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Abstract

This paper presents an gpproach to reconciling household surveys and nationa
accounts data that starts from the assumption that the macro data represent control totalsto
which the household data must be reconciled, but the macro aggregates may be measured
with error. The economic data gathered in the household survey are assumed to be accurate,
or have been adjusted to be accurate. Given these assumptions, the problem is how to use
the additional information provided by the nationa accounts data to re-estimate the
household weights used in the survey so that the survey results are consstent with the
aggregate data, while amultaneoudy estimating the errorsin the aggregates. The estimation
approach represents an efficient “information processing rul€’” using an estimation criterion
based on an entropy measure of information. The survey household weights are trested as a
prior. New weights are estimated that are close to the prior using a cross-entropy metric and
that are dso condgtent with the additional information. This gpproach isimplemented to
reconcile household survey data and macro data for Madagascar. The resultsindicate that
the approach is powerful and flexible, supporting the efficient use of information from a
variety of sourcesto reconcile data at different levels of aggregation in a consstent
framework.
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I ntroduction

Reconciling household survey data and nationd accounts detaiis awell-known
problem. Computing macro aggregates from household survey data by multiplying household
production, income, consumption, and/or savings by the household sample weights and
summing virtualy never matches published nationd accounts data, even though the sample
weights are designed to represent the nationd population. Many reasons are offered to
explain this mismatch. On the household survey side, there may be sampling errors due to
inadequate survey design and/or measurement errors because it is difficult to get accurate
responses from households concerning economic variables. On the nationa accounts Sde,
while supply-side information on output and income for some sectorsis based on high-quality
survey or census data for agriculture and industry, informeation for subsstence farmers and

informa producers is harder to obtain and usudly of lower qudlity.

For many purposes, it isimportant to be able to reconcile household surveys and
nationa accounts data. Policy implications drawn from analysis of household surveys may
wd| give mideading implications about aggregate costs of agiven policy initigtive if the survey
results do not accuratdy “blow up” to nationa aggregates. Similarly, it is often desrable to
dissagregate the nationa data to incorporate greater sectoral, regiond, or household detall
(Tongeren, 1986). The god isto use household survey data to provide the basisfor such
disaggregation, usudly in the framework of a socid accounting matrix (SAM), which
provides a congstent accounting system for reconciling nationd, regiond, and household
accounts. Findly, thereisastrand of work using household survey datato provide the
foundation for microsmulation models that specify the behavior of each household and
amulate their interactions across markets. If such models are to provide an adequate
framework for policy andyds, it would be ... helpful if the national accounts aggregetes are
congstent with the microsmulations’ (Pyait, 1991).



In this paper, we present an gpproach to reconciling household surveys and nationa
accounts data that starts from the assumption that the macro data represent control totals to
which the household data must be reconciled. We will aso assume that the economic data
gathered in the survey are accurate, or have been adjusted to be accurate. The first
assumption will then be relaxed, and an "errors in aggregates’ version of the problem will be
presented as well.! Given these assumptions, the problem is how to use the additional
information provided by the nationa accounts data to re-estimate the household weights used
in the survey so that the survey results are consstent with the aggregate data, while
smultaneoudy estimating the errors in the aggregates. The gpproach we take represents an
efficient “information processing rule’ that uses an estimation criterion based on an entropy
measure of information. The resultsindicate that the gpproach is powerful and flexible,
supporting the efficient use of information from avariety of sources to reconcile data at

different levels of aggregetion in a consstent framework.

The next section presents the background and a mathematica description of the
estimation problem, while the following section present an application to the case of
Madagascar.

I nformation Theory and Parameter Estimation

The gtarting point for the estimation approach isinformation theory as devel oped by
Shannon (1948) and applied to problems of estimation and Satistica inference by Jaynes
(1957). The philosophy underlying this approach isto use all, and only, the information
available for the estimation problem at hand. Our god isto estimate a set of households
urvey weights congstent with extraneous supply-sde information in the form of nationa

accounts data. Two types of information are available for our purpose. First, sample design

! See Golan, Judge, and Miller (1996) and Robinson, Cattaneo, and El-Said (2001) for “errorsin variables’
and “errorsin equations” applications of the cross entropy estimation approach.



isamgor effort in any household survey and the estimated household weights resulting from
this effort embody alot of demographic information. These weights should provide a garting
point for any estimation procedure. In our gpproach, we use these weights as a“prior” and
estimate new coefficients that are “close’ to the prior but are consstent with other
information. The second type of information comes from two sources. the results of the
household survey and independently generated data from other sources such as the nationa
accounts and/or other surveys. This second type of information can be expressed in the form
of known weighted averages or “moments’ of the distribution of observed variables across
the households in the sample.

The estimation problem can be restated as follows: Estimate a set of sampling
probabilities (household survey weights) that are close to aknown prior and that satisfy
various known moment congtraints. Consder a sample survey of K households with prior
survey probabilities p, which resultsin avector x, of observed characteristics for each
household such as household size, total household income, income by source, consumption,
and so forth. In addition, from other sources, we have information about aggregations or
weighted averages of some of the household information. The estimation procedure isto
minimize the Kullback-L eibler cross-entropy measure of the distance between the new
estimated probabilities and the prior. Following the notation of Golan, Judge, and Miller
(1996), the estimation procedure is:

Min a P ingPx 2 D

k=1 pkﬂ

subject to moment congstency congraints
K
apfl)=y.  th[L..T] %)
k=1
and the adding- up normalization congraint

P =1 €)
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where { Vis Yo reen yT} is an observed set of data (e.g. averages or aggregates) that is
required to be congstent with the distribution of probabilities or sample frequencies (weights)
{p,, P+, P« }. Thefunction f, represents ageneral aggregator of within-household
variables. In our case, the function smply picks out a particular variable and we could have
replaced it with the observations x; . K isusudly very large, in the thousands, while T is
amdll, representing a few macroeconomic and demographic adding-up congraints. In terms
of classca datidtica parameter estimation, the problem is undetermined or “ill posed”. There
are not enough degrees of freedom to support estimation. The cross entropy approach uses
al avalable information, including prior parameter estimates, and supports esimation even in

a"“data sparse’ environment.

The use of the cross-entropy measure in the estimation criterion has been judtified on
the bad's of axiomatic arguments concerning its desirability both as a measure of
“information” and as a criterion for inference.? There are dose links between the minimum
cross-entropy criterion and maximum likelihood estimators, but the cross-entropy criterion
requires fewer gatistica assumptionsin that its gpplication does not require specification of
an explidit likdihood function.® In our case, this sparseness in assumptionsis desirable since

we have no knowledge about the form of any underlying probability distributions.

The probability weights are estimated by minimizing the Lagrangian:

c|>< 0 J e oK o} <|>< 0
L=a P« Inaq%i'"a |t§yt' a pkft(xk)++mgl' a P+ (4)
k=1 Pkg t=1 € k=1 g € k1 @
Thefirg-order conditions are;
T
M hp -mp, +1-A 1,5, (x)- m=0, ki [L...K] (5)
ﬂpk t=1
L & R
= =y -4 pf.(x)=0, t [1,...,7] (6)
T” t k=1

2 See Kapur and Kesavan (1992) and Golan, Judge, and Miller (1996).



L 3
L =0 7
1 ka:.l Py (7

The solution can be written as;

~ Py ég ~ U N
=2 eped I f, (% ), ki [1...K 8
Py \N(Il,lz, '1IT) pga:l (Xk)H [ ] (8)
where
~\ & Ad ~ ¥
Wi )=8 P I 1. (x )i ©)
k=1 =1 u

is defined as the “ partition function” and ensures that the estimated probabilities sum to one.

The solution equation (8) shows how estimated weights depend on prior weights and
condraints. If dl the congtraints were not binding, then al the lambdas would be zero, and
the estimated weights would be equd to their prior (Snce the sum of the py isequd to one).
In this Stuation, the moment congtraints add no information to the estimation problem. If
congraints are binding, then the estimated weights depend on the prior, the vaue of the
lambdas, and the vaue of the variables f(x,) associated with the congtraints.

We now generdize our approach to the case where macro aggregates are not exact
but are measured with error. We start by assuming that we have some knowledge about the
standard error (perhaps due to measurement error), which we treat as a Bayesian prior, not

amaintained hypothesis. The estimated error is specified as aweighted sum of dementsin an

error support set:
e =a w,v, (10)
|
where g = error vaue
w, = error weights estimated in the CE procedure
V,,  =eror support set

% See Golan and Judge (1998) and ZelIner (1990).



The set | defines the dimension of the support set for the error distribution and the

number of weights that must be estimated for each error. The prior variance of these errorsis

given by:
S*=4 W, (11)
|

where W, = prior weights on the error support set

Sating with aprior s , Golan, Judge, and Miller (1996) suggest picking the v's to
define adomain for the support set of + 3 standard errors. In this case, the prior on the

weights, W, are then calculated to yield a consstent prior on the stlandard error, s .

With errors in aggregates, the congraints of the problem are
a pf (%)= v +a Wy, th [L... 7] and 17 [1,.., L] (12)
k |

and additiona adding-up congraints on the error weights
aw, =1 th [1,...,T] (13)
|

The maximand will now include anew term in the error weights:
aw In?—“@
t,l ’I V_tha

First order conditions need to be rewritten to take into account these changes.

Vaues of the support set V;, aso need to be specified. This identification depends on the

(14)

domain of the support set and the assumed prior digtribution of errors. Assuming a prior
digtribution with zero mean and a standard error equa to s , we used a support set with five
termsequd to (- 3s, - s,0,s, 35) . Assuming normdlity of the prior distribution, the prior



vaues of the weights can be computed given only knowledge of the prior mean and standard

error.?

The egtimation problem has no closed-form solution, so we must solve it numericaly.
Unlike the standard linear regression moded, where the solution requires only information
about various moments of the data (variance and covariance matrices), the estimation
problem here uses al the data. The solution can be seen in a Bayesian perspective, athough
thereis no explicit likelihood function. The estimation procedure “adjusts’ the prior
probabilities usng the new information to generate posterior estimates. ZeIner (1988) cdls
this procedure an efficient “information processng rule’ in thet it uses dl the information

available but does not introduce any assumptions about information we do not have.

Reconciling LSM S Survey Data and Macr o Data for M adagascar

To illudtrate the cross entropy method, we apply it to reconcile household and macro
data for Madagascar. The household data come from a“ Living Standards Measurement
Survey” (LSMS) for Madagascar called EPM 93 (Enquéte Permanente aupres des
Ménages). The macro aggregates come from a socid accounting matrix (SAM). The
resulting reweighted sampleisto be used as the sarting point of a microsmulation mode
(Cogneau and Rohilliard, 1999).

Data Sources

The EPM survey for the year 1993 isaL SMS survey on 4,508 households which
was implemented for the Mdagasy state by the INSTAT (Ingtitut Nationd de la Statistique)
under the supervision of the PNUD and the World Bank (INSTAT, 1993). It includes a

4 We start with a known mean and variance, and also that the value of kurtosis for the normal distribution
isafunction of the variance. See Appendix A for the details of the computation.



large number of variables. We focus on data concerning demographic composition of the
family, employment, time use, agriculturd factors of production, activities, expenditures,

informa income sources, transfers, and others types of income.

Income sources are aggregated into four types: agricultura, informd, formd, and
others. Agricultural income includes income from production of crops (both sold and/or
home- consumed), income from livestock (computed as a fixed share of totd livestock value
plusincome derived from sold and/or home-consumed animd products) and income from
sharecropping. Informa income is derived from both informa wage labor and sdif-
employment in non-agriculturd activities. Forma income is derived from forma wage labor
and forma capital income for stockholders. Other sources of income include transfers, either
from the government or from other households. For households owning their house, rents are
imputed on the basis of a predicted rent derived from aregression of rents paid by tenant
households over housing characteristics. Some of these characteristics are al'so used to

determine whether imputed rents are to be consdered forma or informal income.

Adjusting Income Data

In our sample, 50 percent of dl households report an income lower than their
expenditures. This discrepancy can be explained by over reporting of expenditures, under
reporting of income, and/or trangitory low income due to some temporary shock such asloss
of employment or a crop fallure. We assume that expenditure data are accurate and focus on
the income data. Firgt, adjustments are made for specific types of income. Sharecropping
incomeis assumed to be under reported by dl landlords and is inflated to meet the
aggregated value of payments made by sharecroppers. For stockholders, forma capita
incomeis adjusted to reproduce the structure of forma income derived form the Nationd
Accounts, given labor income derived from forma wage labor. Since these adjusments
appear not to be sufficient to fill the gap between income and expenditures, the permanent



income approach has been used for those househol ds whose income are less than
expenditures. The assumption made is that the gap is due to trangitory low income and that
consumption smoothing (through dissaving and/or borrowing) will alow these households to
meet their expenditures. All sources of income are adjusted accordingly. Findly, sncethe
data were collected in 1993, and we need to reconcile them with aggregated income data for
1995, an inflation rate of 207 percent corresponding to the rise in the Consumer Price Index
between 1993 and 1995, was gpplied uniformly to al incomes and expenditures, dthough
one can arguably point out that inflation rates differ between regions. Again, this choiceis
made by default, because of lack of data. Finally, households with no expenditures or no
income, or declaring incomes “too high”, are discarded and the fina sample has 4,458
households.

The SAM for 1995 isasocia accounting matrix with 28 sectors congtructed to
support computable generd equilibrium (CGE) modeling (Razafindrakoto and Roubaud,
1997). For our purpose, we use an aggregated version of the SAM with only three sectors
corresponding to the three sources of income used to summarize household income
information (agriculturd, informa, and forma). The main information used is the Sructure of
vaue added actudly paid to households. Thisincludes labor and capita vaue-added. For
the agricultural and the informal sectors, the amount of value added paid to labor, capitd,
and land appearing in the SAM corresponds to what households actudly earn. Concerning
the forma sector, dl labor value added goes to households but non-distributed profits are
not taken into account when matching micro and macro data as they are not counted as part
of incomein the household survey.

The comparison of the information derived from the two sources revedstwo main
differences (Table 1). Firg, the weighted sum of household incomes fdls short by 15.2
percent compared to the SAM figure. Second, the share of informa income in total income



appears overestimated in the household survey compared to the SAM, at the expense of the
share of informal income, both from labor and capitd.

Extraneous information on population growth as well asits ditribution between rura
and urban areas has been used to recover demographic figures cons stent with the year
1995. It is known from other sources that the annud rate of population growth is2.9
percent. We assumed that this growth did not change the mean size of households, so that
the number of households grows at the same rate as population. Concerning population
distribution between rurd and urban areas, we assumed that the share of population living in

rura areasis 75 percent.

Estimating Household Weights

The estimation procedure is implemented with the GAM S software (Brooke,
Kendrick, and Meeraus, 1988), usng amixed complementarity formulation (Rutherford,
1995 and Dirkse and Ferris, 1995). The input information is, on the micro side, household
characteristics such as size, mean age, gender composition, area (urbarv/rurd), total income,
and shares of agriculturd income, informa income, forma labor income, formd capita
income, and share of other sources of income. The survey weights used as priors are dso
included in the micro database. On the macro sde, information is scarce given the sylized
gtructure of the SAM and congsts of the structure of income derived from the SAM 95,
population sze, and number of householdsin 1995 (derived from 1993 given population
growth). Macro and demographic information are introduced as a set of moment congraints,
following the mathematica description of the estimation procedure.

Using the MCP formulation requires writing the first order conditions of the

optimization problem, yielding a square equation system that explicitly includes shadow-price
variables and complementary dackness conditions. The resulting problem isrelatively large,

10



with more than 4,500 equations and variables. The results using this gpproach are identicd to
those from a classic optimization formulation. The MCP gpproach, however, performs much
better than a nonlinear programming agorithm.®

Results

Different strategies have been followed in order to reconcile aggregated household
income derived from the EPM 93 and income derived from the SAM 95. We start by
assuming that dl household incomes are underestimated uniformly which is reasonable given
the high inflation rate in that period, and adjust dl households incomes by 15.2 percent prior
to running the procedure. The estimation procedure then “works’ to estimate weights

congstent with the income structure derived from the SAM 95.

Three amulations are presented. While the first two Smulations assume perfect
information on aggregete vaues, the third takes into account "errorsin aggregates’ (EIA).
Two sets of condraints are used for household incomes. The first set contains only first order
moments congtraints for both rural and urban areamean per capitaincome (FOM), while the
second includes second order moments aswell for both areas (SOM) °. Results show that
inclusion of the second order moments leads to results that are more satisfactory in terms of

income digtribution.

In terms of the digtribution of weights, Table 2 shows that the results do not appear
dramaticdly different from the prior. The mean weight increases by 6.6 percent as aresult of
population growth (the underlying assumption being that household size remains congant),

® A closely-related solution approach is to derive the dual programming problem, which is
straightforward when the constraints are all linear, and solve it using a standard NL P algorithm. Golan,
Judge, and Miller (1996) report success with this method. The approach is similar to the MCP approach
in that both take advantage of the fact that there are far fewer shadow pricesin the dual than
endogenous variablesin the primal.

® Since the survey design is characterized by sample stratification, moment constraints on income are
applied for each stratum (urban and rural areas) independently and not over the whole sample.
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while the standard deviation from the mean increases by 6.4 to 13.0 percent. The more
ggnificant result is that some weights drop to zero, essentialy dropping those households

from the sample’. As aresult, the new samples are smaller.

Concerning the macro and demographic congraints, results in Table 3 show that the
estimation procedure achieves consistency with macro and demographic aggregates. Other
demographic indicators are presented to control whether the new samples have been
distorted. The estimation procedure appears to leave both the gender balance and the
average age unchanged. This demographic information could have been used as congraints
had the results changed these balances too much but sinceiit is not required, we preferred to

keep the problem as smal as possible.

Findly, we are concerned about the impact of the procedure on measured income
digtribution. Results in terms of income shares per quintile (Table 4) show that rdative
income digtribution does not change dramaticaly in the first reweighted sample. However,
Gini and Thell indexes (Tables 5 and 6, column FOM) show more sengitivity to the
reweghing procedures. This led usto introduce higher order moment congtraints on income.
Theresult isactudly a*“tighter” income digtribution in the SOM smulation but the
introduction of errorsin aggregates does not change the resultsin terms of income
digtribution. The decomposition of the Gini index in Table 5 shows how different income
sources and their distribution are affected by the reweighting procedures’. In the prior
sample, agriculturd, informa, and forma contribute in increasing order both to income
gpecific Gini indexes and to totd inequdity. The relative contributions appear to differ
ggnificatively in the reweghted samples, especidly for informa income.

" Dropped households are characterized by high shares of informal and exogenous income, aswell as
high total incomes compared to the rest the sample.

8 The decomposition of income inequality by source of income allows measurement of the contribution
of the different sources of income to overall income inequality and can be used to determine whether any
particular source of income contributesto increase or decrease income inequality (Sadoulet and De
Janvry, 1995).

12



Wefindly present lambda values associated with constraints imposed on the
problem. The bigger the absolute vaue, the more binding is the congiraint. In generd, big
lambda vaues point out to congtraints that should be looked at more carefully. In our case,
the income aggregation congtraint gppears to be the most important (Table 7). Note that dl
the lambdas decrease with the introduction of errors in aggregates, since this specification

“loosens up” dl the congtraints (see Table 3).
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Conclusion

The cross entropy estimation gpproach presented in this paper provides an effective
and flexible procedure for reconciling micro data derived from ahousehold survey with
macro data derived from a Socia Accounting Matrix or nationa accounts. While the method
auffices for our main objective (reconciling data from macro and micro sources), it can
certainly be improved by adding more information. The flexibility of the method dlows
adding information derived from many different types of sources.

While this procedure has been developed to support microsimulation modeling, other
gpplications can be considered. For example, reconciling household and production surveys
with information gathered at the regiond level in an economy can provide an efficient
gpproach to estimating a SAM with extensive regiond and household dissagregation.

Possible extensions of the procedure in the context of household surveys include
smultaneous estimation of household relationships, use of other data, and specifying “errors
invariables’ to incorporate survey data errors. Such extensions have been used in other

contexts, and do consderably increase the size of the estimation problem.
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Table 1: Comparing Information derived from Micro and M acro Sour ces

EPM 93(1) SAM 95(2)

Total Household Income (millions of 95 Franc Malagasy) 9,348 11,400
Mean Per Capita lncome (thousands of 95 Franc Malagasy) 751 866
Shares of total income (percent)

Agricultural Income A7 36.3

Informal Income 305 174

Formal Labor Income 123 194

Formal Capita Income 131 225

Exogenous Income 94 44
(1) After all adjustments described in text.
(2) Razafindrakoto and Roubaud (1997).
Table2: New Weights Distribution

Prior FOM SOM EIA
Mean Weight 557.0 593.7 593.7 593.7
Standard Deviation 365.7 407.2 4133 389.0
Maximum Weight 1,901 3668 4061 4008
Minimum Weight 114 0 0 0
Number of zero weights 0 165 163 0
FOM: First Order Moments ; SOM: Second Order Moments ; EIA: Errorsin Aggregates
Table 3: Selected Aggregate Results
Adjusted Prior FOM SOM EIA

Total Number of Households ('000)* 2,649 2,649 2,649 2,649
Tota Population ('000)* 13,059 13,059 13,059 13,037
Total Income (millions of 95 FMG)* 11,315 11,315 11,315 11,509
Mean Per Capita lncome (‘000 of 95 FMG)* 866 866 866 883
Share Rural Population (%)* 82.8 75.2 75.2 76.2
Share Males (%) 495 498 497 496
Mean Age (years) 215 214 214 215

* used as constraints in the program
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Table4: Incomedistribution

Prior FOM SOM EIA
Income Share of the 10% poorest 17 17 17 16
Income Share of the 20% poorest 46 45 44 44
Income Share of the 40% poorest 12.7 124 123 123
Income Share of the 10% richest 432 456 455 45.7
Table5: Contribution of different income sour cesto inequality

Prior FOM SOM EIA
Overal Gini Index 537 54.8 545 54.8
Gini Index for Agricultural Income 62.0 63.8 64.8 64.7
Share of Agricultural Income (%) 334 35.0 354 344
Contribution to Overall Gini (%) 205 226 237 225
Gini Index for Informa Income 729 65.9 65.8 66.0
Share of Informal Income (%) 304 182 183 179
Contribution to Overall Gini (%) 30.1 109 109 10.7
Gini Index for Formal Income 86.1 874 86.8 86.1
Share of Formal Income (%) 36.1 46.8 46.3 417
Contribution to Overall Gini (%) 494 66.6 65.4 66.8
Table 6: Decomposition of the Theil index

Prior FOM SOM EIA
Theil Index 63.8 718 694 69.5

- between 78 88 6.9 7.7
- within 56.0 631 62.5 61.9

Theil Index for Urban Area 69.1 824 773 770
Theil Index for Rural Area 495 478 51.9 51.0
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Table7: Lambda Valuesfor Constraints

FOM SOM EIA
Total population 0.08 0.08 0.03
Total income -1.98 -1.99 -0.36
Agricultural income share 0.75 0.73 014
Informal income share 0.19 0.19 -0.01
Formal labor income share 040 040 0.08
Formal capital income share 045 0.45 0.08
Share rural population -0.62 -0.63 -0.27
Total rural income (second moment of log) 0.00 0.02 0.00
Total urban income (second moment of log) 0.00 0.00 0.00

Notes: i) since al the constraints have been normalized to one, lambda values are comparable; ii) zero

means | ess than 107,
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Appendix A: Case of afive-weight error distribution

For the case of five-parameter error didribution, there are five weights, W, to be
estimated—the set | condgts of five dements. That is we are incorporating more information
about and error digtribution; more moments, including the variance, skewness, and kurtosis.
Assuming a prior mean of zero and a prior vaue of kurtoss consstent with a prior norma
digtribution with mean zero, variance s ?, and kurtosis equa to 3s “. In this case, the prior
weights, W, are specified so that:

The prior weights and support set are lso symmetric, so the prior on al odd moments
is zero. The choice of +1 standard error for v, and V,, is arhitrary and the actua

moments are estimated as part of the estimation procedure. in this case we get:

Vi, =-3s
V,=-s
V.= 0
Vi,=1s
Vs =3
Since
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Appendix B: GAM S code

What followsisaliging of the GAMS program used to implement the cross entropy
estimation gpproach. A quick list of some GAMSfeatures are listed below:
- Five principd sdf-explanatory keywords define the nature of the dements
declared: “SETS’, “PARAMETERS’, “VARIABLES’, “EQUATION", “MODEL";
- Four suffixes can be linked to varidbles
“.FX’ indicates afixed variables (treated as a constant),
“.L” indicates the level or solution value of avariable,
“.LO” and “.UP’ indicate the lower and upper bounds of avariable;
- the symbol “$” introduces a conditionad statement;
- an agterisk in the firgt column indicates a comment;
- an“ALIAS’ satement is used to give another name to a previoudy
declared set;
- the “$Hibinclude xlimport” statement is used to import data from an Excel
file
- the “$libinclude xlexport” statement is used to export datato an Excd file,

For additiona information about the GAMS syntax, see Brooke, Kendrick, and
Meeraus (1988).
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$TI TLE M CVAC Esti mate househol d popul ati on wei ghts using survey
information

Programmed by: Anne-Sophie Robilliard
Sher man Robi nson

a.s.robilliard@giar.org
s. robi nson@gi ar. r og

*
*
* Trade and Macroecononi cs Division

* International Food Policy Research Institute (IFPRI)
* 2033 K St., NW

* Washi ngt on, DC 20006

*

April 2000

$OFFSYMLI ST OFFSYMXREF OFFUPPER
*OFFLI STI NG

sets
k Househol ds / h1*h4458/

t Morment constraints on househol d wei ghts /cl*c13/

| Set for errors in aggregates /11*15/

var /
id
ml
taille
sexe
age
sup
dept ot
poi dsO
poi dsl
revtotO
revtot2
revtot3
shagr
shcvg
shi nf
shf or
shdi v
shexo
!

al i as(k, kp);
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paranet er mi cdat (k, var)

$l i bi nclude xlinport mcdat micdat.xls Al..S4459
*$i ncl ude nicdat.inc

di spl ay m cdat

scal ars

popgrw popul ation growth rate

*as recovering weights and popul ation for di scarded observations

/1.029/

118917/

di schh nunber of di scarded househol ds
di scpop nunber of discarded inhabitants /92573/
Par anet er s
hhmi | (k)
hhsi ze(k)
hhwei ght (k)
hhi nc(k)

hhi ncagr (k)
hhi nccvg(k)
hhi nci nf (k)
hhi ncf or (k)
hhi ncdi v(k)
NHHTOTO
POPTOTO

| NCTOTO

| NCTOT95

| NCAGR95

| NCCV@@5

I NCI NF95

| NCFOR95

| NCDI V95
NHHTOT95
POPTOT95
delta

adj facl

1

par amet er
/

AGR95
CV®X5
I NF95
FOR95
DI V95

363
190
174
194
225

eocooo



/;
I NCTOT95

I NCAGR95
I NCCV@E5
I NCI NF95
I NCFOR95
I NCDI V95

hhmi | (k)
hhwei ght (k)
hhsi ze(k)
hhi nc(k)

NHHTOTO
POPTOTO
I NCTOTO

NHHTOT95
POPTOT95

*ASR honot heti ¢

adj facl

di spl ay adjfaci;

hhi nc(k)

hhi ncagr (k)
hhi ncagr (k)
hhi nci nf (k)
hhi ncf or (k)
hhi ncdi v(k)

hhi nccvg(k)
delta

di spl ay
NHHTOTO
POPTOTO
I NCTOTO
| NCTOT95
| NCAGR95
| NCCV@5
I NCI NF95

11. 315*1e9;

sh(' AGRO5' ) *| NCTOT95;
sh(' CVGI5' ) *| NCAGRO5;
sh(' I NF95' ) *| NCTOT95;
sh(' FOR95' ) *| NCTOT95;
sh(' DI VO5' ) *| NCTOT95;

mcdat (k, 'ml");

m cdat (k, ' poi ds0');
mcdat (k,'taille');
m cdat (k, "revtot3');

sun(k, hhwei ght (k));
sum(k, hhsize(k)*hhwei ght (k));
sun(k, hhinc(k)*hhwei ght (k));

(NHHTOTO + di schh) *popgrw*2 ;
(POPTOTO + di scpop) *popgrw*2 ;

adj ust ment of nean income to natch macro aggregate
(NHHTOTO/ NHHTOT95) * (| NCTOT95/ | NCTOTO) ;

adj fac1*hhi nc(k);

hhi nc(k) *m cdat (k, ' shagr');

hhi nc(k) *m cdat (k, ' shagr');

hhi nc(k) *m cdat (k, ' shinf');

hhi nc(k) *m cdat (k, ' shfor');

hhi nc(k) *mi cdat (k, ' shdiv');

hhi ncagr (k) *ni cdat (k, ' shcvg');

le-5;
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| NCFOR95
I NCDI V95
NHHTOT95
POPTOT95

1

*ASR/ SR Defi ne noment constraints.
equals 1

Constraint zero is sumof weights

Par amet er XBAR(t, k) Househol d data

YO(t) Unscal ed Monent val ues
Y(t) Scal ed Monent val ues
PUNI ( k) Uni form Prior househol d wei ghts
PBAR( k) Prior househol d wei ghts
VBAR(t, |) Support set for errors in aggregates
W(t, 1) Prior weights for errors in aggregates
SI GVAY(t) Prior on standard error of aggregate error
al pha Wei ght of "errors in aggregates” in naxi mand
sigp Sum of Ps
sigw(t) Sunms of W;
$ont ext
*ASR/'SR Fill in data from households to define nonent constraints
* Constraint cO is the adding up to one constraint
XBAR("c0",k) =1 ;
YO("c0") =1;
$of f t ext
* Total popul ation
XBAR("cl1", k) = hhsize(k) ;
yo("c1") = SUM k, XBAR("c1", k)*hhwei ght (k))/SUM kp, hhwei ght (kp))
* Total incone
XBAR("c2", k) = hhinc(k) ;
y0("c2") = SUM k, XBAR("c2", k)*hhwei ght (k))/SUM kp, hhwei ght (kp))

1

* Agricultural inconme

XBAR("c3", k) = hhincagr(k) ;

y0("c3") = SUM k, XBAR("c3", k)*hhwei ght (k))/SUM kp, hhwei ght (kp))
* Informal income

XBAR("c4", k) = hhincinf(k) ;



y0("c4") = SUM k, XBAR("c4", k)*hhwei ght (k))/SUM kp, hhwei ght (kp))
* Formal [abor incone

XBAR("c5", k) = hhincfor(k) ;

y0("c5") = SUM k, XBAR("c5", k)*hhwei ght (k))/SUM kp, hhwei ght (kp))
* Fornmal capital incone

XBAR("c6", k) = hhincdiv(k) ;

y0("c6") = SUM k, XBAR("c6", k)*hhwei ght (k))/SUM kp, hhwei ght (kp))

* Cash crop incone

XBAR("c7", k) = hhinccvg(k);

yo("c7") = SUM k, XBAR("c7",k)*hhwei ght (k))/SUM kp,
hhwei ght (kp));

*ASR/ SR Share rural popul ation

XBAR("c8", k) = hhml(k);

y0("c8") = SUM k, XBAR("c8", k)*hhwei ght (k))/SUM kp,
hhwei ght (kp));

*ASR/ SR Tot al
* XBAR(" c9", k)

rural incone (first nmonent of
hhmi | (k) *1 og( hhi nc(k));

I og)

XBAR("c9",k) = hhm | (k)*hhinc(k);
y0("c9") = SUM k, XBAR("c9", k) *hhwei ght (k))
/ SUM kp, hhmi | (kp) *hhwei ght (kp));
* / SUM kp, hhni | (kp)*hhwei ght (kp) *hhsi ze(kp));
* / SUM kp, hhwei ght (kp));

*ASR/ SR Tot al
*XBAR( " ¢10", k)
XBAR("c10", k)

urban incone (first nonent of
(1-hhmil (k))*1 og(hhinc(k));
(1-hhmi | (k))*hhi nc(k);

I og)

y0("c10") SUM k, XBAR("c10", k) *hhwei ght (k))
/ SUM kp, (1-hhmi | (kp))*hhwei ght (kp));
* / SUM kp, (1-hhmnil (kp))*hhwei ght (kp)*hhsi ze(kp));
* / SUM kp, hhwei ght (kp));
*ASR/ SR Total rural incone (second nonent of |og)

XBAR(" 11", k)
yo("c11")

hhmi | (k) *1 og( hhi nc(k))**2;

SUM k, XBAR("c11", k) *hhwei ght (k))
/ SUM kp, hhmi | (kp)*hhwei ght (kp));
* / SUM kp, hhwei ght (kp));

*ASR/ SR Total urban inconme (second nonent of

I og)
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XBAR("c12", k) = (1-hhnmi | (k))*I og(hhi nc(k))**2;

y0("c12") SUM k, XBAR("c12", k) *hhwei ght (k))

/ SUM kp, (1-hhm | (kp))*hhweight (kp));
* / SUM kp, hhwei ght (kp));
display YO ;

paraneters shrur0, shrurl;

*shrur0 = sum(k, hhm | (k)*hhwei ght (k)*hhsize(k))/sun{kp,
hhwei ght (kp) *hhsi ze(kp));
shrur0 = sum(k, hhmi | (k)*hhwei ght (k))/sun(kp, hhwei ght (kp));
shrurl = 0.75;

*i nposi ng aggregate nonents

YO("c1") = POPTOT95/ NHHTOT95;
YO("c2") = | NCTOT95/ NHHTCOT95;
YO("c3") = | NCAGR95/ NHHTOT95;
YO("c4") = | NCl NF95/ NHHTCOT95;
YO("c5") = | NCFOR95/ NHHTOT95;
YO("c6") = | NCDI V95/ NHHTCOT95;
YO("c7") = | NCCV@5/ NHHTOT95;
YO("c8") = shrurl;

YO("c9") = YO("c9")*YO("c8");
YO("c10") = YO("c10")*(1-Y0("c8"));
YO("c11") = YO("c11")*YO("c8");
YO("c12") = YO("c12")*(1-Y0("c8"));

*as the overall to the wei ghted sum of the nean
rural income
* and the mean urban incone. nean incones fromdifferent origins need

to be

nmean incone is equal

* reinitialized once the urban and the rural shares as well as the
first

* and second nonents of rural and urban inconme are fixed

*YO("c3") = sh(' AGRO5' ) *(YO("c9")+YO("c10"));

*YO("c4") = sh(' INF95' ) *(YO("c9")+YO("cl1l0"));

*YO("c5") = sh(' FOR95' ) *(YO("c9")+YO("c10"));

*YO("c6") = sh(' DI V95" ) *(YO("c9")+YO("cl1l0"));

*YO("c7") = sh(' CV@&@5' ) *sh(' AGRI5" ) *(YO("c9")+YO("cl1l0"));

di splay YO ;

*Normal i ze noments to all equal one.
*Constraint "cO0" is already nornmalized.

XBAR(t, k) $YO(t) = XBAR(t,K)/YO(t) ;



Y(t) =1;
sigmay(t) = .15 ;

*ASR/SR Ratio urban to rural incone

y0("c13") = SUM k, hhwei ght (k) *hhmi | (k) *hhi nc(k))

/ SUM k, hhwei ght (k) *(1-hhmi | (k))*hhinc(k));
(hhmi | (k) -y0("c13")*(1-hhm | (k)))*hhinc(k);

XBAR(" 13", k)

display Y ;
SET
at (t) Active Monent constraints on househol d weights
/
* c0 Sumto one
cl Total popul ation
c2 Total incone
c3 Agricul tural incone
c4 I nformal incone
c5 Formal | abor income
c6 Formal capital income
* c7 Cash crop income
c8 Share rural popul ation
* c9 Rural incone (first nonent of |og)
* cl0 Urban incone (first noment of | og)
cl1 Rural incone (second nonent of |o0g)
cl2 Urban incone (second nonent of | og)
* cl3 Ratio rural to urban incone
/

*Define prior on household weights

PUNI ( k) = 1/ 4458;
PBAR( k) = hhwei ght (k) / SUM kp, hhwei ght (kp)):
* PBAR( k) = PUNI (K);

*Set errors in aggregates support set and share in maxi mand

* VBAR(t,'l1') = -1;

* VBAR(t,'l2") = 0;

* VBAR(t,'13') = 1;

$ont ext

*Set constants for three paraneter error distribution
VBAR(t,'11') = -3*sigmay(t);
VBAR(t,'12') = 0;
VBAR(t,'13") = +3*sigmay(t);
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wo(t,"11") =

wo(t,"12") =

wo(t,"13") =
$of f t ext

*Set constants

VBAR(t,' 1)
VBAR(t, ' 12')
VBAR(t,'13")
VBAR(t, ' 14")
VBAR(t,'|5')

Wt, 1)
GAMMVA( 1)
DENTROPY

P. L(k)
LAMBDA. L(at)
WL(at, 1)
GAMVA. L(at)
DENTROPY. L

EQUATI ONS
FOCP( k)
FOOW(t, 1)
MOVENT( t )
ADDP
ADDW(t)
ENTROPY

FOCP(K) . .

1/18 ;
16/ 18 ;
1/18 ;

for five parameter error distribution
-3*sigmay(t);
-1*si gmay(t);
0;
+1*si gmay(t);
+3*sigmay(t);

. 01389 ;
. 375 ;
. 22222
. 375 ;
. 01389 ;

Househol d popul ati on wei ghts

Lagrangi an nultiplier on sunm ng-up constraints
Lagrangi an nmultiplier on additivity constraint
Errors in aggregates weights

Lagrangi an nmultiplier on additivity constraint
Cross entropy m ni nand

PBAR(K) ;
1;
W(at,|);
1;
0.

First order condition wr.t P
First order condition wr.t W
Monent constraints

Additivity constraint for P
Additivity constraint for W
Entropy difference definition

(1-al pha)*( LOG (P(k)+delta)/ (PBAR(k)+delta))
+ P(k)*( PBAR(k) +del ta)/ (P(k) +del ta)
- sum(at, LAMBDA(at)* XBAR(at,k)) - MJ=G= 0 ;



FOCW at, 1) .. al pha*( LOG( (Wat,|)+delta)/ (W(at, |
+ Wat,|)*(W(at,|)+delta)/(

+ LAVBDA(at)* VBAR(at,l) - GAMVA(at)

MOMENT(at) . . sunm(k, P(k)*XBAR(at,k)) =E= y(at) +

Wat, | )*VBAR(at, 1)) ;

ADDP. . sum(k, P(k)) =E= sigp ;
ADDW( at ) . . sunm(l, Wat,l)) =E= sigwat) ;
ENTROPY. . DENTROPY

=E= (1-al pha) *sun(k,
P(k) * LOG( (P(k) +del t a)/ (PBAR(k) +del ta)))
+ al pha*sun((at, ),
Wat,|)*LOG((Wat,|)+delta)/(W(at,|)+delta))) ;

P. LO(K) =0;
WLO(at, ) =0 ;
*P. LO(K) = 100/ SUM kp, hhwei ght (kp)) ;
*P. UP( k) = 5000/ SUM kp, hhwei ght (kp)) ;

*paraneter checkMCF(at) ;
*checkMCF(at) = sun(k, XBAR(at,k)*P.up(k)) ;
*di spl ay checkMCF ;

OPTI ON LI MROW = 1000, LIMCOL = 0O, |ITERLIM = 100000,
OPTI ON SOLPRINT = ON ;
OPTI ON MCP = PATH ;

MODEL M CMVAC /
FOCP. P
FOOW W
MOVENT. LAVBDA
ADDP. MJ
ADDW GAMVA
ENTROPY. DENTROPY
/o

M CVAC. hol df i xed =1,

SET sim /

I'NI Initial

)+delta))
Wat,|)+delta) )
=G= 0 ;

sun(I,

RESLI M = 50000. 0
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ADJ Adj ust ed

oBJ bj ective

MCMACS Mn. cross-ent. s.t. 1st order nonents

M CVMAC7 Mn. cross-ent. s.t. 1st & 2nd order nonents
MCMACO Mn. cross-ent. s.t. 1st & 2nd order nobnents w.

errors in aggregates
/

display sim

par anet er s
res(k, *)
poi ds(k, *)
NE(sim) Nornmalized entropy for sanple weights only
macres(*, sim
hhwel f (k), MAELF, MAELFN, MAELFU, MAELFUN, MAELFR, MAELFRN, hhwuc(k),
hhwucn( k)
incres(*,sim
tabres(*,sim
shres(*,sim
zeros(k,sim
nzeros(sim
carzeros(*,sim
I bdres(t,sim
mures(sim
ganres(t,sim
wes(simt,I)
errors(t,sim
val ues)

errors in aggregates (precent deviation to target

poi ds(k,"id")
poids(k,"ini")
nzeros(sim

m cdat (k,"id");
PBAR( k) * NHHTOTO;
0$(ord(sim le 3);

LOOP(si n(ord(sim gt 3),

| F(ORD(si m) EQ 4,
at('cll")
at('cl2")
al pha
Wil (at,I)
si gp
sigw(at)
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| F(ORD(sim EQ 5, incres('MNCRUR ,"'ini') = sum(k, hhmi | (k) *hhwei ght (k) *hhi nc(k))
at('cll') = YES; [ sun{k, hhm | (k) *hhwei ght (k));
at('cl2') = YES; incres(' MNCURB','"ini') = sun(k, (1-hhni | (k))*hhwei ght (k) *hhi nc(k))
al pha = 0; [ sun(k, (1- hhm | (k) ) *hhwei ght (k));
Wl (at,l) = 0; incres(' MPCIRUR ,'ini') = sum(k, hhmi | (k) *hhwei ght (k) *hhi nc(k))
si gp = 1; / sun{k, hhm | (k) *hhwei ght (k) *hhsi ze(k));
sigwat) = 0; incres(' MPCIURB',"ini') = sun(k, (1-hhmi | (k))*hhwei ght (k) *hhi nc(k))
) / sum(k, (1- hhmi | (k))*hhwei ght (k) *hhsi ze(k));
incres(' THEIL',"ini") = 100* sum(k, hhwuc (k) *(hhwel f (k) / MAELF)
I F(ORD(sim EQ 6, *| og( hhwel f (k) / MAELF) )
at('cll') = YES; / sun(k, hhwuc(k));
at('cl2') = YES;
al pha = 0.5;
Wl(at,l) = W(at,l); tabres(' SUPTOT" ,"ini") = sun(k, hhwei ght (k)*mi cdat (k,"'sup'))/1e3;
sigp =1 tabres(' MEANSUP', "ini') = sun(k, hhwei ght (k)*m cdat (k, ' sup'))
sigw(at) = 1; / sun{ k, hhwei ght (k) );
) tabres(' SHVALE ,'ini') =
sun( k, hhwei ght (k) *mi cdat (k, ' sexe' ) *hhsi ze(k))
SOLVE M CVAC USI NG MCP / sun( k, hhwei ght (k) *hhsi ze(k));
tabres(' SHRURAL',"ini') =
res(k, ' poidsl') = P. L(k) * NHHTOT95; sun( k, hhwei ght (k) *mi cdat (k, ' mi | ") *hhsi ze(k))
poi ds(k, sim = P. L(k) *NHHTOT95; / sun{ k, hhwei ght (k) *hhsi ze(k));
tabres(' MEANAGE' ,'ini') =
$i ncl ude sinres.inc sun( k, hhwei ght (k) *mi cdat (k, ' age' ) *hhsi ze(k))
) / sun( k, hhwei ght (k) *hhsi ze(k));
macres(' WBHTOT' , "ini') = sun(k, hhwei ght (k))/ 1e3;
macres(' WGHTOT' , " adj ') = NHHTOTO/ le3; shres(' shagr',"ini'") =
macres(' WBHTOT' , ' obj ') = NHHTOT95/ 1e3; 100* sum( k, hhwei ght (k) *ni cdat (k, ' shagr' ) *hhi nc(k))
[ sun{ k, hhwei ght (k) *hhi nc(k));
macres(' POPTOT' ,"ini') = sun(k, hhwei ght (k) *hhsi ze(k))/ 1e3; shres(' shagr','obj") = 100* | NCAGR95/ | NCTOT95;
macres(' POPTOT" ,"adj') = POPTOTO/ le3;
macres(' POPTOT' , ' obj ') = POPTOT95/ 1e3; shres(' shinf',"ini") =
100* sun( k, hhwei ght (k) *mi cdat (k, ' shinf')*hhi nc(k))
macres(' INCTOT' ,"ini') = I NCTOTO/ 1e6; / sum(k, hhwei ght (k) *hhi nc(k));
macres(' INCTOT" ,"adj') = sum(k, hhwei ght (k) *hhi nc(k))/ 1e6; shres(' shinf',"obj") = 100*1 NCI NF95/ | NCTOT95;
macres(' I NCTOT', ' obj ') = I NCTOT95/ 1e6;
shres(' shfor',"ini") =
macres(' MEANPCI ', 'ini') = | NCTOTO/ POPTOTO; 100* sum( k, hhwei ght (k) *ni cdat (k, ' shf or' ) *hhi nc(k))
macres(' MEANPCI ', " adj ') = sun(k, hhwei ght (k) *hhi nc(k)) [ sun{ k, hhwei ght (k) *hhi nc(k));
/ sum( k, hhwei ght (k) *hhsi ze(k)); shres(' shfor','obj") = 100* | NCFOR95/ | NCTOT95;
macres(' MEANPCI ', ' obj ') = | NCTOT95/ POPTOT95;
shres(' shdiv','ini") =
100* sun( k, hhwei ght (k) *mi cdat (k, ' shdi v' ) *hhi nc(k))
incres(' MEANINC ,'ini') = sun(k, hhwei ght (k) *hhi nc(k)) / sum(k, hhwei ght (k) *hhi nc(k));
/ sun(k, hhwei ght (k) ); shres(' shdiv','obj") = 100*1 NCDI V95/ | NCTOT95;
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shres(' shexo','ini'") =
100* sum( k, hhwei ght (k) *m cdat (k, ' shexo' ) *hhi nc(k))
/ sun(k, hhwei ght (k) *hhi nc(k));
shres(' shexo','obj") = 100 - shres(' shagr','obj') - shres(’
shinf',"obj")
- shres(' shfor','obj') - shres(’
shdiv',"'obj"');

shres(' shcvg','ini'") =
100* sum( k, hhwei ght (k) *m cdat (k, ' shcvg' ) *hhi ncagr (k))
/ sun(k, hhwei ght (k) *hhi ncagr (k));
shres(' shcvg','obj") = 100* | NCCV@@5/ | NCAGRI5;

res(k,"id")
res(k, ' adj"')$hhinc(k)
option deci mal s=2;

*di spl ay res;

*$li bi ncl ude xl export res mcnmac9.xls Al..D4459

m cdat (k,"id");
adj facl;

*$li bi ncl ude xl export poids micmac.xls Al..F4459

option deci mal s=4;
di spl ay NE;
option deci mal s=2;
di splay | bdres, nures, ganres, wes, errors;

opti on deci mal s=0;

di splay necres, incres;
opti on deci mal s=3;

di splay tabres;
opti on deci mal s=1;

di spl ay shres;

di spl ay nzeros;

di spl ay carzeros;
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