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Estimation of Travel Demand Models with Grouped and
Missing Income Data
CHANDRA BHAT1

A method to impute a continuous value for household income from grouped and missing income
data for use as an explanatory variable in travel demand estimation was developed.  Many data
sets collect income in a discrete number of categories or in grouped form to simplify the
respondent’s task and to encourage a response.  In spite of such grouped data collection, many
respondents refuse to provide information on income, leading to missing income values.  The
issue of constructing a continuous measure of income from grouped and missing income data
that, when used in travel demand models as an explanatory variable, enables consistent
estimation of the model parameters is addressed.

Household income is an important sociodemographic explanatory variable in travel demand
models such as car ownership models (1), trip generation models (2), and mode choice models
(3).  In almost all transportation data sets and in many other data sets (4) household income, an
inherently continuous variable, is measured in a discrete number of categories or intervals; that
is, it is measured in grouped form (e.g., between $15,000 and $30,000).  The income question is
also notorious for its high nonresponse rates, leading to missing income observations in most
data sets.

Income is measured in grouped form for two related reasons.  First, such a measuring scale
provides a greater degree of protection of confidentiality compared with a continuous measure
(the degree of protection being a function of the size of income intervals), thereby increasing
response rates (5).  Second, it renders the sensitive income question relatively innocuous during
survey administration.  Questions that seek a continuous measure on income can offend
respondents, particularly in a telephone survey or in a personal interview survey in which
respondents are put "on the spot."

Although income is measured in grouped form, it is the continuous measure of income (or some
function of this continuous measure) that frequently appears as an explanatory variable in travel
demand models.  It is important that this continuous measure be a reliable measure of the true
income value to enable the development of an accurate and reliable relationship between travel
demand variables and their explanatory variables and thus facilitate good prediction of travel
demand variables [the research by Hamburg et al. (6) indicates that the estimates in a travel
demand model are highly sensitive to the accuracies of sociodemographic input variables and
emphasizes the need for accurate measures of the input variables].  This paper proposes a method
for constructing such a continuous measure of income for all observations in a cross-sectional
data set with grouped and missing income data.
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The next section of this paper discusses the motivation for developing methods to explicitly
accommodate the grouped and missing nature of income data in travel demand modeling.  The
subsequent section presents the need to develop a model relating household income and factors
affecting household income to impute a continuous income measure from grouped and missing
income data for use as an exogenous variable in travel demand models.  The following section
advances an econometric framework used to impute a continuous income measure through the
development of a model relating income to variables influencing income.  Empirical results
obtained by using a Dutch data set are then presented.  The final section provides a summary of
the research and highlights important findings.

MOTIVATION FOR TREATMENT OF GROUPED AND MISSING INCOME DATA

The motivation for the treatment of grouped and missing income data originates from the need to
develop a consistent relationship between travel demand variables and their explanatory variables
(including income).  The dependent variable in the demand model may be an observed
continuous variable such as trip generation or a latent continuous variable that is a reflection of
an observed discrete choice decision such as utilities in the case of a mode choice decision or car
ownership propensity in the case of an ordered car ownership model.  Unfortunately current
procedures for constructing a continuous measure from grouped data and commonly used
techniques for handling missing income data do not enable consistent estimation of travel
demand models.  This inconsistency in commonly used demand estimation procedures without
and with missing income data is discussed below.

Commonly Used Estimation Procedures

Grouped Without Missing Income Data

Commonly used estimation procedures construct a continuous value of income from grouped
data by assigning the midpoint of each of the income threshold bounds that determine each
category to each observation in that category. If the threshold bounds for income category j are aj-

1 (the lower bound) and aj (the upper bound), then a continuous income value  is constructed for
all observations in category jas

In the case of the two categories at either end of the income spectrum, an arbitrary truncation
point is used as the representative value.

This midpoint method of constructing a continuous measure from grouped data has serious
limitations.  Consider an underlying linear regression between a demand variable y, and the
actual (but unobservable) income variable Ii

* as follows [the following presentation is based on
Hsiao (7) and is confined to the case when the dependent demand variable is an observed
continuous variable for ease in presentation]:
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where

i = index for observations, 
 and = parameters to be estimated, and

ui = an error term.

Assume the standard regression conditions that ui is an independent and identically distributed
(iid) random error term with a mean of zero and Ii

* is uncorrelated with the error term.  If the
actual income value Ii

* for an observation is replaced by the midpoint of the corresponding
income category, the regression may be rewritten as

where .  In this case when the midpoint values are used, the coefficientv u Ii i i i= + −β ζ( )*

of  is given by (using Equation 2)

To simplify this expression write the actual (but unobserved) continuous income Ii
* for an

observation i falling in the grouped income category j as the sum of three components: the
midpoint of the category j, i, as computed in Equation 1; an error term i representing the
difference between the expected value of Ii

* given that it falls in category j (or the expected value
of the marginal distribution of the continuous income variable between the threshold bounds of
category j) and the midpoint of category j; and a random error term, wi, representing the
difference between the actual continuous income Ii

* and the expected value of Ii
* given that it

falls in category j. That is,

where  and . By using Equation 5 one canτ ζi i iE I cat j= −[ | . ]* w I E I cat ji i i= −* *[ | . ]
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write . By substituting this expression into Equation 4 one canI Ii i i
* *

_ _

( ) ( )− = − + −ζ ζ τ τ
rewrite the least-squares estimate of  by the midpoint method as 

Thus the parameter estimate on income obtained by the midpoint method converges to the actual

value of 0 in the travel demand model if and only if  converges to zero.  HoweverCov i i( , )τ ζ
this will generally not be the case.  The magnitude and direction of  depend on theCov i i( , )τ ζ
shape and distribution of the actual (but unobserved) income variable.  Earlier studies (8,9) have
indicated that a log-normal form is theoretically and empirically appropriate for the income

distribution.   is, in general, not equal to zero for a log-normal distribution.  NoCov i i( , )τ ζ
general result regarding the direction and magnitude of  (and therefore the directionCov i i( , )τ ζ
and magnitude of the bias of the midpoint method) can be established for the log-normal
distribution.  A more definitive result can be established if it is assumed that Ii

* in Equation 2
represents the logarithm transformation of actual income.  In this case Ii

* is normally distributed
(since actual income is log normally distributed).  Assuming small tail distributions, i decreases
from a positive value for the lower income categories (the expected value of the normal
distribution between the threshold bounds of category j is greater than the midpoint) to a negative
value for the higher income categories (the expected value of the distribution between the
threshold bounds of category j is lower than the midpoint) as indicated by Haitovsky (10).  On
the other hand the midpoint of income categories increases as one proceeds from lower to higher

categories.  Thus the covariance term, , is negative and the midpoint estimate Cov i i( , )τ ζ �βmid

in Equation 6 underestimates .

The midpoint method leads to inconsistent parameter estimates (a parameter estimate  is said�β
to be a consistent estimator of the true  if, as the sample size gets infinitely large, the probability

that  will be less than any arbitrary small positive number approaches 1) in the travel| �|β β−
demand model because i is not equal to zero.  However if a consistent imputed estimate of
income (that is, a consistent estimate of the expected value of Ii

* given that it falls in category j)
is used instead of the midpoints, i is zero and one obtains consistent parameters in the travel
demand model (the reader will observe that as the number of income categories increases, or
more appropriately as the size of the income interval within each income category decreases, i

becomes closer to zero in the midpoint method and the inconsistency resulting from use of the
midpoint method is reduced).

The results regarding the inconsistency of the midpoint method are generalizable to the case of
many explanatory variables in the travel demand model.  Specifically use of the midpoint income
estimate as an explanatory variable leads to inconsistent parameter estimates on all of the
explanatory variables in the model, not just the income variable (7).

Grouped with Missing Income Data
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The discussion above assumed that there are no missing income observations. Now consider the
limitations of commonly used methods when missing income data are present. Current methods
adopt one of two strategies to estimate travel demand models from grouped and missing income
data. The first strategy is to assign the midpoint of income categories for observations with
observed (grouped) income values and to assign the average value of the midpoint estimates of
the observed income observations to the missing income observations. As discussed earlier, the
midpoint method does not provide consistent estimates of the travel demand model. Also this
assignment of the average of observed income observations to missing income observations
assumes that the average income of respondent households (i.e., households that report income)
is identical to that of non respondent households (i.e., households that do not report income).
This may not be true because of systematic variations in observed and unobserved characteristics
affecting income earnings between members of respondent and nonrespondent households (11). 
Observed characteristics may include the education levels of the members of the household,
whereas unobserved characteristics may include sensitivity to privacy and fear of governmental
or other uses of the data.  If such systematic variations are present between members of
respondent and nonrespondent households, assigning the average income of respondent
households to nonrespondent households is inappropriate and will further contribute to
inconsistency in the parameter estimates of the demand model.

The second strategy for estimating travel demand models from grouped and missing income data
is to assign the midpoint of income category thresholds for the observed (grouped) income data
and to drop all missing income observations.  It was already shown that the midpoint method
provides inconsistent travel demand parameters.  In addition another dimension of inconsistency
arises when all missing income observations are dropped.  If systematic variations in income
level are present between respondent and nonrespondent households, then the relationship
between independent variables and the travel demand variable for nonrespondents may be
different from that for respondents.  Thus the travel demand relationship obtained by dropping all
nonrespondent households will not be a representative relationship for the entire population. 
This second strategy of dropping missing income observations also results in a loss of
observations, resulting in inefficient estimation.

It is clear from the discussion above that commonly used procedures for dealing with grouped
and missing income data are inadequate or waste valuable data.  The next section discusses the
need to develop a dependent income model, that is, a relationship between household income
(the dependent variable) and a set of variables affecting household income (the independent
variables), to impute a continuous income measure from grouped and missing data for use as an
explanatory variable in travel demand models.

NEED FOR DISAGGREGATE INCOME MODEL FOR IMPUTING INCOME

This section discusses the need to develop a dependent income model to impute a continuous
income measure.  Cases in which there are no missing income data and in which there are
missing income data are discussed.

No Missing Income Data
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Earlier it was indicated that use of a consistent imputed estimate of income (that is, assigning to
each observation falling in income category j the expected value of the income distribution
bounded by the category thresholds) in a travel demand model provides consistent parameter
estimates.  This method assigns a single value to all income observations in a category.  It does
not use information on observed variables likely to affect income earnings (such as education
level and number of employed adults in a household) that can help to differentiate among the
incomes of different households within a particular grouped category.  Developing a dependent
income model (using the grouped observation on income) and combining the instrumental
variable estimate of income from such a model with the information on income categories will
enable construction of a consistent and efficient imputed income measure for use in travel
demand models.  The structure and estimation procedure for imputing income values from
grouped data are discussed later in this paper.

Presence of Missing Income Data

The need to develop a dependent income model is critical when missing income data are present,
since such a model is the only means of imputing an income measure for the missing data while
at the same time accounting for any systematic variations in the observed characteristics (such as
education level and number of employed adults) between respondent and nonrespondent
households.  The model should also account for systematic variations in unobserved
characteristics between respondent and nonrespondent households.  A consistent and efficient
imputed estimate of income for use in travel demand models can be obtained from grouped and
missing income data by combining the instrumental variable estimate of income from the model
with information on whether a household responded to the income question or not and the
income category in which a household’s income falls (if the household responded).  The structure
and estimation procedure for imputing income values from grouped and missing income data are
discussed later in this paper.

The discussion above emphasizes the need to develop a dependent income model to impute a
continuous income estimate from grouped or grouped and missing income data for use as an
exogenous variable in travel demand models.  The remainder of this paper presents the
econometric framework for imputing income through the development of a dependent income
model and presents empirical results of the dependent income model and associated imputed
estimates by using a Dutch data set.

ESTIMATION METHODOLOGY

The methodology used to develop a dependent income model and to impute a continuous income
value from grouped and missing data in two stages is discussed in this section.  In the first stage
it is assumed that there are. no missing income values.  The methodology is then extended to
accommodate missing income values in the second stage.  The program routines for all
estimations in this paper were written and coded by using the GAUSS matrix programming
language.
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No Missing Income Data

Assume that the actual but unobserved logarithm of household income, Ii
*, is a function of a

vector Xi of exogenous variables as follows:

where

= vector of parameters to be estimated,
Xi = vector of explanatory variables, and

i = a random disturbance term assumed to be homoscedastic, independent, and
normally distributed with mean of zero and a variance of 2 (a logarithm form is
adopted for the dependent income variable because as indicated earlier a log-
normal form has been found to be theoretically and empirically appropriate for
the income distribution).

The observed data on income indicate that they fall into a prespecific interval.  The relationship
between the grouped observed income data Ii and the continuous unobserved (log) income value
Ii

* is written as follows:

where the aj’s represent known threshold values (which represent the logarithm of the actual
income threshold bounds) for each income category j. Representing the cumulative standard
normal by ( , the probability that household income falls in category j may be written from
Equations 7 and 8 as

Defining a set of dummy variables

the likelihood function for estimation of the parameters y and a is
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Initial parameter values for the maximum likelihood search are obtained by assigning to each
income observation its conditional expectation on the basis of the marginal distribution of I* and
regressing these conditional expections on the vector of exogenous variables.  The reader will
note that the likelihood function of Equation 11 differs from that of the standard ordered probit
model.  In particular  is unidentifiable and the threshold values (the aj’s) are unknown
parameters to be estimated in the ordered probit model.  In contrast in the current model the
threshold values are known, and (as a consequence)  is identifiable.

Defining the standard normal density function by , an imputed value for household (log)φ(.)
income may be computed for all the observations from the estimates of  and  obtained from
maximizing the likelihood function in Equation 11.  The imputed value for an income
observation in category j may be computed by using the properties of doubly truncated univariate
normal distributions (12) as follows:

These imputed values represent unbiased and consistent measures of (log) income and can be
used as an explanatory variable in travel demand models (the imputed values are also guaranteed
to fall within the lower and upper boundaries of the observed income categories).  If an
alternative function of income (other than the log function), g(Ii

*), appears as the explanatory
variable in the travel demand model, an imputed value may be computed as:

This imputed value of the function of (log) income is not unbiased, since in general the expected
value of a continuous function of a variable is not equal to the function of the expected value of
the variable.  However it is consistent by Slutsky’s theorem and thus will enable consistent
estimation of travel demand models.
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Presence of Missing Income Data

If missing income values are present in the data (as is almost always the case), one of two
approaches may be used to construct a continuous value for all observations: (a) the naive
approach or (b) the sample selection approach.

Naive Approach

The naive approach employs the method described above to estimate  and  by using only the
observed (and grouped) income values.  A continuous (log) income value is then imputed by

using Equation 12 for observed income values and using  for missing income� �’*I Xi i= γ
values.  The naive approach accounts for systematic differences in the observed characteristics
(represented by the X vector in Equation 7) that affect income between households that provide
income and those that do not.  However it fails to accommodate for systematic differences in the
unobserved characteristics that affect income between respondent and nonrespondent
households; that is, it ignores any "self-selection" in the choice of households to report income. 
Specifically unobserved factors that affect household income may also influence the decision of
individuals (or households) to report income.  For example it seems at least possible that
households with above-average incomes, other things being equal, will be more reluctant than
other households to provide information on income [Lillard et al. (11) indicate that this is so in
their study of the 1980 Census Population Survey].  Because of this potential sample selection
[see Mannering and Hensher (13) for a detailed review of sample selection-related issues], the
naive approach will not, in general, provide consistent (continuous) estimates of income for
observed or missing income data [the method proposed by Stem (14) for imputing income from
grouped and missing income data falls under the naive approach].  To obtain consistent estimates
the decision to report income should be considered endogenous, as discussed in the next section.

Sample Selection Approach

The sample selection approach uses two equations, one for income reporting and the other for
household income, and accounts for the correlation in error terms between the two equations. 
Thus it accommodates systematic differences in unobserved characteristics between respondent
and nonrespondent households.  The model system is as follows:

where
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ri = observed binary variable indicating whether or not income is reported (ri = 1 if
income is reported and ri = 0 otherwise),

ri
* = underlying continuous variable related to the observed binary variable ri as shown

above,
Xri and XIi = vectors of exogenous variables,

r and I = vectors of parameters to be estimated, and

ri and Ii = normal random error terms assumed to be independent and identically distributed
across observations with a mean of zero and variance of one and I

2, respectively.

The error terms are assumed to follow a bivariate normal distribution (the author is not aware of
any earlier application of sample selection in econometric literature in which the variable
subjected to sample selection is observed only in grouped form).

The probability that income is observed and falls in income category j from the model system of
Equations 14 and 15 is:

where  is the correlation between the error terms ri and Ii and 2 is the cumulative standard
bivariate normal function.

Defining a set of dummy variables Mij as in Equation 10 for the observed income observations,
the appropriate maximum likelihood function for estimation of the parameters in the model sys-
tem is

Initial start values for the ML iterations are obtained by assigning to each reported income
observation its conditional expectation on the basis of the marginal distribution of the underlying
latent continuous variable Ii

*.  These values are now treated as the actual continuous (log) income
values, and a Heckman’s two-step method (15) is applied for sample selection models to obtain
start values for the parameters.

The continuous value of (log) income for households that reported income may be computed
from the parameter estimates obtained from maximizing Equation 17.  By using the properties of
doubly truncated bivariate normal distributions (16) and defining the following quantities,
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one can write

The above expression collapses to Equation 12 if the correlation between the error terms in the
reporting equation and the income equation is zero.

The continuous value of (log) income for households that did not report income may be imputed
as follows:
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EMPIRICAL RESULTS

This section discusses the data used to develop the dependent income model and to impute
income from grouped and missing income observations and also presents estimation results.

Data

The data source used in the present study is from a Dutch National Mobility Survey. The survey
involved weekly travel diaries and household and personal questionnaires collected during the
spring of 1988 [for a detailed description of this survey see van Wissen and Meurs (17)]. The
sample included 889 households, 55 of which have missing income data. Household income was
available in three categories (for the observed income observations) in the data: (a) less than or
equal to 24,000 guilders, (b) from 24,001 to 28,000 guilders, and (c) greater than 38,000 guilders.

Empirical Specification and Results

The variables considered in the income reporting equation and household income equation are
listed in Table 1. They included household age and education (see definitions in Table 1),
number of employed adults in the household, number of kids in the household, an indicator of
whether the household has a "returning" young adult, and unemployment rate in the municipality
of household residence.  The household age variables enable nonlinear estimation of the age
effect on income reporting and income earnings.  The education variables indicate the effect of
different levels of education of the adults in the household relative to that for households with
one or more adults with primary education.
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The naive method and the sample selection method were used to estimate the parameters in the
household income equation.  The naive method estimates parameters from observed income
observations b), using Equation 11, whereas the sample selection method estimates parameters
from all observations by using Equation 17.  The results are shown in Table 2. The naive method
estimates only the income equation, whereas the sample selection method estimates both the
reporting equation and the income equation and accounts for the correlation in unobserved
factors that affects these equations simultaneously.  In both models the level of household
education and the number of employed adults have a positive effect on income.  The magnitudes
of the parameters on household education are consistent with the expectation that higher levels of
education have a greater effect on income.  The unemployment rate in the municipality of the
household residence has a significant negative effect.  The reporting equation estimation results
in the sample selection model indicate that households with older adults, households whose
individuals have a high level of education, and households with a returning young adult have a
significant negative effect on reporting.  Thus there are systematic differences in the observed
characteristics between households that report income and those that do not.

The magnitude and significance of the correlation term p in the sample selection model indicate
that there is a significant (and rather high) negative correlation in the unobserved factors that
affect the reporting equation and the household income equation; that is, households that did not
report their incomes were, all observed characteristics being equal, likely to have higher incomes
than households that reported their incomes.  This indicates that the naive method provides
biased and inconsistent estimation results.  In particular the naive method tends to underestimate
the magnitudes of parameters on the exogenous variables that have a positive effect on income
and tends to overestimate the magnitudes of parameters on the exogenous variables that have a
negative effect on income in the income equation because of the negative correlation between the
error terms in the reporting and the income equations (although the difference in coefficient
estimates between the naive and the sample selection approaches appears to be small, the reader
should note that the dependent variable is the logarithm of income, and thus even small
coefficient differences could translate into moderate differences with respect to income earnings;
the small coefficient differences may also be attributable to the small number of missing income
observations in the current data set).
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The mean values of impacted (log) income for households that reported income and those that
did not report income obtained by using the midpoint method, the naive method, and the sample
selection method are shown in Table 3. The mean values for the midpoint method depend on the
representative value used for the lowest and the highest income categories.  In the computations
shown in Table 3 a value of log (15,000) was assigned for the “less than or equal to 24,000
guilders" category and a value of log (43,000) was assigned for the "greater than 38,000 guilders"
category.  The inconsistency and the ad hoc nature of the midpoint method of imputing income
were discussed above.  Furthermore the mean value of imputed (log) income was identical for
both respondent and nonrespondent households by the midpoint method because the midpoint
method does not account for systematic -variations in the observed and unobserved
characteristics that affect income between respondent and nonrespondent households.

The naive method accounts for systematic variations in observed characteristics between
respondent and nonrespondent households.  The higher mean estimate for nonrespondent
households compared with that for respondent households indicates that nonrespondent
households have higher values than respondent households for the observed characteristics that
increase income.  This is readily observed in the reporting equation estimates of the sample
selection model in Table 2, which indicate that nonrespondent households are characterized by
adult members with a higher education level than those of adult members in respondent
households.

The sample selection method accounts for systematic variations in the observed and unobserved
characteristics that affect income between respondent and nonrespondent households.  The
difference in the mean value of imputed (log) income for respondent and nonrespondent
households between the sample selection and naive approaches comprises two components.  The
first component is an underestimation of income by the naive method on the basis of the
observed characteristics that affect income because of the biases in parameter estimates of the
naive approach in Table 2. This first component leads to an increase in imputed (log) incomes for
both respondent and nonrespondent households in the sample selection method compared with
those in the naive method.  The second component is the effect of the unobserved characteristics
that affect reporting status and income.  It leads to a decrease in imputed (log) income for
respondent households and an increase for nonrespondent households.  The naive method does
not consider this second component; only the sample selection model does.  The difference in the
mean value of imputed (log) income between the sample selection and naive approaches is small
for respondent households because the two components mentioned above act in opposite
directions and tend to offset each other.  On the other hand the main value of imputed (log)
income from the sample selection approach is substantially larger than that from the naive
approach for nonrespondent households because the two components mentioned above reinforce
each other.  Aside from the magnitude of the difference between the estimates of the sample
selection and the naive approaches, however, the naive approach provides inconsistent imputed
estimates both for respondent and for nonrespondent households because the correlation in the
unobserved factors that affect reporting status and income earnings is significantly different from
zero in Table 2. In general the sample selection method is the only approach that provides
consistent imputed income estimates from grouped and missing income data.
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CONCLUSION

This paper developed a methodology for imputing a continuous value of income from grouped
and missing income data for use as an explanatory variable in travel demand models.  The
method was applied to data from the Dutch National Mobility Survey.  In addition to indicating
the applicability of the procedure developed in the paper to accommodating grouped and missing
data, the results show that there are systematic differences in observed and unobserved
characteristics between households that report income and households that do not.  Failure to
accommodate for this sample selection results in biased and inconsistent amputations.  Use of
such inconsistent imputed income values as an explanatory variable will result in unreliable
travel demand models.

The methodology developed in this paper is particularly relevant because almost all
transportation-related data bases record income in grouped form and because there is a trend for
an in-creasing percentage of respondents to refuse to provide income information in travel and
travel-related surveys (11).  The methodology developed in the paper is easy to apply and has
been coded for use with the GAUSS programming language.
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