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This paper describes the problem of aggregation in forecasts of travel be-
havior under conditions in which aggregate behavior is the accumulation of
travel choice decisions by individuals or households. Failure to deal with
this problem, which is explicit in the use of disaggregate models and im-
plicit in the use of aggregate models, leads to predictions that have biases
related to the heterogeneity of the group for which the prediction is made.
Alternative approaches tothe development of unbiased aggregated forecasts
based on disaggregate choice models are described. The importance of
forecasting the distribution of characteristics that influence individual or
household choice is cited. The advantages of an explicit aggregation pro-
cedure are identified with respect to sensitivity to changes in the distribu-~
tion of choice-influencing characteristics and to improvement in the sensi-
tivity to changes in the average values of these characteristics. Directions
for future research to overcome the aggregation problem are identified.

*DISAGGREGATE choice models have had rapid development in recent years. The im-
proved understanding they have provided of the decision process influencing individual
behavior has contributed to the refinement and modification of theories of travel be-
havior. More recently, attention has been directed toward the use of disaggregate
models for the prediction of aggregate travel behavior. This approach to obtaining
aggregate predictions is based on the principle that the travel behavior of large groups
is the manifestation of the travel choice decisions of numerous individuals or households.
The problem associated with aggregate predictions based on disaggregate models is the
development of a procedure for expanding individual choice estimates over the popula-
tion of interest to obtain a reliable, unbiased description of group behavior.

The construction of an aggregate forecasting model based on a disaggregate model
depends on both the form of the disaggregate model and the shape of the multivariate
distribution of characteristics that influence travel choice. If the underlying disaggre-
gate model is linear over the range of interest, the aggregate forecasting model will
have the same linear specification; averages of the variables will be substituted for the
individual values. However, if the disaggregate model is nonlinear, the disaggregate
functional specification, in which averages of the independent variables are substituted
for individual values, will give a biased forecast of the average of the dependent vari-
able, except in the special case where the population is homogeneous with respect to
those characteristics that influence the choice under study. This is shown with an ex-
ample in the following section.

In principle, the transformation of a disaggregate model into an aggregate forecast-
ing model can be accomplished by integrating the relation over the distribution of the
choice-influencing characteristics. In general, the explicitly aggregated forecast model
will contain parameters of the relevant distributions as well as parameters of the choice
process. Such models will therefore be adaptable to forecasting under conditions where
different distributions prevail or where the distribution structure is expected to change
over time.

On the other hand, a model that is calibrated with aggregate data and that does not
explicitly take account of the distribution of choice-influencing characteristics will have
biased coefficients and will be valid for forecasting only if the distribution of character-
istics for the forecast situation is reasonably similar to the distributions in the groups
on which the model was originally calibrated.
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The transformation of a disaggregate choice model into an aggregate model by math-
emalical inlegration may be ai iilraciabie probiem, depending on the form of the dis~
aggregate model and the shape of the relevant distributions. However, to obtain ap-
proximate aggregate forecasts by use of numerical integration or grouping techniques
is always possible. Any transformation method will require the forecast of the distri-
bution of relevant characteristics in addition to representative values. Even if no fore-
cast distributions are available, judgment may be used in a Bayesian sense to suggest
modifications to existing distributions.

AGGREGATION PROBLEM

Consider a disaggregate model describing the probability of a decision-making unit,
either individual or household, choosing an alternative from a set of possible alterna-~
tives (such as one of several modes to work or one of several destinations for a weekly
shopping trip). The general form of this model is

P.(i:A) = £(Uy, all j in A) (v

where

P.(i:A) = probability of decision unit t choosing alternative i from the set of alter-
natives A,
f( ) = function of the enclosed arguments, and
Uj¢ = utility of alternative j to individual t.

For the purpose of this discussion we will assume that the utility of each alternative

for individual t is a linear function of the attributes of that alternative. (We will refer
to the decision unit as an individual henceforth. However, the discussion applies equally
to any behavioral unit. The linear assumption does not place a significant constraint,
for nonlinear relations may be expressed by defining attributes in terms of logarithmic,
exponential, or power functions, and interaction of variables may be represented by
creating variables that are functions of groups of attributes.) That is,

Uy = O, a.X1* (2)

where
X, - value of attribute i of aliernaiive j for individual i, and
a, = parameter that describes the influence of the associated variable on the utility
value. (The assumption that parameters a, are identical for each household will
be used throughout. Differences in parameters representing differences in be-
havior may occur for different market segments. Aggregation over different
market segments is discussed in a later section.)

In the special case where the choice model applies to a binary (2-choice) situation
and the function of utilities is the difference between the utilities, that is,

Pu(i:A) = f(Use, Uy)

= U = Ugs
. z a, (XLt - x3Y) (3)
m

it can be shown that the expected proportion of individuals who will choose alternative
iis equal to the probability of choosing i for an individual who faces the average of the
attributes of each alternative. That is,
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P(i:A) = P;(i:A)

= I_Ii . [—I_g

= Da® - %) (@)

where

P(i:A) = expected proportion of people choosing alternative i,

P;(i:A) = probability of choosing i for an individual facing average attributes for all
_  alternatives,
I_J,1 = average utility of alternative i, and
X; = average value of attribute m of alternative i.

The aggregate model in Eq. 4 is identical to the disaggregate model of Eq. 3; average
values of all the attributes are entered in place of the individual values. In this case,
the influence of any attribute on the aggregate proportion choosing an alternative can be
fully represented by the average value of the attribute to the group under study. The
aggregate relation, Eq. 4, would give unbiased predictions for expected choice pro-

ortions. Unfortunately, the structural requirements of disaggregate choice models
probability of any choice must be within the 0 to 1 range) requires that the choice model
be a nonlinear function of the relevant utilities. In this case, it can be shown that the
corresponding nonlinear aggregate function with average values used to replace indi-
vidual values will give biased results unless the individuals in the group are homoge-
neous with respect to all of the characteristics that influence the choice (binary or mul-
tiple) under study (1). That is, the average of the function (the average probability) is
not equal to the function of the averages (the probability for an individual facing average
attribute values). For example, consider the logit formulation of the binary choice
model,

Pu(i:A) = e (5)

el.i“ + er|

which can be represented as a function of (U, - Uys) by the following diagram:

P(iA)

[ e -

e ')

%
(The binary choice logit model is used for ease of discussion. Essentially identical
results may be obtained for the multinomial logit model.) The probability associated
with any value of Us; - Uy for a single individual may be read directly from the graph,
and the influence of a small change in Uy, or Uy is a function of the slope of the curve
at the point of interest. If we consider a population with average utilities U; and T,
represented by point B and assume that all Uy = Uy and all Uy, = U, the average prob-
ability of choosing i and the sensitivity of that probability to changes in the difference
between the utility functions will be identical to that for one individual represented by

B. However, if the true population consists of subgroups represented by points A and
C, both the estimated average probability and the sensitivity to changes in the attributes
of an alternative will be biased. This analysis can be extended to multiple subgroups or
continuous distributions of group members with similar results.
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AGGREGATE PROBABILITY ESTIMATES

The best estimate of the proportion of the population that will choose alternative i
from set A is simply

Bi:A) =1 > PulizA) (6)
teN

which is the average of the expected response probability of each individual in the pop-
ulation. (Equations 6 and 7 apply equally to binary- and multiple-choice situations.)
Similarly, the expected change in the proportion choosing i due to a change in the value
of one of the attributes of any of the alternatives in set A, say j, will be

=y 1 aPyli:A) AXE
AP(I.A) = I\I—tz ——a—}—c-n,—r-— (7)
€N

But the change in the selected attribute, AX!%, and the responsiveness to change,

(o P:(i:A)]/aXi*, may be different for different individuals. Since the responsiveness to
change depends on the probability prior to the change, solution of the estimation prob-
lem for perfect prediction requires knowledge of the distribution of the choice proba-
bilities, or all the attribute values from which the choice probabilities are determined,
and of changes in X!*. Obviously it will not be feasible to predict these values for each
individual and to explicitly aggregate the results as implied by Eqs. 6 and 7.

The condition for consistent aggregation with nonlinear functions, homogeneity of
individuals in the group, suggests that one method of approximating this representation
is to group individuals in categories such that the assumption of a representative value
of individual utility is an acceptable approximation for all individuals in the group. In
this case,

NG
=) _ 1 -
Bi:A) = D NP (8)
T=1
and
NG
ABG:A) =L S v, 2Br:A) axyr (9)
N Xy
T=1
where

N = total number of individuals;
NG = number of groups;
Nr = number of individuals in group T;
Pr(i:A) = probability function for the representative individual in group T;
(P (i:A))/aX!" = derivative of the probability response function with respect to a
change in any attribute, Xi', for the representative member of
group T; and
AX!" = representative change in attribute X' for group T.

In cases where the attribute change is not uniform, the selection of groups should pro-
vide a reasonable degree of homogeneity of this change within groups as well as for the
attributes influencing individual choice probabilities. A variety of methods for grouping
households can be suggested. Generally it will be most understandable to group them
according to the variables that are relevant to the choice under study. The degree of
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stratification for each of the variables will depend on the range of the variable and the
size of the parameter associated with it. In cases where the distribution can be de-
scribed by continuous functions, the grouped summation may be replaced by a numeri-
cal or mathematical procedure (2, i).

DISTRIBUTION OF INDIVIDUAL CHARACTERISTICS

The models of aggregate behavior represented by Eqs. 8 and 9—or corresponding
methods based on numerical or mathematical integration—make explicit the dependence
of the estimate on

1. The individual's response to the characteristics he or she faces (the individual
choice function), and

2. The distribution of individuals according to their characteristics and the char-
acteristics they face.

This explicit representation is the basis of 2 major advantages of explicitly aggre-
gated predictive models based on disaggregate analysis over aggregate forecasting
models based on correlative analysis of aggregate data.

1. Improved sensitivity to changes in individual behavior due to changes in environ-
mental characteristics including policy controlled variables, and

2. Sensitivity to changes in the distribution of the characteristics that the population
has or faces.

The structure of the aggregate models represented by Eqs. 8 and 9 requires a com-
plementary population distribution model to be employed in conjunction with the dis-
aggregate choice mode. Although this adds a potentially complicating dimension to the
application of disaggregate models, it should be possible to develop simple models of
distribution based on assumptions that are at least as good as the implicit assumptions
embodied in models based on aggregate travel data. In addition, the possibility of de-
veloping improved representation of population distributions can be explored.

NEED TO FORECAST CHARACTERISTIC DISTRIBUTIONS

Each of the possible methods for obtaining unbiased aggregate forecasts of travel be-
havior requires explicit representation of the distribution of the characteristics of the
population and the travel choices they face. This requirement places increased de-
mands on the forecast of explanatory characteristics. Obviously it will be difficult to
develop models capable of forecasting joint distributions of a wide variety of population
and travel choice characteristics. The critical issue for modeling strategy is to im-
prove the quality of distributional forecasts to a level that is compatible with the quality
of other elements in the overall forecast process. Decisions must be made as to the
methods of representation of the required distributions including assignment to groups
versus continuous representation. In addition, those distributions that are to be rep-
resented with the greatest level of detail and accuracy must be identified. Primary at-
tention should be directed toward improving the quality of forecasts for those distribu-
tions to which the required aggregate forecasts will be most sensitive.

The criteria for these decisions must be related to the objectives of the analyses to
be performed, but would presumably include evaluation of the expected bias and standard
error of the aggregate forecast. The levels of satisfaction of these criteria will be in-
terrelated. For example, increasing the number of dimensions along which the popu-
lation is stratified will tend to reduce the aggregation bias but may also increase the
standard error of the aggregate forecast.

Decisions on the distribution forecast procedure to be used will depend on the par-
ticular situation under study, the type and quality of population distribution forecast
models available, the range of the nonlinear function included in the disaggregate model,
and the robustness of simplifying assumptions concerning the shape and interdependence
of these distributions.
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ALTERNATIVE DISTRIBUTIONAL FORECAST PROCEDURES

A range of procedures may be considered for use in forecasting the required distri-
butions. Such procedures represent different assumptions concerning the process that
underlies the development of the observed distribution (for example, the co-location
aspects of residential location choice for different income groups) and the degree to
which simplifications may be introduced. The acceptability of alternative forecasting
procedures depends on their conformity with the underlying distribution process and the
robustness of the aggregate behavioral forecasts to the simplifications used. Three
general approaches are described below.

1. The simplest distribution forecast procedure would be to project the existing
distribution in a zone unchanged over the period of interest except for already planned
or in process changes that can be explicitly identified. This assumption will be best
for short-term predictions. However, even for longer periods this assumption—with
modifications based on available information and judgment—can provide better aggre-
gate forecasts than those that could be obtained through the use of conventionally de-
veloped aggregate modes. For example, the near-term effect of a change in public
transit service could be based on the existing distribution of household and highway
service characteristics.

2. Another procedure would be to assume that the distribution of the population is
systematically related to a small number of indexes (means, for example) that might
be readily forecast. For example, one might assume a gamma distribution of income,
1 parameter (defining the shape of the distribution) fixed and the scale parameter de-
termined from the mean (4) or both parameters simply related to the mean or more
generally to directly predict both parameters of the distribution.

3. A more sophisticated procedure would be to develop a transition matrix for
"growing' households from inception, through various life-cycle stages, to dissolution,
including information on relevant characteristics. Such an approach would be most ap-
propriate for relatively large areas where the effects of migration are relatively un-
important.

INTEGRATION OF HOUSEHOLD AND SPATIAL CHARACTERISTICS

The distribution of spatially related characteristics facing the household must be
considered as well as the distribution of socioeconomic or household characteristics.
Characteristics that are neighborhood or transport-system specific are examples. This
suggests the need to spatially assign the household-characteristic distribution and to
develop joint distributions over household and spatial characteristics. Obviously, this
step will be much simplified if an assumption of independence can be justified between
household and spatial distribution or if the dependence can be simply specified.

However, to argue that the distribution of household and spatial characteristics is
related through the household location choice process is more reasonable. This rela-
tion could be modeled by first forecasting the regionwide distribution of household char-
acteristics and then assigning households with specific characteristics to geographic
locations as part of a residential location choice model that explicitly accounts for geo-
graphic, neighborhood, and transportation service characteristics.

In general, the entire problem of forecasting interrelated distributions of population
and spatial characteristics could be simplified by designing spatial groupings (zones
or districts) so as to highlight differences that are relevant to the analysis in question.
Considering the spatial sensitivity of out-of-vehicle travel time and access to transit,
for example, it would be useful to explicitly identify areas that are, or would be in the
future, highly differentiated in terms of accessibility to transit service. Geographic
aggregation of the population for areas with common service characteristics would
simplify the aggregate prediction problem when compared to present zonal groupings.

MARKET SEGMENTS IN BASE MODELS

To this point, we have cxplicitly assumed that travel choice behavior can be repre
sented by a single disaggregate model. That is, we have assumed that all groups of
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the population have the same behavioral response when they are confronted by identical
conditions. However, in many cases the population will have to be segmented and dif-
ferent disaggregate models developed for each market segment. In this case, predic-
tion requires the explicit distribution of the population into these market segments, and
all further distributions must be conditional on them. The aggregation procedure would
be applied to each market segment and then aggregated over all market segments. Suit-
able market segments might be related to household life-cycle, occupation of primary
wage earner, or other characteristics that may be expected to influence taste patterns
with respect to travel behavior.

SUMMARY DESCRIPTION OF ANALYSIS AND PREDICTION

Development of a behaviorally sensitive aggregate forecasting model based on in-
dividual or other behavioral unit responsiveness to external characteristics requires
the development of procedures for forecasting the distribution of these external char-
acteristics and the characteristics of the household and the development of the under-
lying disaggregate choice model.

The proposed procedure for obtaining aggregate predictions may be divided into 4
stages. The first stage is to analyze existing data to obtain a disaggregate travel choice
model and a household characteristics distribution model. The second stage is to fore-
cast future distributions of population characteristics. The third stage is to define
alternative distributions of transportation service characteristics based on policies to
be tested, and the fourth stage is to predict aggregate travel behavior.

Once the models have been developed (stage 1) and the distribution of population
characteristics for the area has been predicted (stage 2), stages 3 and 4 only have to
be repeated to test additional transportation service alternatives.

RESEARCH DIRECTIONS

The preceding discussion indicates that the development of behaviorally sensitive ag-
gregate forecasting models depends on the availability of models for the prediction of
the distribution of characteristics that influence travel behavior and the prediction of
the probability of disaggregate travel choices when disaggregate characteristics are
known. This suggests that, in addition to the ongoing research directed toward the im-
provement and extension of disaggregate choice models, research must be directed to
the development of models that may be used to predict the multivariate distribution of
population and service characteristics that influence travel-choice behavior. Specific
areas of research are

1. Analyze existing distributions of population characteristics to identify their shape
and interdependence;

2. Develop procedures to forecast parameters of the identified distributions on a
spatially specific basis;

3. Identify the relation between the distributions of population and transportation
service characteristics, taking account of the potential development and application of
disaggregate models for household location choice;

4. Develop and apply procedures to test the robustness of simplified descriptions
of characteristic and service distributions;

5. Identify those forms of choice models and distribution representations that are
amenable to mathematical integration; and

6. Develop criteria to be used in the comparison of aggregate forecasting models
based on disaggregate and aggregate analyses, perform a full-scale test of alternative
aggregate forecasting procedures, and identify the circumstances under which the dif-
ferent procedures should be used.
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