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A reliable method for predicting paratransit ridership is important, espe- cation of such an analysis is identification of the cQ c@ ;evels

cially for the efficiency of the services offered. The commonly used aggre- of trip origins and destinations so that planners galya e more
gate regression model is most accurate for forecasting the total demand available resources to timely collect and distri @; atrons (such
for regional areas such as whole counties or cities; however, it is likely to as drivers and vehicles) around the high-de &as during peak
be geographically inaccurate. This paper proposes a geographical weight hours. In addition, service providers can ehicle schedules
regression (GWR) model for predicting the demand for the types of para- and routes more &asily by considering atial and time cluster-
transit services required by the Americans with Disabilities Act. The GWR ing effects. T! ity to predict thg @ and locations of potential
model reflects better the characteristic of each area having its own coef- patrons is, service p 9,0 €

ficient for predictors rather than the same value throughout. The results Am e procesgiagidey d forecasting the times and
show that trip demand increased proportionately to (a) the population i thgyclusteriflo mean passenger wait times and

size, (b) the ratio of senior citizens, (c) the ratio of people below the poverty
line, and (d) the ratio of African-American riders. These results suggest

that the predictive performance of the GWR model is better than th\ in waiting areas in high-demand locations.

ering assistag

Two major are used for calculating the demand estima-
tions for a giveMuedion: aggregate models and disaggregate models.
Aggre odels such as regression models are estimated with sin-
gl e MValues for variables distributed across an entire service
anga; 1s no guarantee that the predicted effects will be the same

. e . @—\e entire area. This means, for example, that the population
T_he Amencan_s W'th. Disabilities Act (ADA) requir ible might be an important predictor of demand volumes in some
vide paratr.ar.lsn SEIVICES, complementary to the cations of the study but perhaps a weak predictor in other locations.
who_are eligible. Slqce the ADAwas passed Some researchers have used other methods to predict ADA para-
has iner eased steadily. Although_par transit demands. An example of applying a time series analysis was
maximize loads by accommodat proposed by Menninger-Mayeda et al. (2). Time series analysis is
useful for explaining changes in demand that depend on days of the
week or seasons of the year. The model used by Menninger-Mayeda
et al. included 15 predictor variables used to predict the ridership
in Orange County, California. Denson used a survey questionnaire
to investigate and examine the existing transportation patterns of
people receiving dialysis treatments (3). This approach usually is
expensive and cannot predict demand over time.

Koffman and Lewis used four tools consecutively to forecast the
demand for ADA paratransit services: surveys, intuitive comparisons
with other systems, cross-sectional econometric analyses, and time
series econometric analyses (4). Their study showed denial rates to
be an important predictor, along with fares and other factors. It was
shown that existing research can predict the amount of demand over
a certain period, but such research lacks the ability to capture or fore-
cast geographic demand patterns within a given service area and over
time. In similar research about building ordinary least squares (OLS)

providers % impPove service quality by adding facilities

of the ordinary least squares (OLS) regression model. The GWR model
is of greater value than the OLS model to researchers and practitiogr:
because the predictor variables are readily available from census it
availability of data allows researchers to use the model after caf

ove the service efficiency
the demand number is the
ring peak hours affect the num-
ing to trip patterns and service
may be categorized as many-to-one,

Zachry Department of Civil Engineering, Texas ASM University, TAMU 3136, regression moqels to predict t.rips for paratransit S?rVicesa LaMondia
College Station, TX 77843-3136. Corresponding author: C.-W. Shen, chungwei@ and Bhat mentioned that the impacts of some variables vary greatly
tamu.edu. depending on the spatial scale (5). Their research implied that the

) , effects of the same factors may have both positive and negative influ-
Transportation Research Record: Journal of the Transportation Research Board, diff t tracks. Thi lusion iustifies th ti
No. 2352, Transportation Research Board of the National Academies, \Washington, ence_s 9” ITIerent census tracks. 'S_ conc u_5|0njus ! |e_s € notion
D.C., 2013, pp. 146-154. that it is reasonable to use geographical weight regression (GWR)
DOI: 10.3141/2352-17 models in this type of research.
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To the authors’ knowledge, no studies have thoroughly investi-
gated the effects of spatial distributions on ADA demand forecasting.
Moreover, the presented GWR model provides an excellent estima-
tion of the trip demands in each zone base with simple but represen-
tative independent variables (population and percentage of senior
citizens, African-Americans, and people below the poverty line).
Service providers or agencies could use this model as a strategic tool
for evaluating the growth trends of demand in each zone.

This paper models the geospatial patterns of ADA paratransit
services. A GWR model is developed that has a superior ability to
accommodate geospatial effects, as compared with OLS regres-
sion models. The paper is structured as follows. First, the data and
methodology are introduced. Then, the results of application of the
proposed methods are discussed. Finally, conclusions and possible
topics for future research are provided.

DATA AND METHOD

This section summarizes the data used to model and predict travel
demand. The steps in identifying trip patterns and in fitting models
are outlined.

The trip data for the analysis were obtained from METROLIft,
the ADA paratransit service for Houston, Texas. The data contained
information regarding 110,587 ADA paratransit trips occurring in
1 month, from June 1 to June 30, 2012. The data set included six
variables or record columns: pickup addresses, dates, pickup times,

pickup and drop-off addresses. The average numbers of trips m
during weekdays and weekends were 4,522 and 1,737, respecti

The road shape file and the 2010 census data material w
downloaded from the Bureau of the Census website. Q
Before the generation model was fit, the demand w. for
a clustering effect over the service area. This clustggi ave the
concentration degree of the demand pattern. T @y where t
high demand areas were needed to be identifi s théresults shd:
it was found that the clustering effects a predictiye agCu-
racy of the simple OLS model. Thgs€Spatidl igleractions andia
k)

tion effects on the OLS model ognized by’l_a
d was used; the nces
ion.

user I1Ds, drop-off addresses, and triangulated distances between t\
|

Bhat (5). Therefore, the GWR metf

of the OLS and GWR mode|gsare compared ing#e n8
The method used carig ed into thre n) check the
data cluster index, (b)fefine 0t spots gor ADANGPS, and (c) fit

trip generation m )%LS and . The formulations and
characteristics of p are presgnted iMghe following sections.
Avera & st Neigh é

ra est neighbor N) Is a nearest neighbor index based
erage digtemeg from ®ach point to the nearest neighboring
paint. Equation % e calculation for the ANN:
ANN = 1
5 \/E @
n
where

d = average nearest neighbor distance,
4 = average random distance,
A = area of the study region, and

n = number of points.
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If the ANN is less than 1, the data contain clustered points. If the
index is greater than 1, the data contain dispersive points. However,
the ANN value can be interpreted only when the Z-value is signifi-
cant. In other words, if the Z-value is not significant, the ANN value
is meaningless.

Kernel Density and Spider Graph

Kernel density mapping is one of the most common methods used to
define spatial hot spots for count data (such as the number of crimes
or crashes), because kernel density mapping details both sm

and continuous probability targets within a given study area
premise is to calculate the probability density of each trip €hd p
is

instead of showing the actual value of each point. The den
highest when the distance from the trip end point iSyzer, thglensity
value decreases when the distance increases. Equ IVEs the cal-

culation of the quartic kernel density functio rcGIS; more
details are available elsewhere (7). b

\
@Q 2

ue at location u,

-3 2 )

Whero

K@) = kernel density

= distancesfirom the trip end point, and
T = ban N
In addition t tifying spatial hot spots, a spider graph can iden-

tify te hot spots. Unlike a normal frequency figure that has time
in island frequency in the y-axis, a spider graph connects the

begirming and the end times, and the time axis then acts as a circle.
hiSwircle makes examination of the complete time distribution much

i€r because there is no interruption. Readers of such a graph can
asily answer the problem, “How long is a hot spot ‘hot’?” (8, p. 114).
Itis important that identification of hot spots considers the various
time distributions of ADA trips, because the temporal distribution of
ADA trips may relate to specific characteristics of passengers’ daily
activities. Concluding that the time distributions of ADA trips are the
same for different hours of the day or different days of week would be
simplistic and would result in no recordable temporal effects.

GWR and OLS Models

Most current models for generating and forecasting ADA paratransit
trip demand are OLS models. Two assumptions are commonly made
in the application of OLS models: (a) observations should be inde-
pendent of one another and (b) error terms should be random noise.
Such assumptions may be impractical for an ADA regression model;
LaMondia and Bhat showed that spatial interactions exist in OLS
models (5). The results of the present study support this finding, as
discussed in the following section. If such interactions are neglected,
the estimate of the parameters will be inefficient and biased, because
the standard errors will be overestimated (9). This paper proposes
use of the GWR model to fit the demand data if any spatial relation-
ships among the adjusted areas are found. Equations 3 and 4 are
the simplest forms of the OLS and GWR models. Details of GWR
are available elsewhere (10-12). The main difference between these
two models is that the parameters of the GWR model change from
area to area, but the parameters of the OLS model are fixed for the
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entire study area. That is, in some areas the influence of independent
variables may be much stronger than in other areas.

Y =Bo+ BuXy + BaXoi + -+ BrXei + € ©)]
Yi (U) = B (U) + By (U) Xy + By (U) Xoi + - -+ + B (U) Xy (4)
where

y; = ADA paratransit trips in census tract i;
X, - - - » Xmi = independent variables;
Bo, . . ., Pm = parameters in OLS models, which are esti-
mated with B= (X"X)™* Xy,
X' = transpose of X, which is vector of x;
Boi(u), . . ., Brmi(u) = parameters in location u in GWR models
Bu) = (X'W(W)X)™ X"W(u)y;
W(u) = weight matrix relative to location u, W(u) =
(1 = (d(uyny’);
d,(u) = distance between census tract i and location u;
h = bandwidth; and
€ = error term.

For model diagnostics in this study, two common indexes were
used: the R? value and the Akaike information criterion (AIC). The
R? value measures the ratio of the variation in the dependent vari-
able, which was accounted for by the variation in the model and the
possible values ranging from 0 to 1. When the R value is closer

AIC is another common measure used to compare models having
the same independent variable. Models with a lower AIC valugfarg

preferable to models with a higher AIC value. AIC combin@
m

to 1, the corresponding model has a better predictive performanC\

for the model likelihood and a penalty for the number

O

parameters. This penalty prevents overfitting.
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days and weekends revealed two significant conclusions: (a) during
weekdays, the pickup and drop-off locations of the ADA trips were
clustered, and the drop-off locations in the morning and the pickup
locations in the afternoon (the attractions) were more concentrated
than the pickup locations in the morning and the drop-off locations
in the afternoon (the productions); (b) during weekends, the pickup
and drop-off locations of the ADA trips were still clustered, but the
pickups were more concentrated than the drop-offs.

Kernel Maps

For a better understanding of the spatial-temporal characteri @
the ADA paratransit trips in the Houston area, kernel dens@ﬁ
were created for the data covering five periods: midnight tO:0@sa¢fm.,
6:00 to 9:00 a.m., 9:00 a.m. to 2:00 p.m., 2:00 Q0 piw., and
5:00 p.m. to midnight. Figures 1 and 2 show the ehdensity maps
for the ADA paratransit trip data obtained frogasycekd

ends, respectively. The hot spots are easily @ d by their colors.
e maps represent

Warm colors (yellows, oranges, and broWins)
hot spots. The Jocations of these hot uite different between
weekdays ds.

The re 0 that du ekgays, in the morning peak
hoursgtfieNg s of th tri re spread out across the whole
ere concentrated around the central

hospifal area. The pigkup drop-off locations in the morning peak

ere inverseQ)se in the afternoon peak hours. Further analy-

sis of the time gAtSpatial patterns showed that many of the area’s trips

were round-triough direct information about the characteristics
d

of origwr estinations is lacking in the data, it has been found that

ne| ons of paratransit services begin their trips from their
h & us, the ADA outgoing home trips generated were related
to racteristics of the local residents. Obtained from the census

e characteristics of the local residents in each tract (income,

RESULTS OQge, population, race, education level) can be considered predictors.

The results described here are divided

i % parts: (a) &\
@ examine the clusgempa
how the hot spots change o

generation models that (g
ADA trips for each cengif tract®@afea.

Cluster

The firs to use the to define the cluster pattern

forth a. Table NN value and the Z-value. The
Wi ustered when ANN value was less than 1, and the

as usedg@ eVvajuate the ANN value’s statistical significance.
A®omparison 0 @ rs in the morning and afternoon for week-

On weekends, the distribution of pickup and drop-off locations
looked different. In the early morning (midnight to 6:00 a.m.), the
trend was similar to weekday trends. However, the patterns of hot
spots changed in later hours: the pickup and drop-off locations in the
morning peak hours were not exactly the inverse of the afternoon peak
hours. Also, the drop-off hot spots were more spread out and were not
only around the central medical area. This result was determined to be
reasonable because most public medical centers, social worker insti-
tutes, and government offices are closed on weekends. In addition, the
hot spots of drop-off trips were closer to pharmacies or community-
based clinics (on Saturdays) and churches (on Sundays). Peak hours
also changed on weekends. Peak hours for return trips shifted 1 or 2 h
earlier. Figure 3 shows spider graphs of the number of trips per hour.
For the distribution of ADA trips, Figure 3a is a spider graph of trip
distributions sampled by time (hour) for weekdays, and Figure 3b is
a spider graph of trip distributions sampled by time for weekends. On

TABLE 1 ANN Values of Pickup and Drop-Off Location Data

Morning Peak (6:00-9:00 a.m.) (ANN, 2) Afternoon Peak (2:00-5:00 p.m.) (ANN, 2)
Pattern Pickup Drop-Off Pickup Drop-Off
Weekday Cluster (0.07, —284) Cluster (0.05, —282) Cluster (0.06, —271) Cluster (0.07, -272)
Weekend Cluster (0.13, —109) Cluster (0.15, —105) Cluster (0.23, -70) Cluster (0.24, -72)
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midnight-6:00 am

6:00 am-9:00 am

9:00 am-2:00 pm

2:00 pm-5:00 pm

5:00 pm-midnight

@

FIGURE 1 Kernel density maps for ADA paratran

midnight-6:00 am

(b) K
s@!a on weekdays:Q:kup and (b) drop-off.

2:00 pm-5:00 pm

5:00 pm-midnight

(@)

(b)

FIGURE 2 Kernel density maps for ADA paratransit trip data on weekends: (a) pickup and (b) drop-off.
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Q? . %’6 @

Q

FIGURE 3 Spider graphs of trip numbers: (a) weekdays per hour, (b) weekends per hour,
(c) Saturday per hour, (d) Sunday per hour, and (e) week per day.
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weekdays, there was a morning peak period from 7:00 to 9:00 a.m. and
an afternoon peak period between 2:00 and 4:00 p.m.; weekends had
no afternoon peaks. When weekends were separated into Saturdays
(Figure 3c) and Sundays (Figure 3d), Saturday showed no obvious
peak period for return trips, and two peak periods were observed for
Sunday (7:00 to 9:00 a.m. and noon to 1:00 p.m.). Figure 3e shows
trip distribution by day. On weekdays, there were 4,000 to 5,000 ADA
trips per day; the average numbers of trips on weekends were 1,500
to 2,000 per day.

The demand estimated from the models represented only the out-
going home-based ADA trips, and it is assumed that there would be
an equal or similar demand for incoming home-based ADA trips (in
the opposite direction). Future research could build on the ADA trip
attraction demand model if researchers have information about the
purposes of various trips.

ADA Trip Generation Models

The previous section showed that the production of ADA trips is
related to the characteristics of local residents, and attractions are
more closely related to locations of hospitals and specific medical
institutions. Because of the availability of data and their easy appli-
cation in future studies, the characteristics of local residents were
chosen as the independent variable and the demand for ADA trip gen-
erations in each census tract was chosen as the dependent variable.
For specific applications, the models can be modified and applied
other regions, because the census data sets are nationwide and ar
routinely updated and maintained. The census data used in this s

were 2010 data, which can be downloaded for free from the B

the Census website. OLS and GWR models were built and paged.
Researchers chose their potential variables according tg=sugdestions

made in previous studies (5, 13). The operational variere not

included in this paper because these variables (f

latent demands. Certain specific variables (gsa
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TABLE 2 OLS Model Specifications

Variable Coefficient t-Value VIF?

Population 0.01 7.2 11

Ratio of seniors 3.86 5.4 1.2

Ratio of people below 100 6.3 13
poverty line

Ratio of African-Americans 185.3 12.7 1.2

Intercept —85.6 -5.9 na

Nortk: na = not applicable. R = .38; AIC = 8,925.
#Variance inflation factor, which measures level of collinearity; a small
number is better. If greater than 7.5, redundancy.

suggested because of its spatial relationship bet\g
areas. The parameters of the GWR model change
but the parameters of the OLS model were fiyeehi

entire study
as .56, and the AIC
e @WR model better fit

R? value, lower AIC

from 8,925 to 8,660.
del because of

this study’s trj
value, and and 5b).

The ch i estgnates for the four variables

d in Table 3. For the population

d coefficient for the GWR model is

ith a standard,deviatign of 0.01. The coefficients range from

% to 0.056, a%e model clearly has heterogeneity within the

Houston area. shows the variations in the coefficient esti-

mates of each tract. Figure 6a shows that the impact of popu-

lation %mo el increases from rural areas to central areas. For

0.01

e population grows by the same amount in each census
a demand generated in central areas will be larger than in

e
fﬁ%
@ . In addition, the global coefficient from the OLS model and

of the coefficients (more than 97%) from the GWR model are

paratransit trips, but few census tracts have negative coefficients. The

al rate, al
fleet size) are commonly used to predict demagllls S rather @ositive, which means that a higher population generates more ADA

level ratio and average household s
among explanatory variables. Two tyj§€
dent variables—all ADA trips apd first Butgoing
fitthe OLS models. Ther@%ﬂ first outd
(about 48% of the tota|@10,5 ;
through 597 census &18 results s

data yields a very

gra

assumpti

resident:
(trips% i
model. The in
an 65), ratio of people below the poverty line,

&
and ratio of Afr % erican individuals. Their coefficients and
t-values arg > ple 2. Other variables were tested but deter-

O
i @ ptistically significant: low education ratio, average
household stag, gfale ratio, and Hispanic ratio.
Althoughth

R value increased from .06 to .38, the residuals in the
OLS models were clustered, not randomly distributed (Figure 4a).
Figure 5a shows the residual values of each census tract area when
an OLS model was used. The red areas are underestimated, and
the blue areas are overestimated. The OLS models tend to under-
estimate around the central areas and overestimate in the outlying
areas. Therefore, use of the GWR maodel to fit these trip data is

a lower educ
bided becau e
ons, or re angi

situation is similar for the other variables (Figure 6, band c), except for
the ratio of African-American riders. Figure 6d shows that the impact
of the ratio of AfricanAmerican riders in the model increases from
downtown to the city’s outskirts. (The direction is reversed for other
variables.) The results show that a larger population, a higher percent-
age of senior citizens, a higher percentage of African-Americans, and
a higher ratio of people below the poverty line all increase ADA trip
demand. However, these variables may have different levels of influ-
ence (and may even be negative) in different census areas. Although
LaMondia and Bhat used a different data set, the R? value for the linear
regression of patron demand generation in their study was .494 (5).
The results for the GWR method proposed in this paper show that a
greater portion of the observed demand variance (an R value of .56)
can be identified with use of fewer variables.

Unlike the conclusions reached by the study presented in this paper,
the research by Koffman et al. highlighted that high levels of poverty
in a service area can significantly depress demand (13). The differ-
ence between these two conclusions can be explained in several ways.
First, the demand data of the two studies are drawn from different
scales. In this research, the model was based on the demand data from
a single city; the model built by Koffman et al. was constructed from
data obtained from several cities across the United States. This implies
that in the regression model the poverty rate suggests opposite effects
on demand within a single city and demand between several cities.
In addition, the independent variables used to construct the regression



FIGURE 4 Spatial autocorrelation reports for (g) OLS model and (b) GWR model.
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N R
FIGURE 5 Residual distributions for (@) OLS model and (b) GWR model. Q

TABLE 3 GWR Model Coefficient Estimates

tandard Parameter Increase

Variable Coefficient i . eviation Direction
Population .086 0.01 Rural to central
Ratio of seniors 3 x ; 7.9 Rural to central
Ratio of people below poverty line @ —1040 89.1 105.8 Rural to central
Ratio of African Americans . 381.3 113.2 Central to rural
NOTE: min. = minimum; max@ {X

Q .\%\

(@ (b)

FIGURE 6 Coefficient estimates of each census tract for independent variables in GWR model: (a) population and (b) ratio of seniors.
(continued on next page)
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line and (d) ratio of African-Americans.

FIGURE 6 (continued]) ~ Coefficient estimates of each census tract for independent variab%WR mode

models were not the same in the two studies. Other possible hidden
factors, such as passenger characteristics, may be the true causal
factors for demand prediction. General conclusions that would
applicable to all cases cannot be made, and further efforts are neede
to investigate this issue.

CONCLUSION QQ

The ADA paratransit service trip distributions s study

O
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<O
ceople below poverty

y @er— ayeda, . B€rger, D. E. Berger, B. McCormick, and
. Boyle. Demand casting and the Americans with Disabilities

t: Orange Co&;(:alifornia, Transportation Authority’s Access Pro-
O

(d
I (

ram. In Tragspomgtion Research Record: Journal of the Transporta-

tion Reseal @ rd? No. 1884, Transportation Research Board of the

National Acagemgres, Washington, D.C., 2004, pp. 55-64.
%R.Amermans with Disabilities Act, Paratransit, and Dialysis.

rtation Research Record 1574, TRB, National Research
lashington, D.C., 1997, pp. 83-96.

3. De
In
an, D., and D. Lewis. Forecasting Demand for Paratransit Required
the Americans with Disabilities Act. In Transportation Research
ecord 1571, TRB, National Research Council, Washington, D.C., 1997,

showed both spatial and time concentration €3 The G
. . . pp. 67-74.
model successfully explained this spatial h enely. 5. LaMondia, J. J., and C. R. Bhat. Development of a Microsimulation

of a comparison of the GWR and OLS mo
model fit the study trip model be S
the lower AIC value, and more ra noise. *

The presented regression model shByed that a |3
higher percentage of ser&r s, a higher
Americans, and a highegtatio ofjpeople belowSe paverty line all
increased ADA trip deﬁje. In comparigons with 8ifier studies, the

model needed fewg aBles but ha -fitting results. Also, the

research prese ould bege® to other study areas
because cgnSu§ datayare easily acge is study could be extended
through & g the dem passenger characteristics

d sex) anehiki acteristics (including trip purpose

(includin
3 actors could be used to improve the
he overall explanation. In addition, the inclu-

deman@ was identified as interactive with pickup times.
aced grodels could help in the management of continuing
increases in déiftand could be used to improve the overall performance
of ADA paratransit services.
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