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Abstract
The paper gives an overview of a research started in December 2011 on stochastic

estimation of input-output data.
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Introduction

Russian statistical system is under transition for almost two decades from Soviet type
Material Product System to SNA. The main transitional break in methodology took place in
2004-2005 when Russian statistical agency “Rosstat” started reporting based on the new
definition of economic sectors consistent with NACEI, and stopped reporting using definition of
activities inherited from the Soviet statistical system. This methodological break splits all
industry level statistics into two periods with little consistency between each other. As a result,
Rosstat stopped updating IOT in 2003, based on the only benchmark survey conducted in 1995.
The next survey is scheduled for 2012 with expected publication of results in 2015 or later.
Official backward estimation is not expected. Therefore Russian statistics will miss IOT at least
from 2004 to 2010. Also quality of officially updated IOT from 1996 to 2003 based on 1995
benchmark is questionable.

The paper pursues several goals. First, to apply Bayesian statistics for updating 10 tables
for 1996-2004 period, i.e. within “old” definition of industries. Second, we apply Monte Carlo
Markov Chains (MCMC) methods to disaggregate available in NACE classification SUTs (2004
to 2006, 15 products by 15 activities) into larger 69 by 69 format. Third, since the 15x15 SUTs
are published by Rosstat as preliminary estimates, they are not fully consistent with other
available national accounts data, such as output and value added by industries. To take into
account the data uncertainty, we introduce a measurement error for the aggregated io-
coefficients. As result, we estimate posterior distribution of input-output coefficients for
aggregated and disaggregated matrices, which are consistent with yearly national accounts
information. Forth, we update the estimated 15x15 and 69x69 matrices for 2007-2011 period
using proposed sampling methods. Also we discuss potential ways to improve the estimates
imposing additional constrains and links to national macro statistics. Finally, we demonstrate an
application of the estimated stochastic SUTs on a simple CGE model, analyzing a response to
exogenous parameter shock, and sensitivity of the results to the estimated uncertainty in input-

output coefficients.

Conceptual framework

In this section we discuss a methodology for updating IOT using Bayesian framework

and Monte Carlo Markov Chains method as alternative to RAS and maximum entropy methods.



Updating IOT with Bayesian methods

The basic problem of updating an IO matrix or more generally a SAM can be formulating
as follows: find an unknown IO matrix with known sums of rows and columns and a known 10
matrix for some previous year. Mathematically speaking, we need to find a matrix A with
following restrictions:

Y = AX,

Z,-az-,j =a;, a;20

where Y, X are known vectors and a ; are known sums of columns. And there is a known matrix

(D

A" from previous year. In classical framework the solution of this problem is usually reduced to
finding such matrix A, which minimize some distance function from known matrix A° under
system of restrictions (1).

In this paper we propose to follow Bayesian methods in estimation of 10 tables. Bayesian
approach provides a natural and flexible way to incorporate any kind and amount of information
either as a prior distribution or observable data. Bayesian methods also provide full density
profile on estimated parameters with covariates.

In Bayesian econometrics it is assumed that a researcher has some prior beliefs about
estimated parameter vector 6 before observing the data, which could be summarized by prior

density function p(€). When new data comes the researcher update the beliefs about parameters

according Bayes theorem:

(@11) =LY 10)0(©)
j L(Y 16)p(8)de

o< L(Y 18) p(6) (2)

where p(@1Y) is the posterior density and L(Y |6) is the likelihood.

Bayesian inference is easy since the posterior density contain all the information one may
need. The researcher could be interested in point estimate, credible set and correlation of
parameters and construct it from posterior distribution. In Bayesian framework point parameter
estimate is chosen to minimize expected loss function with expectation taken with respect to the
posterior distribution. The most common loss function used for Bayesian estimation is the mean
square error and the corresponding point parameter estimate is simply the mean of the posterior
distribution.

Despite the attractiveness of this method, in the past, Bayesian inference was not so
popular due to numerical integration needed in equation (2). In some cases when the prior on &
is conjugate with posterior on € the posterior density can be obtained analytically. But in more
general setup we know posterior density up to normalizing constant. Recently developed

computer-intensive sampling methods such as Monte Carlo Markov Chain (MCMC) methods



have revolutionized the application of Bayesian approach. MCMC methods are iterative

sampling methods that allow sampling from posterior distribution p(81Y).

Heckelei et al. (2008) shortly discuss IOT update with Bayesian method and give an
example on artificial data. In this paper authors present a Bayesian alternative to the cross-
entropy method for deriving solutions to econometric models represented by undetermined
system of equation. In the context of balancing an IO matrix they formulate posterior distribution

in the following way:

p(zldata) < I,(z)p(2) 3)

z=vec(A) “4)

Equation (4) means vectorization of matrix A. In equation (3) p(z) is some prior
distribution, p(zldata) is the posterior distribution and I,(z) is the indicator function that

assigns weights of 1 if z satisfies the constraints (1) and O otherwise. Authors interpret the
indicator function as the likelihood function. As estimate of z Heckelei er al. (2008) consider
mode of posterior distribution which could be found with some optimization routine. And they
illustrate proposed method balancing small 4x4 matrix with independent normal prior taking A°
as prior mean.

But proposed by Heckelei et al. (2008) method actually reduced to minimization yet

another distance function from known matrix A°. In this paper we concentrate on finding full

density profile of posterior distribution with MCMC techniques and applying it to real data.

For convenience we consider equality and inequality constraints of the system of
restriction (1) separately. Inequality constrains could be simply introduced in prior distribution
by assigning 0 value of density in inadmissible domain. For example one could specify
independent truncated normal distribution between O and 1 for each parameter of the matrix A.
On the other hand if we have certain beliefs about some parameters we could introduce it as
additional linear equality constraints. For example it is convenient to assign 0 values for
elements of unknown matrix A if corresponding elements in the matrix A’ are zeros.

At the next step let us consider linear equality constraints and rewrite it in the following
form:

Bz=T &)
where B is the known matrix, T is the known vector and z =vec(A) is the unknown vector of
estimated parameters. System (5) represents undetermined linear system of equations. And from

linear algebra it is known that any solution of linear system (5) could be written in the form:

2= 5+ FOED (6)



where 7 is the particular solution of the system (5) and F“ is the fundamental matrix of

solutions of homogeneous system Bz =0. And any vector £ solves system (5). The particular

solution and the fundamental matrix could be obtained by Gaussian elimination algorithm.
Columns of the fundamental matrix F" =[f,",.., f{"] represent basis of the Euclidean

subspace. At the next step we could find the basis of the orthogonal complement of this subspace

F? =] fl(z), . n(_z,f] . Let us consider linear transformation of the original space:

EO »
_[ 0 p@ _z
g | [F F ] (z=2) (7)
In the new system of coordinates prior density has the following form:

P;(f) — det[F(” F(Z)] pZ(Z+F(1)§(” + FOE®) (8)

If we specify posterior distribution in the form (3) than posterior distribution will be the

conditional distribution of random vector £ given the zero value of the random vector &%
(¢l data) = (f(l) |f(2) =0) 9)
p§ pcf“)lrf(z)
If prior distribution is multivariate normal distribution, posterior distribution of vector

£Y is also multivariate normal and we could compute posterior mean and covariance matrix

analytically. But it doesn’t guarantee nonnegative values of estimated matrix A. In general setup
we use truncated prior distribution and know posterior density up to normalizing constant. To
conduct inference about parameters we approximate posterior distribution (9) applying MCMC
sampling methods. After generating the sample of vectors £ we could move to initial space

using formula (6) and obtain the sample of vectors z, which represents elements of unknown
matrix A.

To obtain sample from posterior distribution for examples in this paper we perform the
Metropolis sampling algorithm, which is a special case of a broader class of Metropolis-Hasting
algorithms, and apply a standard single-site updating scheme. As a proposal density for
generating candidate parameter values we use normal distribution for each parameter of vector

&Y Standard deviations of the proposal density are iteratively selected during adaptive phase to

guarantee acceptance rate for each parameter to be between 35 and 45 percent.

Monte Carlo Experiment

To illustrate the proposed Bayesian method for updating IO matrices in this section we
perform Monte Carlo experiments and compare results with the RAS and the cross-entropy

methods. In Bayesian framework we assume that there exist several additional known matrices



A”',..,A”" from all previous years and they could provide additional information for the
estimation purpose. The main hypothesis of our set up is that incorporating additional
information in Bayesian framework about variation of 10 coefficients in time could improve
estimate of unknown coefficients. This information could shed light on relative stability of 10
coefficients.

To perform Bayesian method we need to specify some prior distribution for parameters
and we assume independent truncated normal distributions for each 10 coefficient and use
coefficients of last known IO table as prior mean. To specify standard deviations in prior

distribution we estimate standard deviation for each coefficient from all available matrices

A’ A™',..,A”" with a following formula:

1 < 1 & 2
o . = |— a  —— a . 10
b Tt;( YT+ 4 ”’j (10

So in Monte Carlo simulations we would assume that we don’t know the true data

generating process and apply the same procedure for all data sets. And for robustness of results
we experiment with different stochastic processes for 1O coefficients.

We perform 10 000 Monte Carlo experiments. Monte Carlo are carried out by randomly
generating (data generating process would be described later) of six 4x4 matrices A™,..,A’,A.
Than we generate randomly vector X and compute vector Y from equation (1). In the next step
we treat IO matrix A as unknown and estimate it with known vectors X, ¥ and matrices A™,.., A°.
Bayesian method is performed by assuming independent normal distribution for each parameter
as prior distribution with A° as prior mean and estimated standard deviation for each coefficient
from matrices A™,.., A’ as prior standard deviation.

To compute posterior distribution of coefficients we apply Markov chain Monte Carlo
(MCMC) method with one chain and sampled length of 50 000 simulation. In each experiment
we also estimate matrix A with the RAS and the cross-entropy methods using A° as prior
information about unknown coefficients. To compare relative performance of methods we need
to specify some measure of closeness between true coefficients of matrix A and its estimated
values. In contrast to the RAS and the cross-entropy method, Bayesian approach provides full
probability profile of estimated parameters and as point estimates of coefficients we choose the
mean of posterior distribution. To compare results for each of the methods in each Monte Carlo
experiment we compute following statistics:

1. Root mean square error:

RMSE:\/1/16Zf_IZj_1(aU ~a,) o




2. Mean absolute error:

MAE=1/163"" > la,—a, (12)
3. Mean absolute percentage error:
a.—a.,
MAPE=1/163 ' > |- (13)
= = a..

ij
And now we describe data generating process. For robustness of results we experiment
with stationary and nonstationary processes for IO matrix coefficients. The main assumption in

data generating is that there are different variances of error terms for coefficients stochastic

processes. Coefficients are generated only for the first three rows of the matrix A’ and the last
. 3 . .
element is computed as a; ; =1- o a;; . And if one of the coefficients falls out the boundary

restrictions we treat the current experiment as unsuccessful and through it out. We experiment
with following data generating procedures:

1. Independent 10 coefficients. We assume that each coefficient a;; has normal

distribution a; , [J N(m O'fj). At the first step of generating data in one Monte Carlo

i,j?
experiment we generate mean parameters m, ; from uniform distribution U[0,0.5]. Than we

compute standard deviation as o, =k, ;m,;, where k;; are random variables from uniform
distribution U[0,0.05]. So we assume that standard deviations of simulated coefficients are not

greater than 5% of its value. And at the last step we generate «;, from the distribution

N(m,

l,j,ofj).

2. AR(1) process for 10 coefficients. We assume that each coefficient q; ; are from the
following stationary process:

a.;=(1-p)m,  +pa +¢& ., € ,0N©00) (14)

ij?

For generating parameters m, ; and o, , we apply the same procedure as in the previous
point. For simplicity we fix parameter p =0.7 and the initial conditions for the a;j equal to
the unconditional mean m, ;. And at the last step we generate &, from the distribution
N(0,07)).

3. Random walk process for 10 coefficients. We assume that each coefficient q;; are
from the random walk process:

t _ _t-1 t
a; =a; t&,;

g .0 N(,07)) (15)
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At the first step we generate the initial conditions for the a;; using the same procedure

for generating m, ; in previous points and analogically generate values for standard deviations
o, ;. And finally generate realizations &, from the distribution N(0,07;).

Table 1 summarizes relative performance of the Bayesian method in comparison with the
RAS and the cross-entropy methods. Results indicate that the Bayesian approach outperforms the
competing methods according to the introduced measures of fit. In the case of the independent
process Bayesian method wins the RAS and the cross-entropy methods in 70-80 percent of

simulations and in the case of random walk wins in 60-70 percent of simulations.

Table 1. Relative performance of Bayesian method.

Independent process AR(1) process Random walk
Entropy RAS Entropy RAS Entropy RAS
RMSE 72.2% 73.2% 67.3% 67.8% 62.0% 63.0%
MAE 76.0% 77.8% 71.2% 73.1% 66.1% 67.7%
MAPE 76.2% 78.1% 72.4% 74.1% 67.1% 69.0%

Figures 1-3 in appendix demonstrate scatter plots of the RMSE, MAE and MAPE
statistics for the Monte Carlo experiments for each data generating process. On the Y-axis is the
corresponding statistic obtained using the Bayesian approach. On the X-axis is the statistic
obtained using one of the competing methods. All graphs demonstrate that most of the points lie
below the solid line at 45 degrees. The Monte Carlo experiments show that Bayesian method
with additional information about variation of 1O coefficients could potentially improve estimate

of unknown IO matrix.



Bayesian disaggregation of 10 tables

3ajgava jesarrperanMy TabjauI BO MHOIOM aHAJOTM4HA MpOJUIEHHI0. MaTeMaTudecku
HeoOXxoauMo Haiitu matpuily A pazmepHocThio 69x69, KoTopas yaoBiaeTBopsieT yciouio (1) u
YCIIOBHIO:

KrT « A« Kr = Agg, (16)

rae Kr — mMarpuia nepexosia K u3BECTHOM arperupoBaHHON MaTpuIe Ag gy -

kr;j =1, i € sector j

Kr = {kri,j = 0,1 & sector j

(16™)

Ora 3amada MoOXeT OBITh TPEJICTaBICHA KaK CHCTeMa JIMHEHHBIX YpaBHEHHUH,
aHanorun4Hoi cucreme (5).

B  kadectBe  OMOJHUTENHHONH  TPEANOCBUIKH  HCIOJB3YETCS  yCIOBHE,  UYTO
MIPOMEKYTOUHBIN CITPOC HA MPOAYKIIMIO CEKTOPA HE MPEBBIIIACT KOHEYHBINA BBIITYCK OTPACIIH.

Xjaij* X <X (17)

YcnoBue MokeT OBITh CPOPMYITHPOBAHO aHATOTHYHO cucTeMe (5) B BUJE:

Dxz<X (18)

rae X KOHEYHBIN BBITYCK.

I'PAOUYECKAA NHTEPITPETALIA YEM-TO OTJIMYAETCHA oT
[IPEJBIIYLLIEI?

Monte-Carlo experiment

Jns neMoHCTpanuu paboThl METOAAa MPOBENEM JIe3arTperanuio CreHepupoBaHHOU
ciydaiiHeIM 00pa3oM cuMMeTpuuHOM Tabmuiel u3 15 orpacieit OKB3OJ no 69 otpacieil.
BriOpanHoe  umMcio  OoTpaciell  COOTBETCTBYET — pEalbHOM  3ajadye  jaes3arrperamum,
paccmarpuBaeMoil B ciepyromeM pasgene. [Ipeamomaraercs, 4Yro B HAIWYMM HMEETCS
uH(pOpMallisg O COBOKYITHOM BBIIIYCKE M MPOMEXKYTOYHOM HOTpedIeHHuH Bcex 69 orpaciei.
OpHako oTpacieBOW HMMIIOPT M KOHEUHBIH crpoc Heu3BecTeH. [loaromy MBI He oOiamaem
JOCTAaTOYHOM nH(pOpMaLKel 17 OnpeaeSIeHU TPOMEKYTOUHOTO CIpOca.

Takum o6pa3om, 3a7a4a COCTOUT B ceMIUTUPOBAaHUU 4761 siUeKU «OOJIBIION» MaTPHUIIBI
IIOCPEJICTBOM CEMIUIMPOBAHUS BEKTOPAa KOHCTAHT, TaK 4YTOObI yJOBJIETBOPUTH YCIOBUAM (5) U
(17). B xauecTBe HayalbHBIX TOYEK BHIOMPAIOTCS YIJIOBBIE TOYKH, MOJYYEHHBIC C TTOMOIIBIO
CUMIUIEKC METO/1a.

beimo mpoBeneno 4e6 wutepamuii, CreHEpUPOBAHO TPU MAPKOBCKUX IEMH C OOIIUM
yucioM Habmonennit 1950. [letanpHbie pe3yabTaThl IKCIIEPUMEHTA NpUBeeHbI B [Ipunoxxennn.

O6o006menne pe3ynbraToB npuBoautcs B Table 4.



Table 2. XapakTepucTuku 10BepuTebHOro uutepnaga (90%).

Ztrue < CI Ztrue (= CI CI < Ztrue
Standart Cl 3.02% 95.88% 1.09%
Specific Cl 0.34% 97.98% 1.68%

Ilo pesynpraram skcnepuMeHTa 95.8% WCTUHHBIX 3Ha4YeHWH sdeek nomanaroT B 10%
JIOBEpUTENbHBIN HHTEpBall. bojee kauecTBEHHass OICHKA IOJY4aeTcs, €CIM HCIOJIb30BaTh
crienupuIecKkuil TOBEPUTENbHBIM WHTEpBad. [lo JaHHBIM HWHTEPBAJIOM IMOAPAa3yMEBACTCS
OJHOCBSA3HBI MHTEPBAJI C MUHUMAJIbHOW JUIMHOM, KOTOPBIA B IAHHOM CJIy4ae, C BEPOSITHOCTHIO
90% conmepxuT uUCTHHHOE 3HaueHue. bomee monmpobno cm. Table 2. I'paduueckoe
pacnpeneseHne He colleImnxcs ssueek npeacrasieHo Ha Figure 2 u Figure 2.

B cooTBeTCTBHM CO CTAaTHUCTUKOM CXOIUMOCTH IE€IEH, YHUCIO HE COIIECIIINXCS STUEEK
coctaBisieT 94% nns ornenbHOM MapkoBckoil nenu. Ilpu stom mist 100% siueek cyuiecTByeT
coulemascs nenb. MakCUMaIbHBIN, 10 MOAYIIO KO3((HUIIMEHT aBTOKpenauuu coctasiseT 0.32.
PesynbraTel MOryT OBITH, OUEBHAHO, YIYYIICHBI 0OJiee IIMTEIbHBIM CEMILTUPOBAHHEM JHOO
O0onbpmMM KonuuecTBOM Lemned. OIHaKo JaXke CYIIECTBYIOLIUE pe3yNbTaThl JEMOHCTPUPYIOT

JIOBOJILHO XOPOILIUIl pe3ynbTar.

Measurement errors in observed data

0.5-2 pages

Computer implementation

[IpencraBnenHast Bblllle METOIMKA ABJISETCS BBIUMCIUTEILHO MHTEHCUBHOM. bosee Toro,
TOYHOCTb ITOJIYYEHHBIX PE3YJbTAaTOB HAINPSAMYIO 3aBUCUT OT KOJIMYECTBA U JUIMHBI ITOJTYYEHHBIX
nenei. /lng monydeHus KauecTBEHHBIX pE3yJbTaTOB 3a IPUEMIIEMBIH NMPOMEXYTOK BpPEMEHHU
HE00XO0IMMO CHU3UTh BpeMs HEOOXO0AUMOE Il OJJHOM UTEpALIUH.

Jns Hayanma 3aMeTuM, YTO IMEPEeMHOKEHHE CTOIONA KOHCTAaHT Ha (yHIAAMEHTAIbHYIO
MaTpully B ypaBHEHMH (6) C TOUKHM 3PEHHS KOMIIBIOTEPHOTO BPEMEHH JOBOJIBHO TPYAOEMKas
3ajaya.

CoxparuTh BpeMsl BBIYMCICHMH MOYKHO, €CIM YYECThb YTO Ha KaXJIOM IIare MeHSETCs
TOJIBKO OJHAa KOHCTaHTa, W IIO3TOMY HOBBIE€ 3HAYEHUS CTOJOLA Z NIPU HU3MEHEHHHM i—TOu

KOHCTAHTBI MOYKHO BBIYHCIUTH 1O OpMyIIe:

Znew = Zigst + &i * F[,i] (19)




Marpuna F cunbHO pa3pexeHHa, B yacTHOCcTU 4761 — N cTpok cocTaBisieT €qUHUYHYIO
Marpuily. ['ne N 4ncio TuHEHO HE3aBUCUMBIX OTPAaHUYEHUN THIIA PABEHCTB B ypaBHEHUH (5).
Jns mapHoM 3amaun N MeHbIIe 294,

[Tyrem nepenymepanuu nNepeMeHHbIX F MOXKHO IPECTaBUTh B BUJIE:

_[E
P =l @0
I'me E enunmuHas marpuna pasmepHocts 4761 — N, a rF ocrarouHas marpuua
pa3mepHocThio Nx(4761 — N). Torna st pacyera HOBbIE 3HAUEHUS CTOJIONA Z TIPU U3MEHEHUH

i—TON KOHCTAHTBI MOKHO BBIYHCIIUTH 1O (hopMmyIie:

j _ j . .
Znew = 551' + Zigse V=]

Zho = 2] < (4761 —N) Ni#j 1)
Z)ow = 68 * TF[j — (4761 — N),i] + z.,, (4761 — N) <j < 69 * 69

[Ipu sToM Temepb HEOOXOIUMO MPOBEPSATH YAOBIETBOPSIOT JH SUYCHKHA TPAHUYIHBIM
3HaYeHUsAM ToJibko Ji1st 1 + N siueek BMecto 4761.

[Tocne U3MeHEeHHs ATOPUTMA BBIUMCICHHSI HOBBIX 3HAYCHHH Z B 3TOM U MPEABIAYIIEM
MYHKTe Ha KaXIOM IIare HEeoOXOAuMO TPOW3BOAWTH NpuOIu3uTenbHo 1+N  omnepanuit
CJIO’)KEHUS, YMHOKEHUSI U CPaBHEHHS, BMECTO (4761—N)2 (oTMeTHM, 4YTO 3TO Oojee ueMm 2e7)
orepanuil CloKeHus, yMHOKeHUs 1 4761 onepanuii cpaBHEHUSI.

Jnst mpoBepku ycnoBus (18) MokHO m30ex)aTh YMHOXKEHUsT MaTpuIlel D Ha cronbern z
IpHU BBIMIOJHEHUU KaXJOH WTEpaluu, eClId Y4ecTb 4YTO MPH HM3MEHEHHH i—i KOHCTaHTBI
M3MEHEHHE TPOMEKYTOUYHOTO CIIPOCa PABHO:

AID = A(D * ) = A(D * (Znew — Ziast)) = A(D * & = FL,i]) = 8¢; * D » F[, ] (22)

[Tpu sTom 3HaueHust D * F[,i] MOXXHO BBIYHCIIHNTH 3apaHee, TEM CaMbIM SKOHOMS BpeMs
HE00XO0IUMOE ISl BHITIOJTHEHUSI OJTHOM UTEpALIHU.

B pesyapraTe Ha KaXJa0oM Mmiare HEoOXOAMMO MPOM3BOIAUTH TOJBKO 69 omeparuit
CJII0’)KEHUM, YMHOXCHUU U CPaBHCHUN BMECTO 69° olepanuil ClI0KEHUH, YMHOXEHUH U 69
OIlepaLMii CPaBHEHU.

B uncnenHbIX 3KcriepuMeHTax MpoBeAeHHBIX paHee standard deviations of the proposal
density are iteratively selected during adaptive phase to guarantee acceptance rate for each
parameter to be between 35 and 45 percent. [IpuMeHUTEN HO K JaHHOW 3aade TaKOW Crocod
MOKET TpeOOBaTh CIUIIKOM MHOTO BPEMEHHU JIJIsi IPOOHBIX 3aITyCKOB.

B kauectBe standard deviations of the proposal density MOXHO BBIOpaTh MaKCHMaJIbHBII
ana3oH W3MEHEHHs KOHCTAHThI, €CIIM TaKOW CYIIECTBYET, MEPEMHOXKEHHBIH Ha KaKOW-TO
3apaHee BbIOpaHHBIA K03 duimenT or 0 go 1. g 3TOro oTMETHM, 4TO MPHU KCIOJIB30BAHUU

dyHaaMeHTanbHOW  MaTpuLbl, MpeacTaBieHHOM B Buae (20), Bce KOAPPHUIMEHTHI



COOTBETCTBYIOIIME CTPOKAM CAMHUYHONW MAaTPHIBI 3aBUCAT TOJBKO OT OJHOTO CTOJOIA.

C.]'ICI[OB&TCJ'IBHO, KOHCTaHTbI fiMO}KeT U3MCHATHCS TOJIBKO B AUAIIa30HE:

Zimm - Zzlmrt <§ < Zimax - Zzlmrt (23)
CJIeI0BaTEIbHO
range(é;) < z"** — Zl-mi" (24)

['pannuHble 3HAUYEHUS] SYEEK MOXKHO HAWUTH, UCHOJIb3YS CHUMIUIEKC METOJ JIs
MHUHHUMH3AIUA/MaKCUMH3AIIMH COOTBETCTBYIOIIMX siueek mpu ycioBuu (5) u (17).

MeTto, onMcaHHBIN BBIIIE, XOPOIIO MPHUCIIOCOOJICH K MapajlieIbHOMY BhIUUCIEHUIO. J{7st
Toro 4roos! yckoputb MCMC pacuer OblI peain30BaH Ha MHOT'OIIPOLIECCOPHOM TpadruecKoM
saape, npu nomorm TexHoiormn CUDA. Jlng Toro 4droObl mMOKa3aTh MPEUMYIIECTBO
MOAU(PUIIMPOBAHHOTO QJITOPUTMA TPUBEIACHO CpPaBHEHHWE BPEMEHH HEOOXOIUMOTO YTOOBI
00HOBHUTH Bce (4761-N) KOHCTAaHT, peajM30BaHHBIX C TIOMOIIBIO PA3JIMYHBIX AITOPUTMOB H

MPOrPaMMHBIX 00ECTICUCHUH.

Tabauna 1. CpaBHeHue BpeMeHH He00X0IMMOro JJsl 0JHOr0 MPOTrOHA BCeX KOHCTAHT.

Onepauuit Onepauuii
Ne | Peanusauua | Anroputm Bpemsa CNOXEHUN U CpaBHeHwuii
YMHOKeHU1
b6onee
1 |R MCMC (4761-N)%+69°>2e7 4830
20 muH
2 |R MCMC moanduumposaHHbii | ~0.1c 70+N < 364 70+N <364
3 | CUDA MCMC moanduumpoBaHHbii | ~ 7e-3 ¢ 70+N < 364 70+N < 364

Experimental updating and disaggregation of 10 tables for
Russia

Updating 2003 10 table for Russia (OKONH) up to 2010

In this part of the work we illustrate an application of the proposed method to real data.
There are available official Russian publications of IO accounts for the period from 1995 to
2003. These accounts used the All-Union Classifier of Economy Branches (OKONH). At
different years Rosstat published IO accounts for different number of industries and the longest

period of the consistent symmetric IO tables with 22 industries is the period from 1998 to 2003.



In our empirical implication we use symmetric 1O tables at basic prices from 1998 to
2002 for the estimation of IO matrix coefficients of 2003. We assume that we know only vectors
of total outputs and intermediate demand. Value added we also treat as unknown and estimate
corresponding coefficients of IO matrix. We apply the same procedure for estimation as in the
Monte Carlo experiments: we assume independent truncated normal distributions for each 10
coefficient and use coefficients of 2003 IO table as prior mean. To specify standard deviations in
prior distribution we estimate standard deviation for each coefficient on the period from 1998 to
2002. To compute posterior distribution of coefficients we apply Markov chain Monte Carlo
(MCMC) method with one chain and sampled length of 300 000 simulation.

Figure 4 in appendix shows scatter plot of the posterior mean of the estimated
coefficients in comparison to the true values. All points are concentrated around the solid line at
45 degrees and estimates are close enough to the true values. We also compare the performance
of the Bayesian method to the RAS and the cross-entropy methods as in the Monte Carlo

experiments. Table 2 shows closeness statistics of the three methods.

Table 3. Results of updating 2003 10 table.

RMSE MAE MAPE RMSPE
Bayes 0.0074 0.0029 0.1844 0.4502
RAS 0.0067 0.0026 0.1728 0.4604
Entropy 0.0065 0.0026 0.1797 0.4552

where RMSPE is root mean square percentage error:

N2
RMSPE = 1/(m*n)2j’12’;1(u] (16)
B B a

if
The main idea of computing the additional closeness statistic is that estimated standard
deviations are approximately proportional to the coefficients values. And all other things being
equal, Bayesian method should outperform the other methods according to this statistic because
of the corresponding specification of the prior distribution. Nevertheless Bayesian estimate
demonstrates the poorest results according the other measures of fit. But this result is not
surprising because only the 1995 IO accounts were constructed on the basis of the detailed

survey method. The other 10 accounts based on nonsurvey methods.

Disaggregation of 15 to 69 industries (OKVED) for 2005

3amaua ge3arrperanuy MpOBOAWIACH JIJISl TaOJWIIBI MCIIOIB30BAHKS TOBAPOB M YCIYT B

neHax mnokymnarened B 2006 T. DKCHEPUMEHT SBJISIETCA AHAJOTMYHBIM IPOBEICHHOMY Ha




CMOJICIUPOBAHHBIX JaHHBIX (cM. Tabn 2, 4). Pe3ynprarhl SKCIEpUMEHTa NPEICTaBICHBI B
tabnuie Table 5. CTOUT OTMETUTH, YTO KAYECTBO OIEHKH CHIBLHO CHU3UJIOCH, TIO CPABHEHHIO C
OIICHKOW W3BECTHOM MATpUIlel, a HeoOXxoaumbiil thin yBemmumics. Tak mpu thin 5000
MakCUMaJlbHBIA KO3 uirientT aBTokoppensuuu paBeH 0.996, a mpu thin 5e4 npoucxoaut
cHIKeHHe Koa(dunmenTa apTokoppesuu 10 0.9689.

CpaBHeHHE TUIOTHOCTH pactpeeneHus Kod(hGUIIMEeHTOB aBTOKOPPEISAIIUN MIPEICTABICHO
Ha pucyHke Figure 3. IIpu arom tonbko 10% mnokasareneil aBTokoppesauuu ais thin 5000
npesbimatoT 0.43, u 5% noxkaszarens 0.15 npu thin Se4. Ecnu yyecTb 4TO B COOTBETCTBHUU CO
CTAaTUCTUKOM CXOIOUMOCTH II€IEH, YHCIO HE COLIEOIINXCA sS4YeeK cocTaBiageT 87% A
oraenbHoM nenu. Ilpu stom it 99.6% sueek cymiecTByeT comieamasics nenb. Cremyer
0XKHMJIaTh, YTO MPU JaJIbHEHIIEM, 3HaYUTEILHOM YBEJIMUEHUU 4Yucia uTepauuil u thin kauectBo

OLICHKH YITYYIIUTCS.

Updating of 15 to 69 industries (OKVED) up to 2012

CGE application of stochastic SAM

Conclusions
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Appendix

Table 4. [lapaMeTpsI H pe3yJILTAThI OIEHKH H3BECTHOI MAaTPHIbI.

Name Value
iteration 4eb
thin 2000
burn 1E5
success Geweke, % 94%
max ACF .032
RMSE 1.58e-3
MAE 6.13e-3
MAPE 3.49¢e0




Figure 1. Pacnpez[eneﬂne fA4YeeK CO CTAaHAAPTHBIM /10B€PUTEC/IBHLIM MHTEPBAJIOM, CHHUII — HCTUHHOE
3HAYECHUE B TOBEPUTECJIBLHOM HHTEpBaJe, 3eJIeHblii — HMCTHHHOE 3HauyeHHe nmpasee J0BEPUTEIBHOIO
HHTepBaJja, KpaCHblﬁ — HUCTUHHOE€ 3JHAYCHHUE JIeBEC JOBCPUTECJIBbHOI0 HHTEpPBAaJa.



Figure 2. PacnipenesieHue siueek ¢ N3MEeHEHHBIM JOBEPUTEIbHBIM HHTEPBAJIOM (OA00PAHHBINA TAK YTOObI
MMHMMHU3HPOBATH INMPHHY J0BEPUTEIbHOI0 HHTEPBAJa), CHHUI — HCTHHHOE 3HAYeHHe B J0BEePUTEIbHOM
HHTepBaJle, 3eJIeHblil — NCTHHHOE 3HAYeHHe NTpaBee 10BePUTE]bHOI0 HHTePBaJia, KPACHbI — MCTHHHOE

3HAYCHHUE JIeBEe JOBCPUTECJIBbHOI0 UHTEpBaJa.

Table 5. [lapameTpsbl U pe3yJbTaThl OLIEHKH U3BECTHOH MaTPHIIbI.

Name Value
iteration 4eb
thin 5000
burn le5
success Geweke, % 87.8%
max ACF 0.996
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Figure 4. IlpuMmep comeqmuxcs uenei aas siueiikn 1x7.
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Figure 5. IlpuMep He comeqmmuxcsi neneii ais ssueiiku 1x9.



