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n DRAM Calibration

The DRAM model of household location has been successfully calibrated for more than forty met-
ropolitan regions. These regions vary tremendously in geographic and demographic size. Thelarg-
est is the Los Angeles metropolitan region, with a population in excess of 14.5 million. The
smallest is the Colorado Springs metropolitan region, with a population under 400,000. The num-
ber of zones, or subareas, used in previous calibration efforts range from 772 for Los Angeles, to
the 100 used here for Portland, Oregon.

The quality, or success, of DRAM calibrations is directly related to the quality of the land use and
household data which are used as inputs to the calibration process. Errors or inconsistencies in
either the land use or household data can result in calibrations with poor goodness-of-fit and unreli-
able parameter estimates. One of the purposes of this study is to examine the sensitivity of out-
comes in the transportation and land use modeling process to the inputs to the components of the
process. As such, the DRAM calibrations were examined for three different urban area data sets.

The relationships between data quality and the accuracy of DRAM calibrations are illustrated here
by examining actual data sets and calibration results for three regions. Detroit, Kansas City and
Portland. These three regions were chosen for comparison because they have comparable zone sys-
tems, but are different in terms of population growth and spatial structure.

The calibration results for the three regions were quite different. For Detroit, good calibration
results were obtained for all household types. For Kansas City, calibration of the standard DRAM
model was not successful. However, with the inclusion of an additive lagged household variable to
the standard DRAM formulation, successful calibration results were achieved. For Portland, cali-
bration was unsuccessful at the censustract level of geographic detail both for the standard DRAM
model and for a model with an additive lagged household variable. However, successful calibra-
tions were obtained when amultiplicative lagged household variable was included in the attractive-
ness function of the DRAM model equations. Successful calibrations were also obtained when the
zone system for Portland was spatially aggregated. The primary reason for the differences in the
results obtained from one city to another seemsto be the quality of the datainputs to the calibration
process.

As with the discussion of EMPAL in the previous section, it is useful to specify the mathematical
structure of DRAM and to characterize the attributes of a successful calibration before describing
the calibration experiments for the three regions.
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Chapter 2: Land Use Model

The Mathematical Formulation of DRAM

Like EMPAL, DRAM is a modified version of the standard singly-constrained spatial interaction
model. The two modifications are: 1) a multivariate, multiparametric attractiveness function is
used; and 2) a consistent balanced constraint procedure is included in the model, allowing zone
and/or sector specific constraints. In algebraic terms, this model may also be thought of as atrans-
form of an aggregate logit model of residential choice. The model is described in more detail in
Putman, S. Integrated Urban Models (1983, Pion Limited, London). The equation structure of
DRAM is:
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E 'f = employment of type k (place of work) in zonej.

N ': = households of type nresiding in zonei

L ‘I' = vacant developable land in zone i

X .

= 1.0 plus the percentage of developable land already developed in zonei

L | =residential landin zonei

a, , = (regional) coefficient of type n households per type k employee

C;; =impedance (travel time or cost) between zonesi and j

a", qn, s b : = empirically derived parameters
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Since the standard implementation of the DRAM model is a cross-sectional model, all of the vari-
ables have the same time subscript (this will be one of the areas of investigation described later in
this section).

The Calibration Procedure

Due to the nonlinear structure of DRAM, it is necessary to use a speciaized parameter estimation
procedure for its calibration. The goal of the calibration procedure is to develop estimates of the
parameters of the DRAM model equations which best fit the general model structure to a specific
dataset. The calibration procedure is analogousto regression analysis but uses different mathemat-
ics.

In multiple regression analysis, the parameters of the regression equation are estimated by minimiz-
ing the sum of squared errors (i.e., the squares of the differences between the observed values and
estimated values of the dependent variable.) For the DRAM model, the parameters of the model
equations are estimated by maximizing the likelihood criterion. The likelihood criterion, j , is a
nonlinear function of the observed numbers and estimated numbers of households in each zone. It
is analogous to the R? statistic used to measure goodness-of -fit in multiple regression analysis. The
value of the likelihood criterion is always between zero and one, with higher values representing
better goodness-of-fit. For a perfect calibration (i.e., the estimated numbers of households are
exactly equal to the observed numbers of households in every zone), the likelihood criterion would
be equal to one. It should be noted that it is never possible to obtain a perfect fit of socioeconomic
datato amodel. The behavior of individuals and of groups of humans is not perfectly predictable.
Depending upon the phenomenon being analyzed, explanation of observed variation ranging any-
where from 10 or 20 percent on up may be considered “good”. In the sorts of models being
described here, explanation of variance of 75 percent or more is generally considered to be accept-
able. Here we apply a somewhat more stringent standard.

In multiple regression analysis, t-tests are used to evaluate the statistical significance of the esti-
mated parameters. The statistical validity of these tests depends upon assumptions regarding the
algebraic structure of the regression equation, and on assumptions regarding the shape of the distri-
butions of the variables in the analysis. These assumptions do not hold for DRAM's nonlinear
structure, or for the distributions of the variables, and so the usual t-tests cannot be used. However,
since the parameters of the DRAM model are estimated by maximizing a likelihood criterion,
asymptotic t-tests can be used in lieu of the usual t-tests. The asymptotic t-tests can be interpreted
in amanner similar to that which is used for the usual t-tests, but their effectiveness cannot be guar-
anteed. Smaller values of the asymptotic t-tests indicate that a coefficient is not statistically signif-
icant. Larger values of the asymptotic t-tests may indicate that a coefficient is statistically
significant, but do not guarantee significance. These tests approach the effectiveness of the stan-
dard t-test as the sample size becomes large. For most of the data sets being used in DRAM and
EMPAL model calibrations, the numbers of observations are large enough to make the assumption
that the asymptotic tests are equivalent to the normal tests.
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For a successful calibration of the DRAM model equations, the likelihood criterion should exceed
0.80 for each household type, and the asymptotic t-tests should exceed 20.0 for a majority of the
estimated parameters. |If the likelihood criterion is less than 0.80, then a significant proportion of
the variation in household location cannot be explained by the DRAM model equations. In most
cases, low values of the likelihood criterion suggest that there are errors in the household and land
use data used as inputs to the calibration process.® A low value of a specific asymptotic t-test indi-
cates that the variable associated with that statistic is, given the other variables in the equation,
uncorrelated with household location. This absence of correlation may reflect the actual location
behavior of households, the presence of high correlations amongst the variables in the equation, or
may be due to errorsin the measurement of the variable.

Another aspect of the quality of calibration results can be evaluated by comparing the signs and
magnitudes of the estimated parameters with previous parameter estimations for other metropolitan
regions. In general, we expect the values of the DRAM model parameters to conform to our theo-
retical and empirical knowledge of household location. The value of the travel time parameter, a,
should always be negative, since employed household members are adverse to making long home-
to-work trips, and we expect the probability of a worktrip being made to decline with the length of
the possible trip.” The values of the land use parameters should be positive, although in certain
instances the parameter for vacant land, r, may be close to zero or negative. The household-to-
household parameters measure the attraction or repulsion of households of a particular income
group to high intrazonal concentrations of all other income groups. In general, households are most
strongly attracted to similar (in terms of income) households. So, the household-to-household
parameter for the same income group should usually be the largest (e.g., for low income house-
holds, the household-to-household parameter for low income households should be the largest.)
The remaining household-to-household parameters should be smaller, or even negative, if the two
income groups are very different (e.g., for low income households, the household-to-household
parameter for high income households will usually be negative.)®

The DRAM Data Sets for Detroit, Kansas City and Portland

The Detroit, Kansas City and Portland regions are all quite different in terms of population, growth
and spatial structure. 1n 1990, Detroit was the sixth largest metropolitan area in the United States,
with a population of 4,665,236. The Kansas City and Portland metropolitan regions had popula-
tions of 1,566,280 and 1,477,895, respectively. However, of the three regions, Portland grew the
fastest between 1980 and 1990, with a population growth rate of 13.9%. The population of Kansas
City also increased significantly (9.3%), while the population of Detroit actually decreased (-1.8%).
The aggregate land use for each of the metropolitan regions is summarized in the following table.

6 Low values of the likelihood criterion may also be found if the spatial variation in household location is low.
This problem is especially acute when census tract datais used in the calibration process.

7 |f aTanner function is used as the trip function in the DRAM model equations, then we expect the a parameter
to be positive, and the b parameter to be negative.

8 An example of “good” DRAM calibration results is given in Table 21: DRAM Parameters for the Detroit
Region.
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Table 19. Aggregate Land Uses

Total Land (Acres) Residential Land (Acres) Vacf;;dD‘(inIrZE;’lble
Detroit 3,169,048 ?173;% 2(,223()1/31
Kansas City 1,271,673 (1172150235 ??gg;f)i
Portland: 2,382,789 1(?&)9 ?gf;%

1 A large amount of land in the four counties containing the Portland region is national forest (approx-
imately 130,000 acres). Thisland is not available for development.

In percentage terms, the amounts of vacant developable and residential land in Detroit and Kansas
City aresimilar. For Portland, however, the percentages of residential land and vacant developable
land are quite low.°

Since the measured quantity of residential land in Portland is relatively low, the average per zone

residential density in Portland, as is shown in Table 20, is significantly higher than it is in Kansas
City or Detroit.

Table 20. Average Residential Density per Zone

Number of Zones in Average Number of Average Residential

DRAM Data Set Households per Zone Density (HH/Acre)
Detroit 297 5908 3.02
Kansas City 377 1376 2.88
Portland 328 1688 6.14

Many of the zones in the Portland data set show no residential land, even though there are house-
holds present. For this reason, the amount of residential land in each zone was corrected by using
the following procedure:

% In the Portland region, many households reside on agricultural or forest land. For this reason, the amount of
residential land shown in the Table 19 is not completely representative of the amount of land used for residen-
tial purposes.
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1. Compute the residential density for the zone. If the residential density is less than ten house-
holds per acre no correction is made. If the residential density is greater than ten households
per acre go to the next step.

2. If thezoneisurban no correction is made. If the zoneisrural, the amount of residential land is
corrected so that the residential density of the zone is equal to the average density of the sur-
rounding zones. Newly created residential land is taken from agricultural land, so the total
acreage of each zone remains constant.

The low percentage of vacant developable land in the Portland region data set is due to the exist-
ence of a legidlatively defined Urban Growth Boundary. The Urban Growth Boundary prevents
development beyond the urban fringe, effectively limiting the amount of vacant developable land.
It would be avery substantial job to make the appropriate corrections to the data to attempt properly
to represent the existence of the UGB. This task was beyond the scope of the current effort. As
such, no corrections were made to the quantities of vacant developable land in each zone.

The limited amount of vacant developable land in the Portland region implies that the percentages
of developable land developed in each zone will be higher than usual, and more uniform across
zones. As we will see in the calibration results, the limits on developable land in the Portland
region have a significant effect on estimated parameters for vacant land and the percentage of
developable land developed. For Portland, vacant land and the extent of development are not
strongly correlated with household location. (The magnitudes of the parameters for these two vari-
ables are small, and the asymptotic t-tests indicate that many of these parameters may not be statis-
tically different from zero.) This contrasts with the calibration results for Detroit and Kansas City
presented here, as well as with results for the many other urban areas for which DRAM model
parameters have been estimated. For both the Detroit and Kansas City regions, the percentage of
developable land developed is strongly correlated with household location. While for the Detroit
region, the amount of vacant land is also strongly correlated with household location.

Calibration Results for the Standard DRAM Model

The calibration resultsfor Detroit, Kansas City and Portland were quite different from one another.
For Detroit (Table 21), good calibration results were obtained for all five household types. The
likelihood criterion measures are al greater than 0.90, and only two parameters have asymptotic t-
testslessthan 20. Furthermore, the signs and magnitudes of most of the DRAM model parameters
are comparable to parameter estimates for other metropolitan regions.
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Table 21. DRAM Parameters for the Detroit Region?
(297-Zone System)

Lower-Middle| Middle |Upper-Middle
Upper Income
Low_Income Income Income Income
Alpha - a -0.6472 -0.8555 -0.9243 -0.9602 -0.9666
P (94.2) (123.0) (149.8) (156.0) (143.8)
Vacant Land 0.0696 0.0669 0.0758 0.0520 0.0228
(74.2) (73.2) (82.6) (55.9) (23.2)
% Develoned 2.8160 2.4294 2.3667 2.1350 1.9343
P (264.5) (249.4) (254.5) (231.7) (196.7)
Residential Land 0.6768 0.7619 0.7760 0.8124 0.8367
(336.9) (332.3) (3119 (309.9) (313.7)
LIHH 3.8114 1.0924 -0.0659 -0.4208 -0.7934
(270.6) (63.9) (3.3) (19.3) (34.6)
LMIHH 1.2372 5.2740 2.1610 0.6044 0.7598
(28.7) (130.7) (54.7) (15.9) (22.4)
MIHH 0.5191 0.3750 3.5443 1.0270 -0.7812
(12.4) (7.73) (68.9) (20.3) (19.0)
UMIHH -1.0677 0.8481 1.9204 5.9217 4.1302
(37.9) (26.2) (54.8) (161.0) (110.9)
UIHH -2.9773 -2.0737 -2.1550 -1.8209 1.9092
(151.7) (108.2) (112.1) (99.1) (131.8)
R2 0.8888 0.8907 0.9006 0.9078 0.8893
Ll ezl 0.9105 0.9013 0.9088 0.9201 0.9254
Criterion - |
£, Tl LEmei 34.36 33.84 34.19 34.43 3401
(minutes)
MAPE 35.61% 30.76% 30.87% 29.21% 37.39%
MAPE (Smallest) 72.02% 60.94% 64.54% 55.03% 79.77%
MAPE (Largest) 17.01% 14.35% 14.07% 15.10% 19.04%

1 Asymptotic t-tests in parentheses.
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For Kansas City (Table 22), calibration of the standard DRAM model was not successful. The
likelihood criterion measures were less than 0.80 for all four household types, and nine parameters

Chapter 2: Land Use Model

had asymptotic t-tests that are less than 20.0. The signs and magnitudes of the land use and house-

hold-to-household parameters are as expected, but the estimated travel time parameter for low
income households is positive. In fact, based on the asymptatic t-tests, for the three lowest income

household groups, the travel time parameters may not be statistically different from zero.

Table 22. DRAM Parameters for the Kansas City Region*

(377-Zone System)

Low/ Upper/
e Middle Middle Ulgpeer
. Income Income
Variable Income Income
T ravel Time - a 0.04 023 -0.10 -0.45
(3.0) (183) (8.0) (31.6)
Vacant Acres 0.02 0.02 0.02 0.04
(19.9) (18.7) (27.6) (40.9)
1.26 0.89 0.89 0.72
0,
20 DI Se] AEED (83.6) (64.0) (67.3) (57.8)
o 0.55 0.58 0.51 0.55
REEIETEL B (182.4) (174.9) (143.6) (144.7)
371 0.46 051 233
0,
Vo L} 2 GBEEL (174.4) (18.9) (17.7) (74.1)
0.96 315 1.97 0.49
0,
2oLl RETEEnE e (16.2) (63.4) (35.9) (10.4)
0.93 133 4.96 116
0,
o U Lo el o (22.4) (28.4) (91.4) (23.0)
116 061 0.53 315
0,
Vo Ul BN (43.0) 237) (20.0) (143.4)
R? 0.53 0.54 0.65 0.70
Likelihood Criterion - 0.56 0.55 0.70 0.79
Average Trip Length 26.6 271 28.4 27.8
(minutes)
MAPE 143.69% 83.01% 70.91% 82.10%
MAPE (Smallest) 510.72% 266.03% 200.57% 241.31%
MAPE (Largest) 26.61% 25.46% 21.83% 26.40%

L Asymptotic t-tests in parentheses.
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For Portland (Table 23), after land use data corrections were made, all of the estimated travel time
parameters were still positive, although two of these parameters may not be statistically different
from zero. The signs of the land use parameters are acceptable, but the magnitudes of the parame-
ters for vacant developable land and the percentage of devel opable land developed are significantly
smaller than the estimates for the Detroit and Kansas City data sets. Acceptable goodness-of-fit is
obtained only for upper income households, for which the likelihood criterion equals 0.8111. For
al of the remaining household types, the likelihood criterion measures are less than 0.80.

Table 23. DRAM Parameters for the Portland Region!
(328-Zone System - Corrected Land Use Data)

Lower-Middle Middle Upper-Middle Upper
Low_Income Income Income Income Income
Aloha - a 0.2508 0.1727 0.1715 0.3331 0.2857
P (24.4) (14.7) (14.3) (29.1) (26.8)
Vacant Land -0.0302 -0.0064 0.0047 -0.0026 0.0259
(22.5) (4.5 (3.2 1.9 (19.9)
% Developed 0.0434 0.1545 0.2761 0.2783 0.4984
P 2.2) (7.5) (13.4) (14.8) (29.8)
Residential Land 0.4428 0.4753 0.4810 0.5262 0.4838
(122.7) (103.2) (94.9) (107.2) (105.6)
LIHH 3.6931 0.6245 0.4689 -0.1798 -1.6935
(134.4) (17.3) (11.7) (4.6) (44.7)
LMIHH 2.1659 8.2862 2.3792 2.0654 1.4939
(31.6) (115.0) (32.3) (30.5) (26.2)
MIHH -0.8297 -0.2511 6.3458 0.5706 0.0012
(10.5) 27 (64.8) (6.5 0.2
UMIHH -1.7073 -0.6726 -0.5645 3.4987 -1.0901
(28.7) 9.2 (7.2 (50.1) (15.8)
UIHH -1.2336 0.1435 0.3642 0.2074 3.5546
(40.5) (4.9 (10.9) (6.7) (144.8)
R2 0.5781 0.6601 0.6507 0.6859 0.7717
Ll ezl 0.6637 0.6747 0.6686 0.7035 0.8111
Criterion - |
A28 0T et 24.3 2521 26.05 27.25 26.58
(minutes)
MAPE 34.97% 31.06% 30.51% 34.12% 40.19%
MAPE (Smallest) 70.25% 62.78% 64.05% 75.84% 89.06%
MAPE (Largest) 23.08% 21.40% 18.71% 18.22% 21.35%

1 Asymptotic t-tests in parentheses.
Table 24 shows, for the purpose of comparison, theinitial calibration results for the Portland region
which were obtained when uncorrected residential land data was used. These results are similar to
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those shown in Table 23. However, the corrections to the residential land data did improve the
goodness-of-fit of the DRAM model equations, and produced larger estimates for the residential
land parameters.

Table 24. DRAM Parameters for the Portland Region!
(328-Zone System - Uncorrected Land Use Data)

Lower- . Upper-
Middle Mt Middle Upper Income
Low_Income Income
Income Income
Alpha - a 0.8094 0.7375 0.7239 0.9350 0.8639
P (81.1) (65.1) (61.9) (83.0) (81.2)
Vacant Land -0.0897 -0.0515 -0.0398 -0.0427 -0.0137
(55.5) (30.5) (23.5) (26.5) (9.0)
% Develoned 0.0354 0.0845 0.2031 0.2703 0.4427
P (L4) (3.3) (8.3) (11.9) (21.4)
Residential Land 0.2351 0.2066 0.1778 0.1922 0.1566
(105.6) (83.3) (75.8) (88.4) (79.1)
LIHH 2.8875 0.1094 -0.4161 -1.0261 -2.6138
(104.7) (3.2) (10.6) (26.8) (71.1)
LMIHH 1.3737 7.6789 2.3742 1.8369 1.2698
(20.3) (107.9) (32.9) (27.8) (22.7)
MIHH -0.7621 0.1871 5.8616 1.5680 -0.2213
(9.6) (2.0) (60.7) (18.2) (3.2)
UMIHH -1.7253 -0.1553 0.1099 3.0458 -1.2888
(29.3) (2.2) (1.4) (45.7) (19.4)
UIHH -1.2973 0.2893 0.4944 0.6186 3.5971
(42.7) (8.9) (14.9) (20.2) (147.0)
R2 0.5841 0.5653 0.4942 0.5277 0.6863
Lilgelllrows 0.6177 0.5706 0.5306 0.5685 0.7360
Criterion - |
£, Tl LEmei 25.42 26.48 27.32 28,53 27.80
(minutes)
MAPE 41.59% 39.44% 38.90% 47.70% 55.55%
MAPE (Smallest) 89.91% 88.10% 86.02% 106.81% 133.66%
MAPE (Largest) 23.38% 23.95% 23.74% 24.38% 26.67%

L Asymptotic t-tests in parentheses.

Onereason for the poor calibration results in Kansas City and Portland is that the data sets for these
regions are spatially disaggregated by census tract. All previous work with EMPAL and DRAM
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has been done with a zone system where the zones are aggregations of census tracts. The conse-
guence of this customary aggregation is to smooth over tract-to- tract variation and thus obtain bet-
ter fits of model to data. The zones used to divide the Detroit data set are aggregations of census
tracts. We will discuss this matter further in the next section.

Spatial Variation: Using Census Tract Data

The DRAM calibration procedure, in fact any statistical estimation procedure, will produce better
goodness-of-fit and parameter estimates when the independent variables of the model are strongly
correlated with the dependent variable (i.e., in DRAM, the numbers of householdsin each zone). A
necessary condition for strong correlation between the independent and dependent variablesis vari-
ation in both types of variables. If the dependent variable is constant, or varies very little from
zone-to-zone, then it will not be correlated with, i.e., will not vary along with, any of the indepen-
dent variables. (Mathematically, the correlation coefficient is undefined if the standard deviation of
the dependent variableis zero.) Asaconsequence, adequate zone-to-zone variation in the numbers
of households is a necessary (but not sufficient) condition for finding statistically significant
parameters that maximize the goodness-of-fit of the DRAM model to any particular urban area data
Set.

In general, the likelihood of finding parameters that maximize goodness-of-fit increases as the vari-
ation in the number of households in each zone increases. Thisis an important consideration when
ametropolitan region is partitioned into zones and datais collected for the number of householdsin
each zone. If the standard deviations of the numbers of households in each zone are low, then the
calibrated DRAM model may not be capable of producing accurate estimates of household location
(i.e., the goodness-of-fit may be low).

Because the zone systems for Kansas City and Portland are defined in terms of individual census
tracts, the variation in the numbers of households per zone in these two regions is relatively low.
Census tracts are defined by the Bureau of the Census so that there are approximately 4,000 people
residing within each tract. This definition minimizes the variance of population across census
tracts, and, as a consequence, reduces the standard deviation of the number of households in each
tract (when compared with other definitions of residential zones). Therefore, using data defined at
the census tract level of geographic detail for calibration of the standard DRAM model may result
in reduced goodness-of-fit. Table 25 summarizes these statistics for the three regions.
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Table 25. Standard Deviation of Households per Zone

Household Type Detroit Kansas City Portland
Low Income 1160.98 243.91 218.94
Low-Middle Income 949.73 238.04 159.30
Middle Income 967.14 n.a 146.37
Upper-Middle Income 1064.90 283.84 175.42
Upper Income 1326.96 386.41 313.97

The spatial variation/goodness-of-fit phenomenon described above is more easily seen in the graph
below, which compares, for each of the three regions, the standard deviations of the numbers of
households in each zone with the likelihood criterion measure obtained in calibration of DRAM for
each household type. Ascan be seenin Figure 6, thereisa

Figure 6. Standard Deviation of Households vs. Likelihood Criterion
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positive relationship between the variation in household location (households per zone) and the
goodness-of -fit of the calibrated DRAM model. This relationship is not a perfect one, but the gen-
eral tendency is quite clear. The household data for Detroit has the greatest zone-to-zone spatial
variation. In terms of goodness-of-fit, the calibration results for Detroit are better than the results
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for either Kansas City or Portland. The household data for Portland has the |east zone-to-zone spa-
tial variation. However, the likelihood criterion measures for Portland are higher than the likeli-
hood criterion measures for Kansas City. Thismay be due to differencesin the spatia structure and
average number of households per zonein Kansas City and Portland, aswell asto other data set dif-
ferences which were not identifiable. Within the two region's household types, it is still true that
thereis a positive relationship between likelihood criterion and the ratio of the standard deviation to
the mean. In general, it seems that it is more difficult to obtain good calibration results for metro-
politan regions with large rural populations and/or small numbers of household in each zone.

Extensions to the Standard DRAM Formulation

The original specification of the DRAM equation structure was couched in terms of changes in
household location from one time period to another.’® Unfortunately, it was not long thereafter that
it became clear that a dynamic model structure, much to be preferred from a theoretical point of
view, was completely impractical when it came to actual agency application of the model. No
agency had, at that time, the requisite time series of data for employment and household location,
land use, and travel times or costs. Without these data resources, it was impossible to estimate the
parameters of a dynamic model structure. Asit wasaprincipal goal of the effort to provide aprac-
tical model for agency use, the formulation was revised to a cross-sectional form. This form
became the standard formulation of DRAM as was shown in equations 1-4.

There are several difficulties with a cross sectional formulation for DRAM. One of these is that
some variables when examined cross-sectionally have exactly the opposite relationship to the
dependent variable that they have when examined longitudinally. Take for example a vacant land
variable. In a cross sectional analysis, one finds that the largest (geographically) zones in most
regions are found at the outer edges of the region. Thisis also where one finds, generally speaking,
the least amount of locating activities. From these two facts, one gets a negative relationship
between a zone's quantity of vacant land and the number of households located in the zone. Yet,
our expectation is that vacant land, all other things being equal, should be a positive factor in a
Zone's attractiveness to residential location. Another instance of this sort of problem can be seenin
the fact that if a zone has 500 low income households, a cross-sectional formulation provides no
information on whether these 500 |ow income households are the remnants of a prior population of
2000, or a substantial increase over a prior population of 100.

In 1994, most agencies were still unable to provide reliable time series data on all the variables nec-
essary for a fully dynamic formulation for DRAM. Yet, with the current availability of the 1990
census results, and with the increased data resources which can be assembled by use of GIS, we
begin to have some data on, at least, prior time periods’ household location. Given this, several
experiments were undertaken as part of this project in an attempt to remedy some of the inherent
difficulties of the standard cross-sectional formulation of DRAM. These experiments are described
in the next sections of this report.

1. Putman, S. “Calibrating a Disaggregated Residential Model - DRAM”, Alternative Frameworks for Analysis,
Batey & Massey, eds. Pion, London 1977.
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Including an Additive Lag Term in the DRAM Model

The most promising approach for improving the DRAM formulation seemed to be in adding a
lagged household variable. There are several waysin which this can be accomplished. The precise
manner in which alag term can be added depends upon what quality of lagged household data are
expected to be available for calibration. |If the lagged household data are only available, or only
reliable, for zonal household totals, then the lag term can only be incorporated as an additional vari-
ablein the model's zonal attractivenessterm. If the lagged data are reliably available by household
type in each zone, then it is possible to include the variable as either aterm in the zonal attractive-
ness, or as a separate additive lag term. The advantage of incorporating an additive lag term is that
the resulting model formulation is quasi-dynamic in form. To include the additive lag term, we
modify the original equation (1) asfollows:

NT. =18 Q) Bf Wicy +(1-1)Nis (5)

it
J

where

N ?’t = households of type n residing in zonei at timet

N :t_l = households of type n residing in zonei at time (t-1)

and
| =anempirically derived parameter

then the standard DRAM model is converted from a purely cross-sectional model into a hybrid
cross-sectional/quasi-dynamic model. In fact, if we rearrange the terms of equation (5), this modi-
fication of the DRAM model produces a“change” model of household location.

DNT =N/ =N/, =1 [é Q? B? Wy C?,j —Nirjt—l} (6)
]

Adding alagged household variable to the DRAM model structure should always improve calibra-
tion results. However, as we will see, the degree of improvement in calibration results depends on
the quality of the lagged household data.

Calibration Results for a DRAM Model with an Additive Lag Term

When an additive lag term isincluded in the DRAM model equations, the likelihood criterion mea-
sures increase for al household typesin all three regions. In terms of goodness-of-fit, the calibra-
tion results for Detroit (Table 27) are nearly “perfect”, since al of the likelihood criterion measures
are close to one. For Kansas City (Table 28), the inclusion of an additive lag term dramatically
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improves goodness-of-fit, and produces negative estimates for all of the travel time parameters.
Unfortunately, similar improvements in the calibration results for the Portland data set do not occur
(Table 29). For three of the five household types in the Portland region, the likelihood criterion
measures remain below 0.80 when an additive lag term is included in the DRAM model structure.
Furthermore, although the magnitudes of the travel time parameters are reduced, they remain posi-
tive, and thus counter intuitive, for all household income groups.

After agood deal of rather careful checking, the lack of improvement in the calibration results for
Portland were shown to stem from inconsistencies between the base year (1990) and lag year
(1985) household data.

Inconsistencies between the Base Year and Lag Year Household Data

Tables 27, 28 and 29 demonstrate the improvements in goodness-of-fit that result when an additive
lag term isincluded in the DRAM model structure. Note, however, the improvementsin goodness-
of-fit are not at all equal for al three regions. Table 26, below, shows the with and without good-
ness-of -fit results for the three regions. The DRAM calibrations for Kansas City show the greatest
increase in goodness-of-fit as aresult of the inclusion of an additive lag term. The improvement in
goodness-of-fit for Detroit is small, but there was not much room for improvement, as the likeli-
hood ratio was aready 0.90 or greater for al five household types. The goodness-of-fit for Port-
land shows significant improvement too, but not by as much as was obtained for Kansas City. Itis
in the examination of why there are these different degrees of improvement, that we discover the
problems with the lagged household data for Portland. The differences between the calibration
results for Kansas City and Portland are due to inconsistencies between the base year and lag year
household data for Portland.

Table 26. j - Goodness-of-Fit (Likelihood Criterion) for DRAM Model

Detroit Kansas City Portland

Household Type

Standard LR Standard L Standard &/ L

Term Term Term

Low Income 0.91 0.99 0.56 0.95 0.66 0.83
Low-Middle Income 0.90 0.99 0.55 0.94 0.67 0.78
Middle Income 0.91 0.99 n.a n.a 0.67 0.75
UIper el 0.92 0.99 0.70 0.95 0.70 0.76
Income
Upper Income 0.93 0.97 0.79 0.96 0.81 0.86

Table 27. DRAM Parameters for the Detroit Region?
(297 Zones, Lagged Households Included in Additive Term)

Lower-Middle| Middle |Upper-Middle

Upper Income
Low_lncome Income Income Income
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Table 27. DRAM Parameters for the Detroit Region?
(297 Zones, Lagged Households Included in Additive Term)

Aloha.- -0.5879 -0.9031 -0.9962 -1.0287 -1.0706

P (32.9) (63.9) (76.5) (82.3) (97.9)

Vacant Land 0.7775 0.2393 0.2682 0.2688 0.1361

(166.7) (92.0) (104.7) (105.5) (72.2)

% Develobed 2.7830 2.4904 2.4007 21872 20175

P (87.5) (108.4) (112.7) (108.8) (122.0)

Residential Land 1.1609 1.0798 1.1498 1.2479 0.9775

(115.6) (145.6) (156.7) (175.4) (194.8)

LIHH 3.7243 1.0346 -0.1580 -0.5477 -0.9573

(33.9) (16.4) (2.2) (7.22) (19.9)

L MIHH 1.2245 5.2300 21228 0.5205 0.6909

(9.3) (51.4) (22.0) (5.9) (11.8)

MIHH 0.5402 0.3889 35514 1.0084 -0.7828

(2.3) (2.9) (28.9) (9.5) (11.8)

UMIHH -1.0293 0.8590 1.9617 5.9825 41931

(7.2) (8.1) (18.5) (60.6) (63.5)

UIHH -2.9274 -2.0178 -2.0738 -1.6645 2.1036

(40.0) (42.7) (45.8) (41.0) (85.5)

Lambda. | 0.0207 0.0996 0.1225 0.1519 0.3119

(23.6) (35.1) (45.5) (60.67) (85.5)

R 0.9870 0.9907 0.9887 0.9863 0.9533

Likelihood 0.9929 0.9919 0.9888 0.9867 0.9678
Criterion - j

358 TS L 48.47 36.33 36.63 36.99 39.28

(minutes)

MAPE 6.35% 6.67% 7.94% 9.19% 17.28%

MAPE (Smallest) 7.13% 0.35% 12.26% 16.55% 30.34%

MAPE (Largest) 5.69% 3.64% 4.00% 5.01% 9.51%

1 Asymptotic t-tests in parentheses.
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Table 28. DRAM Parameters for the Kansas City Region*
(377 Zones, Lagged Households Included in Additive Term)

Low/ Upper/
. e Middle Middle ClgferEly
Variable Income Income
Income Income

Travel Time . a -1.20 165 1165 225
(41.9) (63.1) (62.9) (95.6)

Vacant Acres 0.14 0.18 0.24 0.29
(62.0) (72.9) (83.7) (96.3)
142 0.80 0.20 -0.94

0,

/6 (DR 092 TS (47.4) (28.5) 6.8) (34.3)

o 0.78 0.62 0.42 0.30

RERTSHIEL AT (103.1) (739) (52.8) (48.6)
312 156 241 -5.97

0,

/6 (L] [Heuseirelies (53.9) (18.8) (24.4) (59.6)
1.96 346 167 0.40

0,

/o L ssslelies (16.6) (37.0) (17.9) (5.3)
101 371 5901 1.40

0,

o U Lo el o (16.6) (29.9) (51.4) (17.9)
0.32 212 3.97 6.27

0,

/U] IHieUES o eE (6.0) (41.9) (80.8) (153.9)

Lambda- | 0.14 013 011 0.15
(38.9) (42.5) 42.7) (72.6)

R? 0.95 0.93 0.94 0.93

Likelihood Criterion - 0.95 0.94 0.95 0.96

Average Trip Length 248 247 26.1 25.0

(minutes)

MAPE 22.96% 18.13% 18.94% 23.81%

MAPE (Smallest) 57.47% 40.04% 42.55% 51.70%

MAPE (Largest) 9.11% 9.72% 9.09% 11.64%

L Asymptotic t-tests in parentheses.
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Table 29. DRAM Parameters for the Portland Region!
(328 Zones, Lagged Households Included in Additive Term)

Lower- . .
Low_Income Middle el Uiproer ezl Upper Income
Income Income
Income
Alpha - a 0.3021 0.1926 0.0102 0.3695 0.3842
P (19.1) (12.4) (0.7) (27.9) (3L.4)
Vacant Land -0.0035 0.0079 0.0199 -0.0099 0.0153
.7 (4.2 (10.9) (6.0) (10.2)
% Developed 0.2621 0.2488 0.2843 0.2546 0.4575
P (9.0) (9.1) (10.7) (11.3) (23.6)
Residential Land 0.6440 0.5421 0.4942 0.5570 0.5020
(107.3) (88.5) (80.0) (96.0) (93.7)
LIHH 3.9512 0.6111 0.7340 0.0065 -1.8817
(92.5) (12.5) (14.7) (0.2) (42.0)
LMIHH 2.1651 10.5176 2.9120 2.5187 1.6670
(21.6) (111.7) (31.3) (30.9) (25.2)
MIHH -0.9602 -1.2974 8.1446 0.8700 0.6508
(7.9) (10.4) (65.1) (8.3) (7.8)
UMIHH -1.7641 -0.0372 -0.7759 45443 -0.2315
(19.2) (0.9) (8.0) (56.5) (2.9)
UIHH -1.2722 0.3356 0.3106 -0.1936 3.6450
(29.9) (7.8) (7.2) (5.1) (126.1)
Lambda - | 0.4381 0.5888 0.6437 0.7176 0.7397
(76.1) (82.4) (86.9) (119.3) (165.3)
R2 0.8162 0.7802 0.7295 0.7475 0.8361
Ll ezl 0.8283 0.7842 0.7463 0.759 0.8578
Criterion - |
£, Tl LEmei 25,05 25.37 2533 27.39 27.08
(minutes)
MAPE 25.45% 26.61% 25.55% 28.79% 35.10%
MAPE (Smallest) 52.34% 57.90% 51.65% 63.30% 73.76%
MAPE (Largest) 13.20% 16.72% 17.24% 16.21% 19.53%

1 Asymptotic t-tests in parentheses.
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Figure 7. DRAM Model with Additive Lag Term
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Correlation between Base Year and Lag Year Household
Data

The degree of correlation between the base year and lag year household data is a prime determinant
of the goodness-of-fit for the form of the DRAM model with an additive lag term. If household
location remained relatively stable during the five year period between the base year and the lag
year, then the correlation between the base year and lag year household data should be very high.
This is the case for Detroit and Kansas City. For Kansas City, the correlation between the total
number of households per zone in the base year and the lag year is 0.95, while for Detroit this cor-
relation is 0.98. For Portland, the correlations between the 1980, 1985 and 1990 household data are
shown in the following table:

Table 30. Pearson Correlations for Portland Household Data

1980 1985 1990
1980 1.00 * *
1985 0.98 1.00 *
1990 0.77 0.81 1.00

The relatively low correlation in the base year and lag year household data for Portland is partly a
result of the relatively rapid growth from 1985 to 1990. However, the principal cause is a set of
inconsistencies in the 1985 household data.
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If we compare the 1990 and 1985 census tract household data for Portland, there are 89 tracts
(27.1% of the total number of zones) in which the total number of households increased or
decreased by more than 20%. While it is possible for the number of householdsin a single zone to
change by this amount over afive year period, it is unlikely that so many zones would undergo such
rapid change. In Kansas City, 77 zones (20.4%) grew or declined by more than 20%, while in
Detroit 44 zones (14.8%) changed by more than 20%.

If we plot the number of households in each zone for the base year against the number of house-
holds in each zone for the lag year, then we can quickly identify zones for which there may be
errorsin either the base year or lag year household data. Zones with potential errors in the house-
hold data will appear farther from the line representing the average per zone growth rate. Note the
relatively tight clustering of the points for Kansas City in Figure 8, below.

Figure 8. Comparison of 1980 and 1985 Household Data (Kansas City)
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The greater dispersion of points in Figure 9 for Portland illustrates the relatively low correlation
between the base year and the lag year household data.

Figure 9. Comparison of 1985 and 1990 Household Data (Portland)
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The 1985 household data for Portland were calculated by interpolating between 1980 and 1990
data. The 1980 household data, however, were defined for 1980 census tracts, while the 1990 data
were defined for 1990 census tracts. In order to make the interpolation between 1980 and 1990
data, the 1980 household data were reapportioned to 1990 census tracts on a simple acreage basis.
Unfortunately, this reapportionment of 1980 households to 1990 tracts was not accurate. Of the 89
zones which grew or declined by more than 20%, 42 are zones which only exist as 1990 tracts (i.e.,
they are tractsthat are divisions of 1980 tracts). The numbers of householdsin many of these zones
probably did not really change by more than 20% between 1985 and 1990.

The reapportionment of 1980 households to 1990 census tracts reduces the accuracy of the interpo-
lated estimates of 1985 household location. In addition, even after the problems of the interpolation
of the total households by tract, the data were then disaggregated by income group, more or less by
assuming a regionwide household income distribution. Further inaccuracies were obviously intro-
duced to the 1985 data by this step of the process. As aresult, the 1985 household data are not
strongly correlated with the 1990 household data, and the calibration results for Portland, even with
the inclusion of an additive lag term, are unsatisfactory when compared to the results obtained for a
similar model configuration for Detroit or Kansas City.

Including a Multiplicative Lag Term in the DRAM Model
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An alternative method for incorporating information about past household location into the DRAM
model structure isto include a multiplicative lag term in the residential attractiveness function. An
advantage of selecting this approach is that it is not necessary to use the lagged households disag-
gregated by type. The disadvantage isthat the quasi-dynamic model structure isno longer possible.
In the case of Portland there was reason to believe that while the lagged total households by zone
were not as good data as one would like, the same data when disaggregated by income group within
zones were very poor indeed. It was hoped that by aggregating the households by zone, someinfor-
mation would still be included on the prior “size” of the zone, while reducing the “noise” in the data
due to difficult estimation. The resulting form of the equation is as follows:

bl
n v q' S t" ~ n ng
W = (L)) (L) TNT ) o{gﬁwi/éwig } (@)
n n
where
N = total householdsresiding in zonei at time (t - 1), and

i,t—1
t" =an empirically derived parameter.

When a multiplicative lag term is included in the DRAM model equations, successful calibration
results are obtained for the Portland data set (see Table 31).1* The likelihood criterion measures
exceed 0.80 for four of the household types, and most of the estimated parameters have asymptotic
t-tests that are greater than 20.0. More importantly, negative estimates of b are obtained for al five
household types; the expected result, verifying that households are adverse to long home-to-work
trips. Similar results were obtained for Kansas City calibration using the extended multiplicative
version of DRAM in equation (7), but the improvement over the results obtained for the extended
additive version were insignificant. Thisisundoubtedly due to the fact that the Kansas City lagged
household data were of somewhat better quality than that for Portland.

1. For these calibrations, the Tanner function is used as the trip function. A power function was used for all of
the other calibration experiments. The Tanner function is defined as. ¢ iaj exp(bc; i ) . For many metropoli-

tan regions, the Tanner function more accurately represents observed trip distributions.
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Table 31. DRAM Parameters for the Portland Region!
(328 Zones, Lagged Households Included in Potential Term)

Lower- . Upper-
Middle | Middle | ridle Ulpjeeer
Low_Income Income Income
Income Income
Aloha - & 1.0591 0.9196 0.8589 1.0832 0.9930
P (98.1) (75.1) (68.1) (87.9) (86.4)
Beta- b -0.3331 02895 | -0.2707 -0.3273 -0.3110
(76.2) (60.5) (56.1) (70.3) (69.8)
Vacant Land -0.0112 -0.0042 0.0032 0.0024 0.0291
(8.5) (3.0) 2.2) (1.7) (22.7)
% Develoned 0.0403 0.0470 0.1123 0.1767 0.4183
P 2.1) (2.3) (5.5) (9.5) (25.3)
Residential Land 0.1286 0.2089 0.2616 0.2895 0.2319
(35.6) (45.1) (51.2) (58.2) (50.1)
0.7595 0.6061 0.5296 0.4620 0.5277
EEgeel ToUE] FSUEHTEES | (74.5) (64.2) (63.0) (75.9)
LK 3.6893 0.1871 0.2550 -0.6015 -2.0369
(133.9) (5.2) (6.4) (15.3) (53.9)
L MIHH 2.0011 8.0098 2.2469 1.6370 1.2084
(29.3) (111.6) (30.5) (23.9) (21.2)
MIHH -0.4355 -0.2491 6.3917 0.2159 0.1733
(5.5) (2.6) (65.0) (2.4) (2.4)
UMIHH -0.7499 03713 | -0.3284 4.5480 -0.5039
(12.4) (5.0) (4.2) (59.3) (7.0)
UIHH -0.8972 0.2416 0.4639 0.0122 3.6879
(29.0) (7.4) (13.8) (0.4) (149.5)
R 0.8432 0.8227 0.7814 0.7738 0.8410
Likelihood 0.8418 08165 | 07912 0.8064 0.8670
Criterion
358 TS L 24,62 25,57 26.32 27.27 26.64
(minutes)
MAPE 22.08% 19.92% | 2053% | 20.83% 26.43%
MAPE (Smallest) 43.21% 37.62% | 37.99% | 3571% 50.12%
MAPE (Largest) 11.80% 14.32% 15.12% 15.64% 16.52%

1 Asymptotic t-tests in parentheses.
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Spatial Aggregation Tests for Portland

There are two factors that are responsible for the poor calibration results for Portland when a multi-
plicative lag term is not used in the DRAM model equations: 1) relatively low spatial variation in
the base year household data, and 2) inconsistencies between the base year and lag year household
data. When the 328-zone Portland data set is aggregated to 100 zones, these factors are mitigated,
and good calibration results can be obtained for both the standard DRAM model and an extended
DRAM model with an additive lag term. In part, thisis because the aggregation procedure for Port-
land, as distinct from the census tract definitions, does not create zones of equal size (in terms of
numbers of households). The spatial aggregation of the household data increases the amount of
zone-to-zone spatial variation in household location for al income groups. The extent of this
aggregation effect can be seen in the following table.

Table 32. Standard Deviation of Households per Zone

ARl 12 (fo%r.tiiﬁ‘is) (32%3?229
Low Income 1345.50 218.94
Low-Middle Income 1024.32 159.30
Middle Income 866.36 146.37
Upper-Middle Income 889.72 175.42
Upper Income 1121.63 313.97

Spatial aggregation aso reduces the inconsistency between the 1985 household data and the 1990
household data. This is because the aggregation of census tracts eliminates many of the inconsis-
tencies created when the 1980 household data (which is used to interpolate 1985 household data) is
reapportioned to 1990 zones. If a 1980 census tract was split into two or more 1990 census tracts,
the reapportionment of 1980 households at the 328-zone level of spatial disaggregation was likely
to be inaccurate. However, if al of the tracts produced by a census tract split are contained within
one zone at the 100-zone level of spatial disaggregation, then the split has no effect on the consis-
tency of the household data.

The improved consistency of the 100-zone household data is apparent if we compare the correla-
tions between the 1985 and 1990 household data for both the 328-zone and the 100-zone data sets.

Table 33. Correlation between 1985 Households per Zone and 1990 Households per
Zone

Household Type Portland (100-Zones) Portland (328-Zones)
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Table 33. Correlation between 1985 Households per Zone and 1990 Households per

Zone
Low Income 0.98 0.87
Low-Middle Income 0.97 0.75
Middle Income 0.95 0.70
Upper-Middle Income 0.92 0.67
Upper Income 0.89 0.78

Since spatial aggregation mitigates the errors that were present in the 328-zone data set, it is not
surprising that the calibration results for the 100-zone Portland data set are similar to those for the
297-zone Detroit data set. Note, too, that these results at the 100 zone level of detail are substan-
tially improved over the previous ones. For the standard DRAM calibration (Table 34), al of the
likelihood criterion measures are greater than 0.90. Twenty-three of the estimated parameters,
however, have asymptotic t-tests | ess than 20.0, which indicates that some of the parameters cannot
be precisely estimated, i.e., they are probably not statistically significant. The signs and magni-
tudes of the majority of the estimated parameters are consistent with previous calibration results for
other metropolitan regions. It isespecially important to note that the estimated travel time parame-
ters are properly negative for all household types.
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Table 34. DRAM Parameters for the Portland Region
(100-Zone System)*

Lower- . Upper-
Middle el Middle Uyzer
Low_Income Income Income
Income Income
Ao a 20.3423 -0.2408 -0.2345 -0.1260 -0.2293
P (28.3) (18.2) (18.0) (10.3) (20.7)
Vacant Land -0.0961 20,0904 -0.0819 -0.0708 -0.0598
(43.2) (38.5) (34.5) (32.0) (29.4)
S 0.1284 0.0920 0.0793 01732 0.2101
6.2) 4.3) 3.7) 8.7) (11.9)
~esidential Land 0.7130 0.7448 0.7430 0.7400 0.7039
(196.9) (178.4) (177.2) (189.4) (202.1)
e 52822 14374 1.3097 0.6739 -0.4364
(136.1) (31.0) (26.6) (14.2) (10.1)
L MIHH 0.2971 7.3024 1.4530 1.0058 0.1063
3.0) (71.0) (13.9) (11.4) (13)
MiHH 12,0328 11,0638 4.8754 -0.8822 -1.3267
(25.3) (14.8) (36.2) (7.2) (13.1)
OMIHH 11.2799 -0.4346 -0.3648 4.0672 -1.3890
(15.2) (4.9) (3.6) (42.6) (15.6)
IbH -1.8071 202714 -0.0783 -0.3601 31583
(46.0) 6.7) (19) (9.4) (100.3)
R 0.9375 0.9343 0.9224 0.8974 0.8834
Likelihood 0.9322 0.9273 0.9113 0.8912 0.8806
Criterion - |
Avg. Trip Length 22,69 24.03 24.80 25.86 25,06
(minutes)
MAPE 30.41% 29.39% 29.87% 30.35% 33.85%
MAPE (Smallest) 49.02% 57.27% 53.45% 58.71% 63.38%
MAPE (Largest) 17.60% 14.87% 12.50% 12.24% 15.02%

L Asymptotic t-tests in parentheses.

The 100 zone Portland calibration results for the extended DRAM model with an additive lag term
(Table 35) are similar to the results for the standard DRAM model. The goodness-of-fit, as mea-
sured by the likelihood criterion, is dlightly improved for al household types. The estimated
parameters and their associated t-tests are nearly the same as those for the standard DRAM model.
The mean absolute percent error (MAPE) measures of the estimates are significantly reduced how-
ever, implying that forecast from this extended version of the model will be substantially morereli-
able.
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Table 35. DRAM Parameters for the Portland Region!
(100-Zone System with Additive Lag Term)

Lower- . Upper-
Middle ele Middle Ulgpeer
Low Income Income Income
Income Income
e -0.1253 -0.3541 -0.5704 -0.1119 -0.1193
P (6.1) (16.7) (27.3) (6.9) (8.6)
N -0.0364 -0.0564 -0.0976 -0.0820 -0.0742
(9.9) (15.9) (27.2) (26.8) (29.3)
% Developed 0.3099 0.0934 0.0452 0.0792 0.0379
(9.4) (2.9) (1.4) (2.9) (1.7)
e 0.8404 0.7871 0.7120 0.7865 0.7467
(132.1) (122.5) (114.1) (144.7) (170.4)
LIHH 5.0400 1.3285 1.4755 0.8109 -0.7901
(78.3) (19.4) (21.2) (12.2) (13.7)
L MIHH 0.1869 7.5286 1.6261 0.9485 -0.0265
(1.2) (49.5) (10.5) (7.0) (0.3)
MIHH 2.9422 -1.9428 5.1073 -0.4528 -0.7261
(15.3) (9.8) (25.6) (2.6) (5.7)
UMIHH -1.2764 -0.4221 -0.3976 6.5993 0.2549
(9.1) (3.0) (2.8) (52.0) (2.2)
UIHH -1.4545 -0.3587 -0.5638 -1.4012 2.9239
(25.4) (6.0) (9.1) (25.5) (72.3)
PR 0.3624 0.4529 0.4719 0.5403 0.6223
(51.2) (47.8) (54.5) (71.2) (108.9)
R 0.9839 0.9676 0.9564 0.9405 0.9217
Likelihood 0.9765 0.9548 0.9521 0.9322 0.9243
Criterion
Avg. Trip Length 23.77 23,55 22,98 25.97 25.75
(minutes)
MAPE 17.03% 19.37% 20.39% 22.54% 28.61%
MAPE (Smallest) 26.93% 39.31% 34.90% 44.66% 59.78%
MAPE (Largest) 7.53% 11.25% 9.39% 9.52% 13.46%

1 Asymptotic t-tests in parentheses.
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Including Land Value as a Variable in the DRAM Model

It has long been thought that models of household location could be improved in their performance
if it were possible to include some aspect of the urban/regional land market in their formulations.
For the 100-zone Portland data set, estimates of total residential land value for each zone were
available. It was hoped that the inclusion of aland value variable in the DRAM model equations
would improve goodness-of-fit. Werethisto bethe case, then it would ultimately become necessary
to develop amethod for updating this variable for recursive forecasting, but in any case the potential
for improving model performance with the introduction of aland market representation would have
been examined. Unfortunately, as Table 36 shows, used as an additional attractivenessvariablein a
test of an extended version of DRAM, residential land value is not a statistically significant
determinant of the location of low income households. (Because of the insignificant results for low
income households, experiments with other household types were not performed.)

The calibration results for an extended model with aresidential land value variable are nearly iden-
tical to the results for the standard DRAM model. Furthermore, the estimated parameter for resi-
dential land value may not be statistically different from zero, since its asymptotic t-test is only
11.0.

In the few other tests which have been done involving the use of land value variablesin the DRAM
formulation, similar results have been obtained. Here the insignificance of the estimated residential
land value parameter may be due to inaccuracies in the land value data for the Portland region. On
the other hand, it may well be that since DRAM already uses the income distribution of households
in a zone as a part of its constructed attractiveness measure, that the land value is aready rather
well represented. Income distribution of residents is known to be rather highly correlated with land
values. If however it is of importance to a prospective model user to have estimates of house value
or land value, then a substantial investigation will be necessary to determine whether it can be done
in this model framework. This examination falls beyond the scope of work for the current study.
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Table 36. DRAM Parameters for the Portland Region
(Low Income Households, 100-Zone System, Three Tests)

Standard Additive
Model Lag Term Ll Vel e
Aloha- a -0.3423 -0.1253 -0.2758
P (28.3) (6.) (22.9)
-0.0961 -0.0364 -0.1058
VI (LT (432) (9.9) (47.8)
0.1284 0.3099 0.1139
(o)
/b DeEiopet 6.2) (9.4) (5.5)
o 0.7130 0.8404 0.6984
Residential Land (196.9) (132.1) (192.1)
Residential Land Value per 0.0178
HH (11.0)
LihH 5.2822 5.0400 5.2437
(136.1) (78.3) (135.3)
0.2971 0.1869 0.3161
LMIHH 3.0) (12) 3.2)
12,9328 -2.0422 -2.8874
MIHH (25.3) (15.3) (24.9)
11.2799 11,2764 11,2874
UMIHH (15.2) ©.1) (15.2)
-1.8071 -1.4545 11.8338
UTHH (46.0) (25.4) (46.8)
0.3624
Lambda - | (51.2)
R? 0.9375 0.9839 0.9365
Hielreee! 0.9322 0.9765 0.9327
Criterion - |
T, T el 22,69 23.77 2286
(minutes)
MAPE 30.41% 17.03% 30.52%
MAPE (Smallest) 49.02% 26.93% 50.01%
MAPE (Largest) 17.60% 7.53% 17.95%
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Conclusions

The accuracy of DRAM forecasts of household location depend on the accuracy of the parameter
estimates produced by the calibration procedure. If the goodness-of-fit of an estimated DRAM
model equation is poor, then it is not possible to obtain accurate forecasts of household location. If
individual parameters are imprecisely estimated, then the factors which determine household loca-
tion may be misidentified.

For the Detroit region, very good calibration results are obtained for the standard DRAM model
and an extended DRAM model that includes an additive lag term. The calibration procedures for
each of these models produced excellent goodness-of-fit and precise parameter estimates. There-
fore, either one of these model specifications could be used for forecasting household location.

For the Kansas City and Portland regions, the calibration procedures are unsuccessful for the stan-
dard formulation of the DRAM model. For both regions, the goodness-of-fit statistics (Rz and the
likelihood criterion j ) indicate accurate forecasts of household location cannot be made with the
standard model. Of more concern, however, are the signs and asymptotic t-test statistics of the
travel time parameters. For the standard DRAM formulation at the 328 census tract level of detail,
al of the estimated travel time parameters for Portland are positive. One of the estimated travel
time parameters for Kansas City is positive, while another may not be statistically significantly dif-
ferent from zero. These estimates are contrary to our theoretical and empirical knowledge of the
location decisions of households, as they imply that households prefer longer home-to-work trips.
Obviously calibrations which yield such results are not acceptable.

If an additive lag term isincluded in an extended version of the DRAM model equations, then very
good calibration results are obtained for the Kansas City data set. If a multiplicative lag term is
incorporated into the DRAM model structure, along with a Tanner function to measure travel deter-
rence, then good calibration results are obtained for the Portland and Kansas City data sets. These
formulations of DRAM should produce accurate forecasts of household location.

Successful calibrations for the Portland region are also obtained when the 328-zone data set is spa-
tially aggregated to 100 zones, for both the standard DRAM model and an extended model with an
additive lag term. The most accurate forecasts of household location should be produced by either
of these two formulations when the 100-zone Portland data set is used.

It should be recaled that similar results were obtained for the employment location model
(EMPAL), and were described in the first part of this chapter.
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