth rates of the value added of industries (ind x 1),
8. g — growth rates of the totals of the final demand categories (f x 1), and

9. g/ — growth rate of total imports.

The data requirements for the projection year(s) are equivalent with the availability
of the vectors of sectoral value-added, v;, of totals of final demand categories, yy,

and aggregate value of imports, m;.

It is obvious that the base year commodity outputs and imports vectors are

equal to (recall that 2 is the summation vector of ones of appropriate dimension)
QP =Udh+Yd =V, and my= U+ Y.

The market share (or, commodity output proportions) matrix of the base year is
given by
Dy = Vo(ay) ",

whose typical element d;; denotes the fraction of total commodity j output that is
produced by industry 7. It is assumed that the market share matrix is constant,
thus for all industries and products in the projection years it is assumed that the

share of industry 7 in the production of commodity j remains fixed.

Each iteration of the Euro method consists of two steps. The first step of the

first iteration defines domestic and imported intermediate and final uses, the vector



of value added, and the make matrix of the projection year t, respectively, as follows

Uy = 0.5 x (g/U7 + Uggy),
()—O5><("Um—|—Ug‘gZ)

Yy =05 x (8Y] +Yog)), ©)

Yty =05 x (&Y + Yi'g)),

Vi) = g/ Vo,

Vi) = Dodiy

where qt( )= Ut(l)z—l—Y (- Note that the first four equations in (6) require that the
number of industries and the number of commodities have to be equal, otherwise, for
example, gYU¢ is not defined. Thus, even if the Euro method distinguishes between

the products and industries, it does not allow to estimate rectangular SUTSs.

The total industry outputs and inputs are not equal after this first step, i.e.,
Xours(1) = ¥ Vi) # (Ut(l) + Ulh) + Vig) = Xp41)- To make the derived SUT
consistent, it is assumed that the domestic and imported input structures of indus-
tries and the totals of commodities’ final uses from the first step are valid. Given
this assumption, the Euro method uses the so-called fixed commodity sales structure
model that determines the consistent output and input levels of industries (Eurostat
2008, Model D, p. 351). Thus, in the second step the consistent industry outputs
are derived from the equation

Xi(2) = (I = DoBiy)) "' Doffly), (7)

where the domestic input structure of industries is given by Bf(l) = Uf(l)(fcmp,t(l))_l
and the vector of final demand by product is ff%l) = Yf(l)z. Using the imported
input structure of industries given by B, = U?(ll)(&inp,t(l))il and (7), one can

easily derive the consistent SUTs components of the first iteration as follows
Uf@) = B?(l)f(t@)»
Uiy = BiyXu),
Yt(2 Yt(1)7

t(2) = t(1)>
Vi) = Xi(a) — ’L/(Uf(z) + Uy,

Vi) = DoGifa),

where qf@) = Uf@)z + Yf(z)z. This second step ensures consistency of the sectoral

outputs and inputs, and commodity supply and demand.

10



Deviation between the macroeconomic forecasts and the above projection results
is defined as dev = (forecasted growth rates)/(projected growht rates) of ind +
f + 2 variables, which are value added of industries, final uses of f categories, total
value added, and total imports. The growth rates used in (6) are then adjusted in
an iterative procedure in order to make the difference between the macroeconomic
forecasts and the projected growth rates minimal (less than 1% or even much lower).
The observed deviations are used to correct the growth rates g} and g} employed
in (6) according to some rule. This should ensure that if the model overestimates
(underestimates) the macroeconomic forecasts, the corresponding growth rates are
decreased (increased). For such a purpose the so-called adjustment function of type
B is used, according to which the correction factor of variable k, ¢, is defined as

follows
1+ (A x 100)¢/100  if A >0,
Cp = ' 9)
— (—=Ag x 100)/100 if Ag <0,
where A, = dev, — 1 and € is the adjustment elasticity that is usually set at 0.9.
Then the first step of the second iteration computes the projected SUTSs components

as follows (compare to (6))

U —O5X( ogf)

Um _o5><(g;”Um+UOgt)

Y4, =05 x (g0Yd+Yd

77(Z (m : Ogt) (10)
Yy =05 x (&"Yg +Yg'g!),

Vi) = gt Vo,

Vi) = Doflgu),
where the row and column growth rates adjustment multipliers are g& = ¢vgy (c¥
is the correction factor corresponding to the value added of industry @), g/" = ¢, &Y
(¢ is the correction factor corresponding to total imports), and gy = ¢¥gy (ci’c is

the correction factor of the final demand category f).

As was the case with step 1 of the first iteration, the results in (10) do not ensure
the equality of industry outputs and inputs. The consistent outputs and inputs of
industries are again found using the fixed commodity sales structure model given
in (7), which are then used to derive the consistent SUTs of the second iteration
in exactly similar way as defined in (8). However, note that now the domestic
and imported input structure matrices are derived from the outcomes of the first
step of the second iteration. As a result one obtains the new deviation vector of
sectoral value added, final demand categories and total imports, which quantifies

the difference of the projected growth rates from the macroeconomic forecasts. If

11



the difference of the growth rates (of sectoral value added, totals of final demand
categories, total value added, and total imports) are acceptable (say, less that 1%),
the resulting SUT is the final outcome of the Euro projection. Otherwise, the
steps of the second iteration are repeated until the projected variables resemble
(closely or even perfectly) those of the macroeconomic forecasts. It is important
to note that each such subsequent iteration begins with computing new correction
factors, which are then multiplied by the row and column growth rates adjustment
multipliers from the previous iteration in order to obtain the corresponding new
row and column growth rates adjustment multipliers. For example, the row growth
rates adjustment multipliers of domestic uses in iteration iter + 1 are the diagonal
elements of the matrix g7, .1 = €.y 187 ., for all iterations iter > 2. The last
important, to our view, point concerning Euro method is that its convergence is not
always guaranteed. This is in fact expectable, since we do not see any reason from
theoretical perspective for its convergence. However, there exist a practical way out
of this computative instability problem and it is increasing (slightly) the value of

the used tolerance level until convergence can be obtained.

2.3 Generalized RAS

The well-known RAS method, which balances a non-negative matrix to prescribed
row and column totals, is widely used in updating input-output (IO) tables.” Its
generalization of estimating a matrix that contains both positive and negative en-
tries was first proposed by Giinliik-Senesen and Bates (1988), and later re-discovered
by Junius and Oosterhaven (2003) who labeled it as a generalized RAS (GRAS) ap-
proach. In fact, Giinliik-Senesen and Bates (1988) named the method as a corrected
RAS method, whose work for some reason was largely unknown, at least, in the
recent literature on updating 10 tables.® The GRAS method presented in Junius
and Oosterhaven (2003) was revised by Lenzen et al. (2007) who corrected its biased
objective function. However, this correction does not apply to the work of Giinliik-
Senesen and Bates (1988) because they set the underlying minimization problem
such that it accounts for the bias in the RAS objective function (namely, the row
and column constraints with their respective multipliers are taken under the loga-
rithm). We will briefly present the method, while for details the reader is referred

to the original sources.

"The details of the RAS procedure is thoroughly discussed in Miller and Blair (2009, Chapter
7), which also gives an extensive list of references on the topic.

81t seems fair to use the original name of the method as a corrected RAS (CRAS, C for corrected)
in order to give credit to Giinliik-Senesen and Bates (1988). However, now there is a CRAS (cell-
corrected RAS) approach due to Minguez et al. (2009), hence we follow the current literature and
use the term GRAS.
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Let A be the m x n matrix, not necessarily non-negative, with row and column
sums of, respectively, ug = Az and vo = A’e. Given ‘new’ row and column sums u
and v, the problem is finding a ‘new’ matrix X that is as close as possible to the
original matrix A and satisfies X2 = u and X’2 = v. Define the ratio of the ‘new’

to the ‘old’ entries by z; = z@; whenever a;; # 0. For a;; = 0, set z;; = 1. The

appropriate objective function that evaluates the distance between A and X in the
GRAS method is given in Huang et al. (2008).° So the problem is

Zij

min f(Z) = Z Z la;;| (zi;In(z5/e) + 1)

such that
D ayz=w; foralli=1,...,m, (11)
J

Za,-jz,-j =v; foralj=1,....n,

where |a;;| is the absolute value of a;; and e is the base of natural logarithm. The

associated Lagrangean is

L(Z, X T)= Z a;j (zi51n(z5/e) + 1) — Z a;j (zijIn(z;;/e) + 1)

(4,7)€EP (4,7)EN

+ Z by (uz — Z aijzij> + Z T; (vj — Z aijzij>,
i J

J %

where P (resp. N) is the set of indices (¢, j) for which a;; > 0 (resp. a;; < 0), and \;
and 7; are the Lagrange multipliers. The first-order conditions can be easily derived

as

zij = 1385 for a;; > 0,

Zij = rtst for a;; <0,
where r; = eV and s; = €™, thus it always holds that z; > 0. Note that when
a;; = 0, then it z;; = 0 as well since then z;; = 1. From the above optimal conditions
it follows that “... the procedure RAS is appropriate for positive elements, but needs
to be replaced by (1/R)A(1/S) for negative elements” (Giinliik-Senesen and Bates

9Introducing this function, Huang et al. (2008) call the method as the “Improved GRAS”. We
should, however, note that the result of this optimization gives exactly the same outcome as in
Lenzen et al. (2007), who use f(Z) = }_, ; |aij|zi; In(z;;/e) instead. The only ‘problem’ with the
last function is that for z;; = 1, i.e., when the initial matrix trivially satisfies the prescribed row
and column sums, the function is negative, f(Z) = >, ; a;;[In(1/e) = >, ;lai;[(0 — 1) < 0. Its
modified version gives the function value equal to zero as it should be. However, this adjustment
does not play any role in determining the optimal Z.
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1988, p. 476). Employing the first-order conditions with the row and column totals
constraints, one can easily see that the diagonal matrices r and § solve the following

system of nonlinear equations

(tPs —#'Ns ") =u, (12)
V(FPs —F NS = v/, (13)

where the matrix P (resp. N) contains nonnegative (resp. the absolute value of
negative) elements of the original matrix A, that is, A = P — N. The solution of
the system (12)-(13) is derived iteratively, using a formula for the positive root of the
second-order equation (see for details Junius and Oosterhaven 2003). Furthermore,
since z;; > 0, the signs of all the elements in the original matrix A will be preserved
in the projected matrix X. Notice that when A is non-negative, then P = A and
thus X = rAS, which is exactly how the traditional RAS method works.

As in the original RAS approach, the row and column multipliers have the
following economic meaning. Multipliers in r are interpreted as the “substitution
factors” because they measure the degree to which the input has replaced or has
been replaced over time by other inputs. The column multipliers in S, on the other
hand, are known as the “fabrication factors” since they measure the extent to which
the output in each sector has absorbed over time more or less the intermediate inputs
vs. primary inputs. In our empirical application of GRAS for updating SUTs, we

use the iterative algorithm proposed by Lenzen et al. (2007, p. 465).

2.4 Improved normalized squared differences

Friedlander (1961) proposed to use the normalized squared differences as an objective
function in order to estimate a matrix with given row and column totals, which has

been suggested by Lecomber (1975) as a useful technique for updating 1O tables.

PO <14>

where a;; > 0. Note that smaller a;;s have higher contribution to the function (14),

The objective function is

hence minimization of this function implies greater penalty on the change of small
elements. This means that an updating procedure with the objective (14) results in
the matrix whose changes are more concentrated in the larger entries. Huang et al.

(2008) rewrite (14) with respect to z;; = =2 that also allows for non-positive entries

V)
in the original matrix A as

f(Z) = ZZ |aijl (2 — 1), (15)
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which they call as an improved normalized squared differences (INSD).

The INSD function is used together with the penalty function of the form
% > Zj |ai;|[min(0, z;;)]?, where M > 0 is the penalty number that prevents z;;
from being significantly negative. If there is z;; < 0, then for M — oo this element
becomes virtually zero, hence practically the inequality z;; > 0 is satisfied. The last
inequality guarantees preserving the sign of each entry in X as in A. Using the

constraints as in the GRAS problem (11), the associated Lagrangian is
L(Z, X\, T) ZZ |aij| ((zi; — 1)* + M[min(0, z;;)]°)
+ Z )\7, (Ul - Z aijzij> + Z T <'Uj — Z CLUZU> .
i j j i

The optimality condition 0L£/0z;; = 0 yields

Zij + Mmln(O, Zij) = 1 ’ | ()\ + T])
QA
thus
1 if Q5 = 0
Zij = 1—|— ‘a” ()\—l-TJ) lf1+ la; ()\ +TJ) O (16)

1+M [1 + ‘a” (N + Tj)] othervvlse.

agj|

Next, using the row and column constraints of X it can be easily shown that the

Lagrange multipliers are equal to (see for details Huang et al. 2008, pp. 116-118)

Ai = z |aU’ [ ZGU + Z {Ma;; min(0, z;;) — lea/l'j‘}:|, (17)

= Zi1|(lij| [Uj - Z‘W + ; {Mai; min(0, z;) - )\i|aij|}]‘ (18)

i

Equations (16)-(18) are used in an iterative procedure to obtain the final solution
Z. We initialize Zg = U and Ag = 79 = 0, where U is the m X n matrix of ones
and 0 is the null vector. Then at step ¢t = 1,2,..., K using (17)-(18) we obtain A;
that is used to derive 7, which are then employed to obtain Z; from (16). This
process continues until for some finite K (if the solution exists) Ax — Ag_1 < €2
and Tk — Tx_1 < e for sufficiently small € > 0. The final solution Z is derived
using the last step multipliers Ax and 7, from which the matrix X is obtained via
Tij = 205

As observed by Huang et al. (2008), the (improved) GRAS function is an ap-

proximate expression of the INSD function: if we take the first-order Taylor series
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of In(z;;) around z;; = 1, the GRAS function boils down to the INSD objective,
Le., |ai;] (zijIn(zi5/€) + 1) = |ay|(04 2i5(zi; — 2) + 1) = |ay;](zi; — 1)%.1° Because of
this closeness and the fact that in GRAS it always holds that z;; > 0, the “INSD is

more likely to preserve the signs of entries than other non-biproportional methods,
similar to [GRAS]” (Huang et al. 2008, p. 121).

2.5 Improved squared differences

Another often used objective for updating IO matrices is the function of squared
differences of Almon (1968)

f= Z Z(%‘j — a;;), (19)

Huang et al. (2008) rewrite (19) in terms of z;; to derive the improved squared
differences (ISD) function

= Z Za?j(zzj - 1)% (20)

which has the same form as the sign preserving squared differences in Jackson and
Murray (2004). Again to ‘insure’ non-negativity of z;;, the penalty function of the
form &L 37,57 a%[min(0, z;;)]? is used together with the ISD function in (20). This
function subject to the usual prescribed row and column constraints in (11) yields

the Lagrangian
L(Z, X\, T) ZZCLZ] (25 — 1)* + M[min(0, z;;)]?)
+ Z )\z (Uz - Z CLZ']'ZZ']') + Z Tj (Uj — Z CLZ'J'ZZ']) .
i j j i

The optimality condition 0L£/0z;; = 0 gives

i ;
Zij —|— Mmln(O, Zij) = 1 —|— ﬁ,
CLZ']'
thus
1 if A5 = O,
2 =4 14220 if 14252 > 0, (21)
ﬁ [1 + ’\;ZT]' ] otherwise.

10 An equivalent closeness between the normalized squared differences and RAS outcomes have
been already mentioned in Harrigan and Buchanan (1984, p. 341).
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Using the constraints ), z;; = u; and ), x;; = v; together with the above optimal-
ity condition (when a;; # 0) yields

A = Z 5 @) [ Zaw + Z {Ma” min(0, z;;) — (5(@1])}} (22)

Tj = 5 51(@”) [ Zaw + Z {Malj min(0, z;;) — )\15((1@)}}, (23)

%

where 0(a;;) = 1 if a;; # 0, and 0(a;;) = 0 otherwise. The iterative algorithm is
similar to the one when the objective of the constrained minimization problem is

the INSD and is described in the previous section.

2.6 Improved weighted squared differences

The errors in the squared differences objective (19) are equally weighted despite the
size of the original entries of A. Some analysts would argue that large coefficients
are the outcome of more permanent and stronger linkages, and thus are more stable
than small coefficients (see e.g., Hinojosa 1978). The squared differences version of

the weighted absolute deviation measure in Lahr (2001) can be written as (see also

Pavia et al. 2009)
f = E E Clz‘j(iUz‘j - aij>27 (24)
i g

where a;; > 0. Thus when the squared differences are weighted by the corresponding
original coefficients, in contrast to the normalized squared differences (14), changes
in the larger entries are penalized more in the minimization of (24). Hence, it is
expected that changes in the updated matrix are more concentrated in the smaller

entries.

To allow also for negative entries, rewrite (24) with respect to z;; = = as
ij
=Y ladl(z — 1), (25)
g

which can be called (in conjunction with ISD and INSD) as the improved weighted
squared differences (IWSD). Again for the sign preservation, we use now the penalty

function & 3, -, lad;|[min(0, z;;)]?, so that the associated Lagrangian is
L(Z, N T) ZZ |aj;] ((zi; — 1)* + M[min(0, z;;)]°)

+ Z )\1 (Uz — Z a'ijzij> + Z Tj <Uj — Z CLZ']'ZZ']) .
i j j i

J
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The optimality condition 0L£/0z;; = 0 is z;; + M min(0, z;;) = 1 + %, thus
ij

1 if A5 = 0,

a;j(Ni+T75)
la3;]

ni={ 1+ if1+%20, (26)

- +1M [1 + 4 %;TTJ )] otherwise.

Employing the row and column constraints of X it can be easily shown that the

Lagrange multipliers are
p— —1[ ZQU + Z {Ma” min(0, z;;) — H (27)
Z (la] ‘ Z]’

£ W[ Zaw + Z {Maw min(0, z;;) — A }] (28)

|aj]

ﬁ =1 for a;; = 0. Equations (26)-(28) are used in an iterative
ij

algorithm (similar to the INSD algorithm described in Section 2.4) to derive the
final solution X.

where we define

2.7 Harthoorn and van Dalen’s method

A more general form of the least squares ‘distance’ approach was proposed by
Harthoorn and van Dalen (1987). They set the matrix updating problem by in-
troducing factors f;; for each entry of the original m x n matrix A which determine
the updated matrix X as follows:

mln f Z Z fl]al] G/Z] /gZ]

such that

Zfijaij =u; foralli=1,...,m, (29)
j

> fyay=wv; forallj=1,...n

where g;; is the known relative confidence of element a;;. Since this problem does
not guarantee sign-preservation (some f;; can be negative), similar to the previous
problems, we introduce the penalty function 4 3, > i Z%[min(o, fi;)]?. Thus, the
Lagrangian becomes
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LEF, X T) Z Z ((fi; = 1)% + M[min(0, f;;)]?)
+ Z Ai (Uz - Z fij%‘j) + ZTj (Uj - Zfij%‘j)
i j j i
The optimality condition 0L/0f;; = 0 gives

fij + Mmin(0, fiy) = 1+ 288 7)

Qi
thus
1 if Q5 = O,
fii=11+ gij AitT)) if 1+ 9ii(Ait75) 5 (30)

A4 A4 - )

[1 4 g +T])} otherwise.
Qij

1+M

Note that in contrast to the least squares objectives, we could have defined f;; =0
for a;; = 0 because from the outset it was not defined to be the ratio of the new and

old entries like z;;.
Using the constraints from (29) together with the above optimality condition

gives

)\i = Zlgw [u - Zaij + Z {Maij Il’llIl(O Zij) - gijTj}]7 (31>

J

Ti =

Z . [ ZCLU + Z {Ma” min(0, z;;) gij)\i}]. (32)

7

If the weights are chosen such that g;; = 1 for all < and all ;7 when a;; # 0, and
zero otherwise, then it is easy to see that the ISD becomes a particular case of the
Harthoorn and van Dalen’s (HvD) method (compare (30)-(32) to (21)-(23)). The
authors call ‘additive adjustment’ the case when g¢;; = 1 for all 7 and all j (also for
a;; = 0). Harthoorn and van Dalen (1987) suggest two other specifications of the
confidence intervals g;;: (i) “[if the matrix to be adjusted in is based on a relatively
i;» should
be taken” | and (ii) “[i]t is not unusual for elements with larger values to be estimated

small unbiased sample, it often turns out that the squares of the elements, a?

more accurately in the compilation of input-output tables. This varying accuracy
could be expressed by choosing the elements themselves as weights. As this would
lead to an adjustment in the wrong direction in the case of negative elements, the
absolute values |a;;| should be taken” (pp. 11-12). Note that with g;; = |a;;|, the
objective in (29) boils down to the INSD function (15), hence INSD is a particular
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case of the HvD method. Equations (30)-(32) are used in an iterative algorithm,
similar to the INSD algorithm described in Section 2.4, to derive at the final solution
of X.

2.8 Kuroda’s method

Kuroda (1988) proposed the following objective function in updating IO matrices
Tij T4 2
ZZ ( Tza) wij + (— - Cz‘j) Vij | (33)
Uj

where the shares of each element of the original matrix in the row and column sums
are r;; = ‘;—g and ¢;; = % (superscript 0 refers to the base year, i.e., u? Z aij
and ’U? = > .a;), and w;; and v;; are arbitrary sets of positive weights. Further,
from (33) follows that uf, u;, v and v; are assumed to be nonzero for all 7 and all

j. We rewrite (33) in terms of z; = =2 as follows
ij

X T () e ()] @

Note that the ISD function in (20) is a particular case of (34) with w;; = v;; = u; =

u) =v; =vY =1 for all i and all j. For simplicity we denote

— Wij | Yy
Sij = —5 +—5 > 0,

and note that with Kuroda’s method it must be the case that the row and column
sums of the matrices A and X are nonzero.
Similar to Huang et al. (2008), we use the penalty function together with (34)

in order to prevent z;; from being significantly negative, which in current setting
has the form & 3 >,
constraints in (11), the associated Lagrangian becomes

2 2 Zi 1\2 .
eiznr) = S L[ (2 ) (3 ) v Mosloin.
’L ’L 7

+ Z Yy (uz — Z aijzij> + Z T; <vj — Z aijzij>.
i J J 2

(2

5;;lmin(0, z;;)]?.  Considering also the row and column

The optimality condition 0L£/0z;; = 0 gives

1 i ;
Z'ij + ]\/[mln(O, Zij) = 5_ <80 + L) y

ij
ij Qij
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1 if Q5 = 0
2 = q (sl + 2t if b (s + 207 ) 20, (35)
J Sij J Q45 Sij @ij
m < 0 4 Xi +T]> otherwise.

Using the constraints Zj a;zi; = u; and ) . a;;x;; = v; together with the above

first-order conditions yields

i = = 5_1[ Zaw i +Z{M6me1n (0, zi5) — }], (36)

ZJ

-y X)) o

7 Sij i Sij i 31']'

Equations (35)-(37) are used in an iterative process to obtain the final solution Z
and X. The iterative algorithm is similar to those when the ISND and ISD functions

are the objectives in the constrained minimization problem (11) (see Section 2.4).

Note that for the computation of (35)-(37), one needs to choose the weights w;;
and v;; (that in turn determine the values of s;; and s?j). One approach is to weight
all errors equally, i.e., set w;; = v;; = 1 for all 7 and all j. Kuroda (1988) proposes
“the equal percentage change” weighting scheme of the form

1 1
R ’Uij = 5 - (38)

wij =

Wilcoxen (1989), on the other hand, for the simplification of obtained expressions

also considers the following weights
2
V2
=L 39
2 Y ( )

which result in s;; = 1 for all ¢ and all j.
If one uses (38), the objective function (33) becomes

SO Gk bl NI

Cij

which simply represents the percentage changes in the coefficients of the new and
original matrices. Notice that Kuroda’s weights in (38) imply that the matrix A to
be updated should not contain zero elements, otherwise the weights are not defined.

In our setting with Kuroda’s weights we do allow both for zero and negative elements
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Table 1: Short description of the methods for updating SUTs

Method

Source

Data requirements for the
projected year(s)

1 EUKLEMS method

2 Euro method

3 GRAS (Generalized RAS)

4 INSD (Improved normal-
ized squared differences)

5 ISD (Improved squared
differences)

6 IWSD (Improved
weighted squared  dif-
ferences)

7 Harthoorn and van
Dalen’s method (INSD
and two other types
depending on the weights
choice)

8 Kuroda’s method (three
types depending on the
weights choice)

Timmer et al. (2005) and further
Timmer’s guidelines

Beutel (2002), Eurostat (2008)

Glnliik-Senesen  and  Bates
(1988), Junius and Oosterhaven
(2003)

Friedlander (1961), Huang et al.
(2008)

Almon (1968), Jackson and Mur-
ray (2004), Huang et al. (2008)
Pavia et al. (2009) — slightly re-
vised here to allow for negative
entries

Harthoorn and van Dalen (1987)
—slightly revised here to allow for
negative entries

Kuroda (1988) — slightly revised
here to allow for negative entries;
Wilcoxen (1989)

Column totals

Growth rates of: (i) sec-
toral value added, (ii) totals
of final demand categories,
and (iii) total imports
Row and column totals
Row and column totals

Row and column totals

Row and column totals

Row and column totals

Row and column totals

Note: The row and column totals of the entire projected matrix in the text were denoted, respec-
tively, by the column vectors u and v. All the methods additionally require availability of the full
benchmark matrix A of the base year.

as well, and for all (k, h) that have ag;, = 0, we redefine wy;, = vg = 3,:,11 = 0.

The short summary of SUTs and 10 updating methods discussed in this work

is given in Table 1.

3 Empirical evaluation

Each updating method discussed in the previous section produces different set of
estimates, thus it is desirable to assess their relative performance. We do not use
any of the objective functions from Section 2 as the matrix-comparison statistics of
the closeness of the estimates to actual matrices, which is, in fact, often practiced in
the related literature. We find it a rather strange way of comparison, because it is
obvious that if, for example, the GRAS function is chosen as a measure of closeness,
then most probably the GRAS estimate will produce the ‘best’ outcome. Instead

the closeness statistics have to be ‘neutral’ with respect to all the methods used
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and should assess the methods on equal ground. It is evident that choosing a single
statistics as a measure of closeness would be misleading either, since it very well may
happen that a method can score well on one dimension but very bad on the other.
Thus, several measures are used in order to get more insight into the characteristics
of each method. We use the following criteria:

1. Mean absolute percentage error (Butterfield and Mules 1980):

true |

MAPE = — ZZ i — m” x 100,

where xm‘e is the true element, while z;; is its estimate. Thus, M APE shows the
average percentage by which each estimated element is larger or smaller than its true

value. For xt”‘e

= 0 we set the corresponding difference to zero (as zero is preserved
in all the estlmates). Note that we take the denominator in absolute value as well
so that it does not allow to reduce the actual error when z{7*¢ < 0.

2. Weighted absolute percentage error (Minguez et al. 2009):

true| |IZ o xtrue|
WAPE = T W %100
Z Z (Zk > SBZ}“) |2z}5e| ’

i=1 j=1 ij

which weights each percentage deviation of x;; from xt’"“e by the relative size of the
corresponding true element in the overall sum of the actual elements.
3. Standardized weighted absolute difference (Lahr 2001):

iy Do [T X iy — @i
2o 2 ()’ ’
which is effectively similar to WAPE with the difference that the absolute deviations

are weighted by the size of the true transactions.
4. The psi statistic (Kullback 1959, Knudsen and Fotheringham 1986):

)] ol x i (22)] ]

where s;; = (|2};"°| + |z;;])/2. This information-based statistic has a lower limit of

SWAD =

true
J
ij

- S [

zero when X“¢ = X and upper bound of mnIn2 when the non-zero elements of
X'ue correspond to the zero elements of X, and vice versa. Unlike MAPE, WAPE
and SW AD, the psi statistic is insensitive to the change in the positions of x”“e nd
x;;, and it offers the advantage of considering the case when :ct”‘e =0and z;; #0

(next to the reverse situation).!! Knudsen and Fotheringham (1986) concluded that

H\When xfj”‘e = 0, we set the corresponding element of MAPE, WAPE and SWAD to zero,
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the psi statistic is one of the most useful goodness-of-fit measures for comparative
purposes because 1[} indicator showed a linear relation between its value and the level
of error.

5. RSQ (or coefficient of determination) — the square of the correlation coef-
ficient between the elements of the actual and predicted matrices of X" and X,
respectively, when at least one of them is different from zero.

6. NO - number of zero elements in the estimated matrix X, whose corresponding
elements are nonzero in the actual matrix X i.e., the count of (i, j)s with z;; = 0
for which xf}’“e # 0. This situation happens for two reasons: first, over time zero
transactions can turn into positive links, which represents ‘structural change’ and
larger interdependencies in the economy over time. Second, some updating methods
nullify certain elements in X, which is the case when a change in the sign of the
predicted entries is expected, but the corresponding penalty functions instead make
them (virtually) zero. Both these effects can be easily found from NO as will be
discussed below.

In our first empirical application, we use three benchmark Supply and Use ta-
bles of the Netherlands for the fiscal years of 1995, 2000, and 2005. There are 59
commodities and 60 industries. For the supply matrices we deleted four industries
with zero intermediate totals, and one commodity without any industrial use, hence
we used and estimated 58 x 56 Supply tables. Apart from that, for the Use tables,
we use four final demand categories: final consumption expenditure by households,
consumption by non-profit organizations serving households (NPISH), government
expenditures, and gross fixed capital formation. We did not predict commodity ex-
ports and imports (in the Supply table), since these data are often available from
the trade statistics. Further, deleting one extra row of product without any use, we
ended up with 57 x 59 Use tables.!?

The results of updating Supply and Use matrices are given, respectively, in
Table 2 and Table 3.1 Let consider the upper block of the first table, which gives
the results of the updated Supply table for 2000 on the basis of the 1995 Supply
table, and the row and column sums from 2000 Supply table. We see that Harthoorn
and van Dalen’s method with weights being the squares of the original entries a?j
(HvD1) is, on average, 10.66% ‘in error’ according to M APE. On the other hand,
the least error according to WAPE is caused by RAS updating. The number NO
for the first two methods (i.e., EUKLEMS and RAS) will always show the count of

and when zf]me = x;; = 0, the corresponding entry of 7,/} is nullified as well.

2In the 2005 Use table there was the third commodity Retail trade services without any use,
but we did not take it away, since these services were provided to the households at the amount of
492 and 461 MIn Euros for years 1995 and 2000, respectively. As a result we add a small number
(unity) in the corresponding cell in the 2005 Use table to make the programs ‘feasible’.

13 All the projections are implemented in MATLAB.
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Table 2: Results of updating Supply tables at basic prices for the Netherlands

MAPE R. WAPE R. SWAD R. P R. RSQ R. NO R. CmR.

1995 = 2000
EUKLEMS 1205 5 417 6 0010 6 0041 6 09992 6 28 1 5
RAS 1276 4 321 1 0005 2 003 1 0997 1 28 1 1
HvD1 10.66 1 471 7 0011 7 0046 7 09992 6 31 5 6
HvD/INSD 1246 3 330 2 0005 1 0032 2 09997 1 28 1 1
HvD3 13720 8 2933 9 0229 9 033 9 0980 8 8 9 9
I1SD 271.85 10  37.92 10 0201 8 0.346 10 0.9753 10 200 10 10
IWSD 26689 9 2714 8 0236 10 0262 8 09775 9 53 7 8
Kurodal 1207 2 370 3 0006 3 0036 3 09995 4 29 4 3
Kuroda2 1518 7 3.78 5 0008 5 0037 5 09995 4 62 8 7
Kuroda3 1499 6 372 4 0007 4 0036 4 09996 3 50 6 4
0.5 x (1995 + 2005) = 2000
EUKLEMS 1417 5 523 7 0016 7 0051 7 09987 7 10 1 6
RAS 14.05 4 427 4 0012 4 0042 4 09994 4 10 1 4
HvD1 12.87 1 401 2 0009 2 0040 2 09995 1 11 3 2
HvD/INSD 13.75 3 409 3 0010 3 0040 3 09995 1 11 3 3
HvD3 3006 9 1021 10  0.060 9 0.099 10 09935 9 97 9 10
I1SD 89.41 10 943 8 0031 8 008 8 09978 8 182 10 8
IWSD 3868 & 1009 9 0062 10 0099 9 09931 10 55 8 9
Kurodal 1314 2 371 1 0008 1 0037 1 09995 1 11 3 1
Kuroda2 21.04 7 491 6 0016 6 0048 6 09990 6 43 7 7
Kuroda3 17.57 6 478 5 0016 5 0046 5 09991 5 38 6 5
1995 =» 2005
EUKLEMS 2625 5 845 7 0028 6 0079 7 099%4 7 73 1 7
RAS 26.14 4 625 2 0014 1 0059 2 0998 1 73 1 2
HvD1 1898 1 803 6 0034 7 0075 6 09975 6 76 4 5
HvD/INSD 24.56 3 648 3 00201 3 0061 3 09978 3 80 5 3
HvD3 21922 8 4845 9 0396 9 0461 9 09529 8 177 9 9
1SD 43207 10  60.85 10  0.333 8 0.548 10 0.9277 10 288 10 10
IWSD 34114 9 4496 8 0410 10 0430 8 09442 9 111 7 8
Kurodal 2348 2 602 1 00201 2 005 1 09978 3 73 1 1
Kuroda2 3351 6 740 5 0023 5 0069 5 09978 3 172 8 6
Kuroda3 35.01 7 711 4 0022 4 0066 4 09980 2 108 6 4
(1995 => 2000) => 2005
EUKLEMS 2625 5 845 6 0028 6 0079 6 099%64 7 73 1 5
RAS 26.14 4 625 1 0014 1 0059 1 0998 1 73 1 1
HvD1 19.06 1 858 7 0037 7 0081 7 09969 6 76 5 6
HvD/INSD 2450 3 654 3 0022 3 0061 3 09977 4 73 1 2
HvD3 870.06 9 5034 9 0393 9 048 8 09528 8 131 8 8
1SD 54308 8  63.06 10 0335 8 0613 10 09272 9 151 9 10
IWSD 111810 10 4910 8 0410 10 0608 9 08904 10 88 6 9
Kurodal 2359 2 650 2 0024 5 0061 2 09975 5 74 4 3
Kuroda2 48.06 7 744 5 0023 4 0071 5 09978 3 152 10 7
Kuroda3 39.36 6 718 4 0021 2 0070 4 09980 2 115 7 4

Note: Harthoorn and van Dalen’s method with weights (i.e., g;; in (29)) afj, |aij|, and unity are, respectively,
denoted by HvD1, HvD/INSD and HvD3. Kuroda method with its corresponding weights in (38), (39), and unity
are, respectively, labeled Kurodal, Kuroda2, and Kuroda3. R. denotes the ranking of the methods, while CmR. is
the combined rank of the averages of all the six rankings. 1995 = 2000, for example, means that 1995 table is used
to project 2000 table. (1995 = 2000) = 2005 means that the 2000 updated matrix (on the base of 1995 table) is
used as a benchmark for estimating 2005 table. The penalty value is M = 1000,

the entries that changed their signs (become positive) over time. This is because the
EUKLEMS and (G)RAS approaches will always keep original zeros in the updated
matrix, but do not generate zero entries themselves. So, 28 zero entries of the 1995

Supply table of the Netherlands become positive in 2000, which effectively represents
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the effect of a ‘structural change’ and increased interdependency over this five year
interval. The NO is largest for the ISD method and is equal to 200. This means
that the ISD nullifies many elements in its updating process, whose exact number
is 200-28=172. These elements would have been negative without introducing the
penalty function for (20). Certainly, one would give priority to the method that

does not produce additional zeros, which are indeed positive in the actual tables.

Besides estimating 2000 table on the basis of the 1995 table (i.e., 1995 = 2000),
we performed also the following updates: (2) interpolation of the 2000 table on the
base of the arithmetic average of the 1995 and 2005 tables, 0.5 x (1995 + 2005) =
2000, (3) extrapolation of the 2005 table on the basis of the 1995 table, 1995 = 2005,
and (4) extrapolation of the 2005 table on the basis of the 2000 estimate that is
obtained from the 1995 table, (1995 = 2000) = 2005. For these four exercises, the
count of cells for which x“”“e = 0 and z;; # 0 were, respectively, equal to 42, 97,
69 and 69 for Supply table projections. The corresponding figures for the Use table
projections, which are given in Table 3, were 74, 123, 129 and 129, respectively.
Recall that MAPE, WAPE, SWAD and NO do not consider such cases, while
they are taken into account by the psi statistic, z/} From Tables 2 and 3, we observe
that the rankings of the updating methods according to WAPE and 7,& measures
can be quite similar, especially, for the Supply table projections. This happens for
the following reason. If x”“e # 0 for all ¢ and all j, WAPE/100 is equal to the

standardized absolute error (7)1

t'rue

il

T
i=1 j5=1 kl

? conclude that “... the versions of information-theoretic statistics favoured in the
geographical literature tend to produce essentially the same results as the much
simpler SAE” (p. 197) by showing that UV ~ SAE (see their Appendix, pp. 198-
200). This also explains the closeness of the values of WAPFE /100 and ¢ in Tables 2

and 3. Since the number of cases when xt”‘e

= 0 and z;; # 0 are less in all four
exercises with Supply rather than Use tables projections, the results of WAPE
and SAE are also closer in the Supply table projections. Thus, WAPFE and 1&
provide mainly exactly the same rankings in the Supply estimation (except the last
case of (1995 = 2000) = 2005), while the rankings are exact in two out of the
four projections of the Use tables. Thus we may conclude that, in general, if the

true _

number of cells when z{7¢ = 0 and z;; # 0 are relatively small (relative to, say, the

141n fact, ? use the overall sum of the elements of the estimated matrix, but in our setting the
last is equal to the overall sum of the true matrix entries, since the row and column sums of the
predicted and actual tables are the same.
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Table 3: Results of updating Use tables at purchase prices for the Netherlands

MAPE R. WAPE R. SWAD R. P R. RSQ R. N0 R. CmR.

1995 = 2000
EUKLEMS 2355 5 1194 6 0048 6 0118 6 09766 8 21 6
RAS 22.58 3 897 2 003 2 008 2 09971 1 721 2
HvD1 21.93 2 1508 7 0068 7 0149 7 09883 6 721 5
HvD/INSD 22.82 4 9.07 3 0031 3 0090 3 0997 2 21 3
HvD3 26674 8 3065 8 018 9 0291 8 09778 7 632 9 8
ISD 27059 9 3341 9 0171 8 0312 9 09746 9 950 10 9
IWSD 1086.10 10  37.26 10 0216 10 0341 10 09684 10 233 7 10
Kurodal 2144 1 865 1 0026 1 008 1 0997 2 21 1
Kuroda2 6259 7 1155 5 0047 5 0113 5 09949 5 494 8 7
Kuroda3 3507 6 1021 4 0034 4 0101 4 09962 4 163 6 4
0.5 x (1995 + 2005) = 2000
EUKLEMS 36.36 5 991 6 0034 6 0097 7 09959 4 18 1 5
RAS 3234 2 814 2 0023 2 0080 2 09978 9 18 1 2
HvD1 36.02 4 985 5 0035 7 0097 6 0991 5 20 5 6
HvD/INSD 3211 1 810 1 0024 3 0080 1 09979 10 18 1 1
HvD3 121.86 8 1544 9 0071 9 0146 8 0.9905 2 611 9 8
ISD 13368 9 1620 10 0063 8§ 0151 10 09922 3 693 10 10
IWSD 22241 10 1543 & 0080 10 0.147 9 0984 1 590 8§ 9
Kurodal 32.86 3 915 3 0032 5 0090 4 09969 6 18 1 3
Kuroda2 68.72 7 997 7 0030 4 0096 5 09969 6 344 7 7
Kuroda3 43.46 6 915 4 0023 1 008 3 09972 8 4 6 4
1995 =» 2005
EUKLEMS 5314 4 2272 6 0099 6 0218 6 09686 6 103 1 5
RAS 5052 3 1797 1 0055 1 0173 2 09838 1 103 1 1
HvD1 4130 1 2846 7 0135 7 0272 7 09468 7 103 1 5
HvD/INSD 5210 5 1880 3  0.056 3 0180 3 09816 2 103 1 3
HvD3 65772 9 5366 8 0337 9 0495 8 09282 8 873 9 8
1SD 48910 8 5682 9 0310 8 0516 9 09161 9 1244 10 9
IWSD 198830 10  62.88 10  0.390 10 0561 10 08915 10 286 7 10
Kurodal 4752 2 1807 2 005 2 0172 1 09789 4 103 1 2
Kuroda2 12756 7 2262 5 0092 5 0214 5 09779 5 778 8 7
Kuroda3 74.87 6 2019 4 0060 4 0192 4 09796 3 234 6 4
(1995 => 2000) => 2005
EUKLEMS 5314 5 2272 5 0099 6 0218 5 09686 6 103 1 5
RAS 5052 3 1797 1 0055 1 0173 1 09838 1 103 1 1
HvD1 4109 1 3083 7 0149 7 0295 7 09313 7 103 1 6
HvD/INSD 51.26 4 1860 2 0056 2 0178 2 0982 2 103 1 2
HvD3 88795 9 5697 8 0334 9 0577 8 09254 8 398 8 8
I1SD 79549 8 6043 9 0315 8 0622 9 09147 9 521 10 9
IWSD 3281.60 10 7250 10 0390 10 1.139 10 05765 10 186 6 10
Kurodal 4787 2 1887 3 0061 3 0.8 3 09727 5 103 1 3
Kuroda2 18777 7 2310 6 0091 5 0233 6 09781 4 476 9 7
Kuroda3 80.82 6 2027 4 0061 3 0195 4 09798 3 200 7 4

Note: See the endnotes to Table 2.

size of the projected matrix), then WAPE, SAE and 1/} are essentially equivalent

goodness-of-fit statistics for matrix comparative purposes.

In all parts of Table 2 and Table 3 we systematically observe that three methods
HvD3, ISD and IWSD are overall performing worse among all ten alternatives, and
produce deviations of the values of the statistics that are far away from those of the
other methods. They share one common feature: the errors (differences) of the new

over old elements ratios, ;;/a;;, from unity in the objective functions are weighted
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directly by the enlarged size of the original elements (see (20), (25), (29) with g;; =1
(HvD3)). This suggests that a weighting scheme that weights deviations of the ratios
by the expanded size of the original elements (i.e., taking the element to the power
of more than one) may not be a good starting point. Given the poor performance
of these three approaches, our first conclusion is that these methods should not be
used for updating SUTs (and SIOTs).

All parts of Table 2 and Table 3 (except the case 0.5 x (1995 + 2005) = 2000 in
the Supply projection) consistently show that the three ‘best’ performing updating
methods are RAS, HvD/INSD,'® and Kurodal. The overall ranking of the four exer-
cises in Table 2 and also in Table 3 show the following ordering: RAS, Kurodal and
HvD/INSD. The fact that (G)RAS was outperforming other updating methods was
extensively reported in the literature (see e.g., Evans and Lindley 1973, Davis et al.
1977, Jalili 2000, Jackson and Murray 2004). Huang et al. (2008) recommended to
use GRAS and INSD for updating IO tables, and our results confirm that indeed
these two methods are not inferior. However, there is, at least, one other method
which is performing quite well either. This is Kuroda’s method that minimizes the
changes of the updated row and column coefficients from those of the base year
(see (40)). Note that HvD/INSD has the objective that weights the correspond-
ing updating errors of the transactions’ ratios directly by the size of the original
transactions |a;;|. The same is true for (G)RAS (see (11)). This would suggest that
the hypothesis that transactions’ ratios (and not transactions themselves) are more
permanent and stable for larger original deliveries than for the smaller ones is indi-
rectly confirmed by the success of RAS and HvD/INSD, at least, for the case of the
Netherlands. Our second conclusion is that, for our data, the RAS, Kurodal, and
HvD/INSD updating methods are performing quite well, and may be used for esti-
mating SUTs. The relative performance of these methods should be further checked
on other datasets as well.

Comparing the results in the first and second blocks of Tables 2 and 3 we can
conclude that the interpolation of the 2000 Supply table does not provide better
estimate than its extrapolation on the basis of the 1995 Supply table according to
all methods except the three worse performing updating approaches (i.e., HvD3,
ISD and IWSD). These methods turn out to give better results when both 1995
and 2005 tables are used, but still the obtained errors are quite large compared to
those of the other approaches. However, in the estimation of the Use table, the
interpolation may give better estimates than pure extrapolation on the earlier data.
Since, the Use table is much denser than the Supply table, one may conclude that

the interpolation may give better projections for the tables that are not sparse.

15Recall that Harthoorn and van Dalen’s method with the elements’ relative confidences equal to
the absolute values of the original entries (g;; = |a;;| in (29)) is nothing else as the INSD approach.
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The bottom parts of Table 2 and Table 3 give the result of projecting 2005
SUTs using the updated 2000 tables, which were based on the 1995 SUTs. The
question that we are interested in is whether using the new 2000 estimate gives better
outcome than the earlier 1995 actual data for updating 2005 tables. Comparing
the leading four updating methods for all indicators we get no definitive answer.
Kurodal method mainly performs worse with the recent estimate rather than the
actual earlier data. HvD/INSD’s performance can go either directions depending on
the choice of the goodness-of-fit statistic. Note that the EUKLEMS and RAS give
exactly the same values of all the indicators in the current exercise. The reason is
simple: for these methods the updating case (1995 = 2000) = 2005 means nothing
else as using the structure of the 1995 SUTSs to predict the 2005 matrices. Thus the
results of their performance in this updating exercise will be exactly the same as the
estimation of the 2005 tables directly from the 1995 data.

In our final empirical application, we use Spanish SUT's for two benchmark years
of 2000 and 2005 available from the National Statistics Institute of Spain. The dis-
tinguishing feature of this data is that the Use tables are given in basic prices, and
further distinguished between the domestic and imported use matrices. This is ex-
actly what we need for assessing the Euro method that has not been analyzed in the
previous evaluations namely because of unavailability of the Netherlands’ domestic
and imported Use tables in basic prices. The Spanish Supply and intermediate Use
tables originally consisted of 118 commodities and 75 industries. After some ‘clean-
ing process’ and the fact that the Furo method works only for symmetric SUTs, we
ended up with 73 products and 73 industries.'® The domestic and imported final
demand consist of three categories: total consumption, gross capital formation (with
both positive and negative entries), and exports.

The results of the evaluation of seven methods, six of which performed relatively
well with the Dutch SUTSs, are given in Table 4. We do not compute the coefficient
of determination this time, since in the previous exercises it showed to be a weak
statistic for matrix comparison purposes. In fact, such an outcome confirmed the
same conclusion of Knudsen and Fotheringham (1986) on the use of RSQ. To
jump ahead, the analysis of Table 4 reveals that the same three methods always
outperform other updating techniques, and, moreover, their overall ordering is also
similar: GRAS, Kurodal, and HvD/INSD. Note that in the prediction the total
intermediate use Kurodal outperforms RAS. These additional findings show that
indeed the three mentioned methods can be used for updating SUTs and SIOTs.

16This number decreased from 75 to 73 because we were not able to distinguish between Market
and Non-market health services, and Market and Non-market recreational, cultural and sporting
activities. This is because CNPA 96 products classification does not distinguish between non-profit
institution serving households (NPISHs) and governmental services, which is the case for CNAE
93 industry classification.
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Table 4: Results of updating Spanish SUTs at basic prices

MAPE R. WAPE R. SWAD R. 1& R. NO R. CmR.
Supply Table (2000 = 2005)

EURO 21.04 6 844 7 0109 7 0.083 6 108 1 7
EUKLEMS 1891 3 251 5 0.004 3 0.024 4 108 1 4
RAS 19.61 4 196 1 0.004 2 0.018 1 108 1 1
HvD1 16.43 1 265 6 0.010 6 0025 5 109 2 5
HvD/INSD 19.88 5 205 3 0.004 1 0.019 2 115 4 3
Kurodal 18.40 2 1.98 2 0.006 4 0.018 1 110 3 2
Kuroda3 27149 7 230 4 0.006 5 0.022 3 183 5 6
Total Intermediate Use Table (2000 = 2005)
EURO 38.02 4 2093 7 0348 8 0206 7 120 2 7
EUKLEMS 93.59 7 22.03 8 0.195 7 0.214 8§ 112 1 8
EUKLEMS* 34.68 1 16.58 5 0.150 6 0.163 5 120 2 3
RAS 38.07 5 13.81 2 0.077 2 0136 2 120 2 2
HvD1 3543 2 20.66 6 0.083 4 0203 6 120 2 5
HvD/INSD 39.15 6 15.02 3 0.099 5 0148 3 120 2 3
Kurodal 37.69 3 13.17 1 0.023 1 0.129 1 120 2 1
Kuroda3 96.12 8 1575 4 0.083 3 0154 4 364 3 6
Total Final Demand Table (2000 = 2005)
EURO 24942 7 838 7 00561 7 0.08 7 3 1 7
EUKLEMS 23518 5 14.78 8 0.100 8 0.148 8 3 1 8
EUKLEMS* 23991 6 790 6 0.048 6 0.080 6 3 1 6
GRAS 114.35 2 4.28 2 0.012 2 0.044 1 3 1 1
HvD1 143.88 3 553 5 0.019 5 0.056 5 4 2 4
HvD/INSD 90.04 1 430 3 0.012 3 0.044 3 5 3 3
Kurodal 227714 4 424 1 0.010 1 0.044 1 4 2 2
Kuroda3 269.61 8 456 4 0.017 4 0.047 4 6 4 5

Note: EUKLEMS* technique differs from the EUKLEMS described in Section 2.1 in only projecting the Use
matrix on the base of the Use table at basic prices (and not purchase prices), where the growth rates of commodity
outputs at basic prices are applied row-wise to the original Use table and normalized such that the actual totals are
consistent with the true use totals (similar to Step 4 in Section 2.1).

We consider one more indicator in case of the Supply estimation, which has to
do with the change in the size of the main product/industry compared to its non-
principal activities and by-products.!” Let s;; be the amount of product i that is

supplied by industry j. Then the main product supplying ratio of commodity 7 is

MPSR; = <%
> Sij
while the main industry supplying ratio of industry j is
MISR; =
TS

1T"We are grateful to Jiemin Guo for this suggestion.
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To see whether the estimated Supply retains the same main product and industry
ratios as in the true Supply matrix, we compute the product and industry difference

indices for commodity ¢ and industry j, respectively, as
PD; = MPSR;/MPSR; and ID;= MISR;/MISR;, (41)

where, for example, J\ﬁ??& is the MPSR of product ¢ in the estimated Supply
matrix. The upper part of Figure 1 illustrates the descriptive statistics (i.e., mini-
mum, mean and maximum) of these indicators. It shows that although the average
of the product and industry difference indices (41) of all methods is pretty close to
one, the spread of these indices across products and industries largely differs from
one method to the other. In particular, we clearly see that the Euro and EUK-
LEMS methods are performing worse in this regard (although EUKLEMS approach
shows better performance with MPSRs differences), while RAS, HvD1, HvD/INSD,
and Kurodal show quite small deviation of both difference indicators. This clearly
suggests that the main product and industry supplying ratio are predicted quite
inaccurately across commodities and sectors by the Euro, EUKLEMS, and Kuroda3

methods.

The bottom part of Figure 1 illustrates relative MAPE, WAPE and SWAD
indicators derived from Table 4 for Supply, total intermediate and final use pro-
jections. That is, these indicators are normalized by corresponding values of the
GRAS method, hence for GRAS these relative measures are equal to one. We do
not show 1& statistic, because its trend is extremely close to WAPE. We do not
show the relative SWAD measure for the Supply projection for the Euro method,
since this number is quite large (i.e., equal to 26.63) that makes the visual com-
parison of other methods impossible. These three figures clearly demonstrate our
main finding: the relative measures for HvD/INSD and Kurodal are very close to
one (i.e., to the GRAS outcome), and those of all other methods are mainly larger
than unity, thus performing worse than GRAS. The fourth overall ranking takes the
EUKLEMS method in predicting Supply tables, but it estimates the Use tables with
large errors (together with the Euro method).

EUKELEMS* differs from the EUKLEMS described in Section 2.1 in only one
respect: it projects the Use matrix on the base of the Use table at basic prices
(and not purchasers’ prices), where the growth rates of commodity outputs at basic
prices are applied row-wise to the original intermediate and final use table and then
normalized such that the actual totals are consistent with the true use totals of
the 2005 Use tables (similar to Step 4 in Section 2.1). This procedure show better
result than the standard EUKLEMS, where the stating point is the Use table at

purchasers’ prices. This result is entirely expectable, since given that the Use table
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at basic prices is available, one does not have to transform Use tables from purchase

into basic prices. Hence, additional errors due to the estimation of matrices of trade

margins, transportation margins, and net taxes are avoided when the initial Use

table is available at basic prices.

4 Concluding remarks

Given the importance of availability of Supply and Use tables (SUTs) and symmetric

input-output tables (SIOTSs) for policy-relevant research and the problem of time-

liness of these data, many non-survey (semi-survey) methods have been proposed

and extensively used in the literature. The purpose of this paper was to present

and assess the relative performance of eight existing methods for updating SUTs
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(and SIOTSs), some of which are less (or even not) known in the literature. Three
methods were slightly revised in this paper with regard to updating negative entries
as well as preserving the signs of the elements of the original matrix in the projected
one.

Our empirical applications of the methods to the Dutch and Spanish SUTs
projections showed that (G)RAS, and two other methods proposed, respectively, by
Harthoorn and van Dalen (1987) and Kuroda (1988) are providing best estimates
of the SUTSs of the Netherlands and Spain. Hence, we conclude that these three
methods may be used for updating purposes. We should note that the improved
normalized squared differences (INSD) updating approach proposed by Huang et al.
(2008) is nothing else as a particular case of Harthoorn and van Dalen’s method.
On the other hand, among other techniques, the Euro method that is used by the
Eurostat does not show satisfying performance on these data.

Our study also suggests that the hypothesis that transactions’ ratios (and not
transactions themselves) are more permanent and stable for larger original deliveries
than for the smaller ones is indirectly confirmed by the relative success of GRAS
and HvD/INSD methods. Finally, when there is a choice between extrapolation on
the base of earlier tables and interpolation that also uses more recent information,
we could conclude from the results that interpolation, on average, works better
for denser matrices (such as Use tables), while it is outperformed by extrapolation
results for spare matrices (such as Supply tables). We think that the reason for
this outcome is as follows. Over time, the degree of interconnectedness becomes
larger, and this is especially true for Use tables where more zero elements become
non-zero (mainly positive). Thus, extrapolation on earlier data will miss many such
changes, while if one uses an earlier and more recent tables, it is expected that such

“structural changes’ are taken into account more accurately.
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